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Editorial on the Research Topic 


Innovations in Imaging for Early Diagnosis and Monitoring for Patients with Gastrointestinal Cancer



Overview

Medical imaging is an essential tool for risk assessment, early detection, therapeutic decision making and monitoring of abdominal cancers such as liver, pancreas and luminal gastrointestinal cancers. Various CT, PET, MRI and endoscopic techniques have been developed in recent years having an impact on these critical medical disorders.

We proposed this Research Topic to act as a platform for presenting new methods in imaging that can be developed into applicable clinical tools for a variety of tasks in management of gastrointestinal cancers. We posited that new methods development will play an increasingly important role in several aspects of cancer management with the goal of improving outcomes for patients who are at risk or who have one of the gastrointestinal cancers. Furthermore, we anticipate that although the methods described in the papers in this Research Topic are usually applied to one cancer, lessons learned about a method for an individual cancer will likely be applicable to other cancers. For a summary of the papers in this series, we have grouped methods presented around specific diseases for readers to consider further development for the disease; and/or considering development of the method(s) used in management of another cancer whether in the gastrointestinal tract or elsewhere.



Pancreatic Diseases

Several papers in this Research Topic addressed methods for pancreatic diseases. Distinguishing different forms of pancreatic cancer- pancreatic ductal adenocarcinoma (PDAC) and pancreatic neuroendocrine tumors from each other and inflammatory pancreatitis is often challenging. Two papers in this Research Topic address the differential diagnosis of these diseases using; 1. multiparametric mapping [from T1-weighted imaging (T1WI), T2-weighted imaging (T2WI) and apparent diffusion coefficient (ADC)] in defining tissue characteristics showing that the combination of measures can distinguish between the pancreatic disorders (Wang et al.); and using a radiomics approach using T1WI, T2WI during the arterial and portal phases of contrast-enhanced MRI performed better than clinical evaluation of the imaging data (Deng et al.). Other papers used radiomics approaches combined with clinical information to better identify vascular and lymph node involvement in PDAC and predict outcome for the patient (Chen et al., Gao et al., and Cen et al.). Additional papers used CT and contrast enhanced CT (CE-CT) to glean PDAC characteristics that predict outcome (Zaid et al. and Xu et al.). In one of these papers, (Xu et al.) the authors demonstrated that greater contrast enhancement is associated with better patient outcomes while another paper (Zaid et al.) showed that differences in CT characteristics between the tumor and the surrounding “normal” tissue is also a predictor of outcome. As an example of theranostics, one of the papers in the series demonstrated the feasibility of combining endoscopic optic coherence tomography with brachytherapy for the treatment of early PDAC lesions (Lu et al.). Finally, as an example of developments for future MRI applications for identifying specific molecular signatures in a cancer, a paper in the series shows preclinical studies using a probe for fibronectin (Qiao et al.).

A clinically valuable study (Wang et al.) used clinical and imaging findings for creating a robust algorithm to distinguish between a benign from malignant bulging duodenal papilla (papilla of Vater). The paper is important as early identification of a malignant papilla (a subset of pancreatic cancers) leads to improved outcomes.

In contrast to PDAC tumors of pancreas which have almost universal deadly outcome unless treated, neuroendocrine tumors of the pancreas have much more variable biologic behavior. Thus, developing methods to enhance to ability to distinguish malignant neuroendocrine tumors from those with a more benign clinical course are highly valuable. Two papers in the series address this issue (Klimov et al. and Zhang et al.). One study (Klimov et al.) uses a machine learning algorithm of routine histology of the neuroendocrine tumor to predict risk of metastasis while that other (Zhang et al.) uses machine learning radiomics from CT studies to show association with pathologic grade based on microscopy.



Colorectal Carcinoma

The series has 5 studies based on methods that can be applied to colorectal carcinoma management (Liu et al., Han et al., Maslova et al., and Wei et al.). These studies show that T2WI images show the best ability to predict extramural venous invasion; (Liu et al.) that the mucin pool content measured by MRI prior to neoadjuvant therapy (NAT) can predict therapy outcome in locally advanced rectal mucinous adenocarcinoma (Cao et al.); that endoscopic ultrasound is highly accurate in distinguishing different stages for colorectal cancer (Han et al.); and that contrast enhanced CT is reliable for predicting responses to chemoradiation of rectal carcinoma allowing a “watch and wait” strategy before applying additional therapy (Maslova et al.). An additional paper demonstrated that expression of the Chloride Channel Accessory 1 (CLCA1) gene may be a candidate diagnostic and prognostic biomarker for CRC (Wei et al.). This last study is a reminder that in the future, multiple measurements including clinical and imaging data but also tissue biomarkers will provide the most advance approaches for early diagnosis and precision application of treatment. A difficult to diagnosis case of intestinal Ewing’s sarcoma (Yang et al.). The report illustrates the complementary roles of different imaging modalities in identifying and treating difficult cases.



Hepatocellular Carcinoma

Three papers address novel imaging methods for management of hepatocellular carcinoma (HCC)- (Wen et al., Sung et al., and Wu et al.). These studies address the role of radiomics analysis of MRI based imaging in predicting the potential recurrence HCC after treatment with either surgery or radiofrequency ablation (Wen et al.); and the potential use of MRI apparent diffusion coefficient (ADC) mapping to predict responses to hepatic intra-arterial cisplatin chemotherapy (Sung et al.). An thought-provoking report showed the role of a relatively novel MRI imaging technique called amide proton transfer (APT) imaging in predicting the histologic grade of HCC. APT is a form of chemical exchange saturation transfer (CEST) that measures the frequency of transfer of protons between amide groups of proteins and H2O (Wu et al.).



Gastric and Esophageal Carcinoma

Papers addressing gastric cancer show that CT features of the lesion can predict that presence of DNA Mismatch Repair Deficiency (Cao et al.); and that endoscopic molecular imaging with fluorescent probes to surface cancer markers can be used to reveal early gastric cancer (An et al.). Those for esophageal carcinoma demonstrate the predictive capability of contrast-enhanced CT-based radiomic features to distinguish subtle differences in tumor stage for those cancers located at the gastroesophageal junction (Chang et al.); and that response of esophageal squamous cell carcinoma can be predicted from measures of vascular permeability and texture parameters with contrast enhanced MRI (Ji et al.).



Future Directions

The papers in this Research Topic show by examples the enormous potential of several imaging techniques for diagnosis, outcome prediction and responses to therapeutic interventions. In addition, some papers show that future directions can involve measurements that reflect histology and biologic behavior of cancers and potentially even biochemistry of its constituents by MRI methods such as APT (amide proton transfer) (1) and CEST (chemical exchange saturation transfer) (2). Additional overarching observation is that radiomics and artificial intelligence will be necessary analytic tools accompanying advances in imaging. The application of artificial intelligence analytics will furthermore involve addition of patient clinical data and other potential revealing information including germline and tumor genetics. Finally, as suggested by a Meta-Analysis of studies measuring Volatile Organic Compounds (VOCs) (Xiang et al.) other measures whether volatile or liquid biomarkers will provide further enhancement of diagnostic and predictive algorithms. The stage is set for rapid advancements that will certainly lead to better outcomes for patients.
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Background: Current magnetic resonance imaging (MRI) of pancreatic disease is qualitative in nature. Quantitative imaging offers several advantages, including increased reproducibility and sensitivity to detect mild or diffuse disease. The role of multiparametric mapping MRI in characterizing various tissue types in pancreatic disease such as chronic pancreatitis (CP) and pancreatic ductal adenocarcinoma (PDAC) has rarely been evaluated.

Purpose: To evaluate the feasibility of multiparametric mapping [T1, T2, and apparent diffusion coefficient (ADC)] in defining tissue characteristics that occur in CP and PDAC to improve disease diagnosis.

Materials and Methods: Pancreatic MRI was performed in 17 patients with PDAC undergoing therapy, 7 patients with CP, and 29 healthy volunteers with no pancreatic disease. T1 modified Look-Locker Inversion Recovery (T1 MOLLI), T2-prepared gradient-echo, and multi-slice single-shot echo-planar diffusion weighted imaging (SS-EPI DWI) sequences were used for data acquisition. Regions of interest (ROIs) of pancreas in PDAC, CP, and control subjects were outlined by an experienced radiologist. One-way analysis of variance (ANOVA) was used to compare the difference between groups and regions of the pancreas, and Tukey tests were used for multiple comparison testing within groups. Receiver operator characteristic (ROC) curves were analyzed, and the areas under the curves (AUCs) were calculated using single parameter and combined parameters, respectively.

Results: T1, T2, and ADC values of the entire pancreas among PDAC, CP, and control subjects; and between upstream and downstream portions of the pancreas in PDAC patients were all significantly different (p < 0.05). The AUC values were 0.90 for T1, 0.55 for T2, and 0.71 for ADC for independent prediction of PDAC. By combining T1, T2, and ADC, the AUC value was 0.94 (sensitivity 91.54%, specificity 85.81%, 95% CI: 0.92–0.96), which yielded higher accuracy than any one parameter only (p < 0.001).

Conclusion: Multiparametric mapping MRI is feasible for the evaluation of the differences between PDAC, CP, and normal pancreas tissues. The combination of multiple parameters of T1, T2, and ADC provides a higher accuracy than any single parameter alone in tissue characterization of the pancreas.

Keywords: pancreatic ductal adenocarcinoma, chronic pancreatitis, magnetic resonance imaging, parametric mapping, T1, T2, ADC


INTRODUCTION

Pancreatic cancer is the most common pancreatic malignant neoplasm and is the third most common cause of cancer-related deaths from NCI data in 2018. In the United States, pancreatic cancer accounts for about 3% of all cancers in the United States and about 7% of all cancer deaths (American Cancer Society, 2018; Siegel et al., 2018). PDAC is the major subtype of exocrine tumor and constitutes more than 90% of all pancreatic malignancies. Because of the tumor’s unique microenvironment and aggressive nature, PDAC has a relatively poor response to the conventional systemic chemotherapy and poor prognosis, with an overall 5-year survival rate of 8.5% (Yamamoto et al., 2015). Studies found that CP has markedly increased risk for pancreatic cancer (Hao et al., 2017). Five years after diagnosis, CP has a nearly eightfold risk for pancreatic cancer (Kirkegard et al., 2017). Inflammation participates in the development of tumor initiation, progression, treatment response, metastasis, and prognosis (Shi and Xue, 2019). The typical histopathologic features of CP contain acinar cell atrophy, pancreatic fibrosis, leukocyte infiltration, fatty replacement, and distorted and blocked ducts. These findings in CP and PDAC suggest that there are similar radiologic appearances. Further, the upstream pancreas (toward the tail end of the tumor) can have changes of CP due to duct obstruction.

Contrast-enhanced CT was used in PDAC detection, staging, and evaluation of prognosis. A previous study also found that CT radiomics could predict PDAC SMAD4 status and tumor stromal content (Attiyeh et al., 2019). X-ray radiation and iodine allergy are the major risks of CT. Endoscopic ultrasonography (EUS) is the most sensitive non-operative imaging method for the detection of pancreatic cancer and showed to be superior to CT (Luz et al., 2014; Singh and Faulx, 2016). EUS-guided fine needle aspiration (FNB) can achieve cytological information. However, it is invasive and highly operator dependent.

Several studies aimed to quantitatively differentiate PDAC from CP or autoimmune pancreatitis using MR techniques (Park et al., 2009; Fukukura et al., 2012; Yin et al., 2017). DWI plays an important role in the identification of PDAC lesions from the background of pancreatic parenchyma (Ichikawa et al., 2007; Wang et al., 2011; Fukukura et al., 2012; Hayano et al., 2016). With high b-value DWI, PDAC lesions can be reliably detected as an increased focal hyper-intensity area (Fukukura et al., 2012).

Hecht et al. (2017) found that the ADC value was significantly lower in tumors with dense fibrosis and may serve as a biomarker of fibrosis architecture. Choi et al. (2016) found that DWI with ADC value was a promising method to differentiate PDAC from mass-forming autoimmune pancreatitis. However, the ADC value only reflects one aspect of the differences between PDAC and CP vs. the normal control pancreas.

T1 and T2 relaxation times are valuable as quantitative parameters to characterize different tissues, especially in myocardial and liver diseases (Apprich et al., 2012; Kali et al., 2015; Blystad et al., 2017; Chen et al., 2017; Vietti Violi et al., 2019). T1 mapping was shown to improve the diagnosis of myocarditis, infarction, iron overload, and amyloidosis (Guo et al., 2009; Karamitsos et al., 2013; Kali et al., 2015). Previous studies found that T1 mapping combined Gd–EOB–DTPA-enhanced MRI can be used to predict the pathologic grading of hepatocellular carcinoma (Cieszanowski et al., 2012; Banerjee et al., 2014; Chen et al., 2017). Recently, Banerjee et al. (2014) and Cassinotto et al. (2015) found that T1 values are strongly correlated with liver fibrosis and liver biopsy in a population of 79 patients. Cieszanowski et al. (2012) demonstrated significantly higher sensitivity and accuracy of T2 relaxation times than ADC values (99.0 and 89.3% vs. 79.0 and 80.9%, respectively) for diagnosing hepatic malignancy. Some studies focused on using the T1 value in the diagnosis and classification of CP and found that T1 could provide quantitative metrics for determining the presence and severity of acinar cell loss and aid in the diagnosis of CP (Tirkes et al., 2017, 2018; Wang et al., 2018). In an animal model of pancreatic cancer, Yin et al. (2017) found that multiparametric MRI was able to characterize pancreatic masses, suggesting that T1, T2, and ADC mapping may have a direct clinical application in patients with PDAC.

In this study, we evaluate the feasibility of non-contrast multiparametric mapping (T1, T2, and ADC) in defining tissue characteristics that occur in CP and PDAC needed for advances in specific diagnosis. The pathological changes in these diseases are complex including changes in cellular density, blood supply, fibrosis, edema, and inflammation. Our pilot study was designed to determine if there are quantitative methods, which can provide specific biomarkers using our novel method non-contract MRI methods based on the hypothesis that a combination of quantitative measures of relaxation time (T1 and T2 values) and ADC values will provide biomarkers that distinguish PDAC, CP, and normal control pancreas.



MATERIALS AND METHODS


Study Population

During the 18-month study period from October, 2017 to April, 2018, patients with PDAC, CP, and normal control pancreas were recruited into this study. All PDAC patients were confirmed by histopathology using tissue obtained by endoscopic ultrasonography (EUS)-guided FNA. The PDAC patients were undergoing neo-adjuvant chemotherapy at the time of the research MRI.

All the patients with CP had diagnosis established by magnetic resonance cholangiopancreatography (MRCP) or endoscopic retrograde cholangiopancreatography (ERCP) with Cambridge classification for CP (Freeny, 1989; Nattermann et al., 1993; Sahai et al., 1998; Tirkes et al., 2018).

The normal control group had no history of acute pancreatitis, CP, diabetes, pancreatic surgery, and no family history of cancer. Patients with pancreatic cystic lesions, benign tumors, or marked pancreatic atrophy or fat degeneration on MRI images were excluded. This prospective study was approved by the local institutional review board. Written informed consents were obtained from all participants.



Magnetic Resonance Imaging Technique

All subjects were scanned on a 3.0T MR scanner (Biograph mMR, Siemens Healthcare Sector, Erlangen, Germany) with an 18-channel phase array surface coil and were placed head-first, supine position in the magnet. Conventional qualitative sequences and non-contrast quantitative mapping sequences were run for each subject.

Conventional qualitative sequences were transversal T1-weighted three-dimensional volumetric interpolated breath-hold examination (VIBE) with Dixon fat saturation (T1-VIBE-DIXON), and T2 HASTE in transverse, coronal, and sagittal orientations. The parameters of T1-VIBE-DIXON are repetition time (TR) = 4.15 ms; echo time (TE) = 1.39/2.65 ms; flip angle = 9°; field of view (FOV) = 247 × 330 mm; acquisition matrix = 320 × 180; echo train length (ETL) = 2; slice thickness = 3 mm; iPAT acceleration factor = 3. T2 HASTE was performed with the following acquisition parameters: TR = 1,000 ms; TE = 99 ms; flip angle = 105°; FOV = 226 × 330 mm; matrix = 256 × 176; ETL = 109; slice thickness = 5 mm; slice gap = 1 mm; iPAT acceleration factor = 2. MRCP was performed with the following parameters: TR = 8,903 ms; TE = 701 ms; flip angle = 100°; FOV = 300 × 300 mm; acquisition matrix = 384 × 384; ETL = 2; slice thickness = 1 mm; iPAT acceleration factor = 2.

Non-contrast quantitative MRI sequences consisted of 2D MOLLI Trufi with motion correction for T1 mapping, 2D T2-prepared FLASH for T2 mapping, and multi-slice single-shot echo-planar imaging (SS-EPI) for DWI and ADC mapping. T1 MOLLI was acquired using a three-point tool to localize the slice with a single 10-s breath-hold and the following parameters: acquisition window = 280.5 ms; TE = 1.12 ms; echo spacing = 2.7 ms, simulated R–R interval = 1,000 ms; flip angle = 35°; FOV = 390 × 390 mm; matrix = 192 × 144; iPAT acceleration factor = 2. T2-prepared FLASH was acquired, and the slices of T1 MOLLI were copied with a single 10-s breath and the following parameters: acquisition window = 207.4 ms; TR = 3.15 ms, TE = 1.32 ms; echo spacing = 3.1 ms, simulated R–R interval = 1,000 ms, duration of T2 preparations = 0, 30, and 55 ms; flip angle, 12°; FOV, 390 × 390 mm; matrix, 192 × 144; iPAT acceleration factor = 2. For T1 MOLLI and T2-prepared FLASH, three slices located at, above, and below the tumor area were acquired. DWI covered from the dome of the diaphragm to the lower edge of the kidney using the following parameters: b-values = 50, 400, and 800 s/mm2, TR = 4,500 ms; TE = 47 ms; flip angle, 12°; FOV, 390 × 390 mm; matrix, 192 × 144; ETL = 45; slice thickness = 5 mm; slice gap = 1 mm; iPAT acceleration factor = 2, number of averages = 2 (b = 50 s/mm2), 4 (b = 400 s/mm2), and 6 (b = 800 s/mm2). The parameters of all sequences are listed in Table 1.


TABLE 1. Parameters of all MRI sequences used in the study.
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Imaging Analysis

T1, T2, and ADC maps of a whole pancreas with PDAC, CP, and normal control pancreas were analyzed and measured along the margin of the pancreas by one radiologist with 20 years of experience in abdominal MRI (LW). We used pixel-wise methods to obtain the mean value of the whole pancreas and avoided areas of necrosis and blood vessels. Tumors were localized with reference to other sequences such as T1-VIBE DIXON, T2 HASTE, DWI images, or the previous contrast-enhanced CT, MRI, or PET/CT within 1 week. In addition, the freehand ROIs (regions of interest) were located within the tumor margin avoiding areas of necrosis. The mean values of tumor, upstream and downstream pancreas (Figures 1, 2), CP (Figure 3), normal pancreatic head, body, and tail (Figure 4) were also obtained based on pixel-wise methods of three slices on T1 and T2 mapping and all the slices on the ADC maps. The tumor’s size was defined as the largest diameter in axial images according to the RECIST 1.1 criteria.


[image: image]

FIGURE 1. T1 mapping (A), T2 mapping (B), and apparent diffusion coefficient (ADC) maps (C,D) of pancreatic ductal adenocarcinoma (PDAC; blue arrow and area) and upstream pancreas (white arrow and area). PDAC shows higher T1 (1,646.7 ± 96.1 ms) and T2 (65.1 ± 9.4 ms) values compared with upstream pancreas, and slightly higher ADC values (1.326 ± 0.098 mm2/s) compared with upstream pancreas on ADC maps. Upstream pancreas shows homogeneous lower T1 (1,405.2 ± 149.9 ms), iso-T2 (61.5 ± 9.2 ms), and lower ADC values (1.095 ± 0.261 mm2/s). The MPD shows marked dilation and high T1 and ADC values.



[image: image]

FIGURE 2. T1 mapping (A), T2 mapping (B), and ADC maps (C,D) of PDAC (blue arrow and area) and downstream pancreas (white arrow). PDAC shows higher T1 (1,867.3 ± 163.7 ms), T2 (69.5 ± 6.0 ms), and ADC values (1.857 ± 0.231 mm2/s) compared to downstream pancreas. The downstream pancreas shows homogenous T1 (1,266.4 ± 106.9 ms), T2 (62.7 ± 6.3 ms), and ADC (1.315 ± 0.173 mm2/s) values. A clear interface is seen between the tumor and downstream pancreas.



[image: image]

FIGURE 3. Magnetic resonance cholangiopancreatography (A), T1 mapping (B), T2 mapping (C), and ADC maps (D) of chronic pancreatitis (CP). The patient had the history of CP, and the amylase in the blood elevated. MRCP shows dilatation of the major pancreatic duct (MPD) and the branch pancreatic duct; the width of MPD was 4.5 mm. The T1, T2, and ADC of CP were 1,320 ± 220.9 ms, 57.0 ± 9.6 ms, and 1.320 ± 0.162 mm2/s, respectively.



[image: image]

FIGURE 4. T1 mapping (A), T2 mapping (B), and ADC maps (C,D) of normal control pancreatic head (white arrow and area), body (white solid line area), and tail (blue arrow and area). The whole pancreas had the homogenous T1 (head: 798.2 ± 80.5 ms, body: 832.0 ± 83.5 ms, and tail: 835.2 ± 49.7 ms), T2 (head: 45.6 ± 6.5 ms, body: 44.4 ± 4.0 ms, and tail: 45.8 ± 2.2 ms), and ADC (head: 1.206 ± 0.069 mm2/s, body: 1.141 ± 0.183 mm2/s, and tail: 1.061 ± 0.108 mm2/s) values in the head, body, and tail. The main pancreatic duct (MPD) shows clearly on T1 mapping, which differs from the pancreatic head and tail.




Statistical Analysis

All the data were analyzed on SPSS v22.0 (Armonk, NY, United States; IBM Corp) and MedCalc (MedCalc for Windows, version 16.2.0.0, Mariakerke, Belgium). Data from the regions of interest were tabulated in a Microsoft Excel worksheet (Microsoft Corporation, Seattle, WA, United States). Descriptive statistics (mean values and the standard deviation) were obtained for the whole pancreas with PDAC, CP, and normal control pancreas, for PDAC mass, upstream and downstream pancreas, and for the head, body, and tail of the normal control pancreas. ANOVA tests were used to compare quantitative parameters between groups, and post hoc Tukey tests were used for multiple comparison testing within groups. The value of p < 0.05 was considered significant. ROC curve analysis and logistic regression was performed to evaluate the sensitivity and specificity of single parameters and each combination of multiple parameters in the prediction of PDAC after chemotherapy, and the AUCs were calculated. The value of multiparametric mapping over single parameter mapping was determined in MedCalc, using the Z-statistic to compare the AUCs of the different ROC curves.



RESULTS


Demographics

A total of 53 imaging studies were included (17 patients with PDAC, 7 patients with CP, and 29 volunteers with normal healthy pancreas). Among 17 patients with PDAC, 9 patients were male, and 8 patients were female. The mean age was 65 years old with a range of 46–80 years.

All patients with PDAC were confirmed by FNA and/or surgical specimen. Six lesions were moderately differentiated adenocarcinomas, three lesions were poorly differentiated adenocarcinomas, and the other seven lesions were read as invasive ductal adenocarcinoma, but the grade was not reported.

Based on expert radiologist review of MR images (LW), nine (52.9%) PDACs were located in the pancreatic head, three (17.6%) in the pancreatic neck, two (11.8%) PDACs in the pancreatic body, and three (17.6%) in the pancreatic tail. The median size for all tumors was 3.2 cm, with a range from 1.3 to 6.7 cm.

Among the seven patients (four males and three females) with CP, the mean age was 53 years old with a range of 30–72 years. The mean width of MPD was 4.0 mm with a range from 1.6 to 6.7 mm.

Among the 29 volunteers with normal healthy pancreas, 13 were male and 16 were female. The mean age was 50 years old with a range of 20–72 years.



Characteristics, Quantification, and Comparison of T1, T2, and ADC Maps

For the whole pancreas with PDAC, CP, and normal control pancreas, T1, T2, and ADC values are listed in Table 2 (Figure 5). Significant differences were found between the three groups (p < 0.001). The whole pancreas with PDAC showed the highest T1 value compared with the CP and normal control pancreas with significant differences found (p < 0.001). T1 values for CP were significantly higher than those for the normal pancreas (p < 0.001). Significant differences were found when comparing T2 and ADC values of the whole pancreas with PDAC to normal pancreas (p < 0.001). In addition, T2 and ADC values of CP had significant differences compared to the normal pancreas (p < 0.001 and p = 0.003). However, no significant differences were found in the whole pancreas in T2 and ADC between PDAC and CP (p = 0.053 and p = 0.171).


TABLE 2. T1, T2, and ADC values of the whole pancreas with PDAC, chronic pancreatitis (CP), and normal control pancreas.
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FIGURE 5. Box plots show T1 (A), T2 (B), and ADC (C) values of the whole pancreas with PDAC, CP, and normal control pancreas. p-values are listed on the upper box according to one-way analysis of variance (ANOVA).


In patients with PDAC, the T1, T2, and ADC values of mass, upstream and downstream pancreas are listed in Table 3 (Figure 6). The PDAC mass had the highest T1, T2, and ADC values compared with those of the upstream and downstream pancreas. The T1 values showed a significant difference (p < 0.001) when comparing the PDAC tumor with the downstream pancreas. The downstream pancreas showed statistically significant differences with the upstream pancreas (p < 0.001). No significant differences were found between the PDAC and upstream pancreas (p > 0.05). The T2 values were statistically significant (p = 0.029) between the PDAC and downstream pancreas, but no significant differences were observed between the PDAC and upstream pancreas (p = 0.732), and between the upstream and downstream pancreas (p = 0.175). The ADC values were significantly different when comparing PDAC with the upstream (p = 0.048) and downstream pancreas (p = 0.003). However, no significant difference was found between the upstream and downstream pancreas (p = 0.471).


TABLE 3. T1, T2, and ADC values of the PDAC, downstream, and upstream.
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FIGURE 6. Box plots show T1 (A), T2 (B), and ADC (C) values of PDAC, downstream and upstream pancreas. p-values are listed on the upper box according to one-way ANOVA.


In normal pancreas, the head, body, and tail showed relatively homogenous appearances (Figure 7). The T1, T2, and ADC values are listed in Table 4. No significant differences in T1, T2, and ADC values were found between the normal pancreatic head, body, and tail (p > 0.05).


[image: image]

FIGURE 7. Box plots sho2w T1 (A), T2 (B), and ADC (C) values of normal pancreatic head, body, and tail. No significant differences were found according to one-way ANOVA (p > 0.05).



TABLE 4. T1, T2, and ADC values of normal pancreatic head, body, and tail.

[image: Table 4]Comparisons of the parameters between PDAC mass and non-tumor parts of the pancreas in patients with PDAC, CP, and normal pancreas were performed (Table 5). T1 values were significantly different (p < 0.001) when comparing PDAC with non-tumor parts of the pancreas, CP, and normal pancreas. T2 and ADC value differences were statistically significant (p < 0.05) when comparing PDAC with non-tumor pancreas and normal pancreas. ADC values also shows statistically significant differences (p < 0.05) when comparing non-tumor pancreas and CP with normal pancreas. However, no significant differences between CP and non-tumor pancreas were found in T1, T2, and ADC values (p > 0.05). T2 and ADC values also showed no significant differences between PDAC and CP (p > 0.05).


TABLE 5. p-Values of one-way analysis of variance (ANOVA) in multiple comparisons of PDAC, non-tumor pancreas, CP, and normal control pancreas.
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Differentiation of PDAC Mass From Non-tumor Pancreas

Evaluation by ROC curves and the AUCs for each parameter and combinations of parameters was performed (Figure 8). Using single parameters, T1 values yielded the greatest AUC (95% CI) [0.901 (0.874–0.928)] compared to T2 [0.552 (0.507–0.598)] and ADC [0.712 (0.672–0.752)]. Based on the ROC analysis, the cutoff values of T1, T2, and ADC for the differentiation of PDAC mass undergoing chemotherapy from non-tumor pancreas were 1,494.0, 59.3 ms, and 1.201 × 10–3 mm2/s, respectively. The sensitivity and specificity were for T1 (96.55 and 78.39%), T2 (87.77 and 31.61%), and ADC values (91.60 and 47.74%) were calculated. When combining two parameters, the highest AUC (95% CI) was obtained when combining T1 and ADC [0.934 (0.914–0.953)] compared to a combination of T1 and T2 [0.913 (0.887–0.938)], or a combination of T2 and ADC [0.725 (0.686–0.763)]. When T1, T2, and ADC were combined, the AUC (95% CI) was 0.937 (0.918–0.956) with a sensitivity of 91.54% and a specificity of 85.81%, and this was significantly higher than that using any single parameter (p < 0.001). There was no statistical difference between a combination of T1, T2, and ADC vs. T1 and ADC (p = 0.158). The sensitivity and specificity of each curve is listed in Table 6.
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FIGURE 8. Receiver operating characteristic curves of the diagnostic performance of T1, T2, and ADC values and the different combinations of parameters in the differentiation of PDAC. The AUCs (95% CI) are T1 [0.901 (0.874–0.928)], T2 [0.552 (0.507–0.598)], and ADC values [0.712 (0.672–0.752)]. Combination of two parameters, the AUCs (95% CI) of T1 + ADC [0.934 (0.914–0.953)], T1 + T2 [0.913 (0.887–0.938)], and T2 + ADC [0.725 (0.686–0.763)]. The AUCs (95% CI) for the combination of T1, T2, and ADC are [0.937 (0.918–0.956)].



TABLE 6. Sensitivity and specificity of each single parameter and combinations of multi-parameters.
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DISCUSSION

In this study, significant differences were found when defining the tissue characteristics of the whole pancreas with PDAC, CP, and normal control pancreas, and comparing PDAC mass, upstream and downstream pancreas using T1, T2, and ADC values. The differences between the measured T1, T2, and ADC values in whole pancreas with PDAC, CP, and normal pancreas may reflect the development of CP to PDAC in some extent and may provide a new follow-up method of CP. The difference between non-tumor pancreas, especially upstream pancreas and downstream pancreas, and in normal control pancreas was pathologically proven to correlate with the inflammatory pathological change, which plays an important role on the tumor response of chemotherapy, recurrence, and 5-year survival rate (Hayano et al., 2016). Furthermore, we found that a combination of T1, T2, and ADC values was superior in characterizing tissue properties when compared to any single parameter.

Normal healthy pancreas has the lowest T1, T2, and ADC values compared to the PDAC group and CP group. No significant differences were found between the pancreatic head, body, and tail (p > 0.05). Normal healthy pancreas has a short T1 value compared with other abdominal organs due to the presence of a high amount of acinar protein and rough endoplasmic reticulum in the pancreatic cells (Tirkes et al., 2017; Noda et al., 2019). In our study, the mean ADC value showed a slight trend of reduction from head to tail (head 1.146 × 10–3 mm2/s, body 1.129 × 10–3 mm2/s, and tail 1.108 × 10–3 mm2/s) due to the heterogeneity of pancreatic tissue composition, and this is consistent with the prior report (Schoennagel et al., 2011).

Chronic pancreatitis results in irreversible pancreatic structural damage, and the pathological changes include pancreatic calcification, chronic inflammation, and fibrosis, which correlate with an increase in T1 signal intensity in pancreatic parenchyma (Yoon et al., 2016). An increased T1 value was demonstrated with progressive disease (normal controls 865 ± 220 ms vs. mild CP 1,075 ± 221 ms vs. severe CP 1,350 ± 139 ms, p < 0.0001) (Wang et al., 2018) in a previous study. In our study, the T1 value in CP was markedly higher than that of the normal control pancreas (p < 0.001) and lower than that of the whole pancreas with PDAC (p < 0.001). CP also has longer T2 and higher ADC than those of the normal control pancreas, which may be related with edema, fibrosis, gland atrophy, and fat infiltration.

The T1, T2, and ADC values of the whole pancreas with PDAC were highest compared with the other two groups for the malignant tumor, fibrosis, and COP in the upstream pancreas and TACP around the tumor. The differences in T1 values were statistically significant within the whole pancreas with PDAC, CP, and normal control pancreas (p < 0.001). However, T2 and ADC values showed no significant differences between the whole pancreas with PDAC and CP for the pathological changes of CP and upstream pancreas.

Pancreatic ductal adenocarcinoma tends to obstruct MPD, which results in COP, fibrosis, and atrophy of the upstream pancreas (Balkwill and Mantovani, 2001; Coussens and Werb, 2002; Mantovani et al., 2008). COP may be caused by the tumor obstruction of MPD, which leads to increased intraductal pressure and damage to the duct membrane or rupture of the secondary ducts resulting in interstitial extravasation of the activated pancreatic enzymes, the recurrence of inflammation, and interstitial damage results in fibrosis hyperplasia and CP. Another hypothesis is that tumor cells may secrete plasminogen-activating enzymes, which may, in turn, activate trypsinogen-inducing auto-digestion. In some patients, tumor can arise from pre-existing CP (Leal and Liby, 2018). On the other hand, the downstream pancreas may be less influenced than the upstream pancreas.

Significant differences (p < 0.05) when comparing non-tumor pancreas with PDAC mass, upstream pancreas with downstream pancreas, and downstream pancreas with normal control pancreas can be interpreted by COP or TACP (Imamura et al., 1995). TACP was found in the adjacent parenchyma of the PDAC mass. In addition, this can be used to interpret why T1 and T2 values in the downstream pancreas showed significant differences when compared with the normal control pancreas (p < 0.05). The results also proved that the inflammatory changes and fibrosis in the upstream pancreas are markedly more severe than the downstream pancreas (Bali et al., 2011).

Receiver operator characteristic analysis showed that for the single parameters, the T1 value is the most accurate in differentiating the tumor and non-tumor area compared with that of the T2 value and ADC value (p < 0.001). The T2 and ADC values have some limitations when a large amount of fibrosis and the change in tumor cellular density are present in the tumor and upstream pancreas. In our study, we found that if three parameters were combined, the AUC was statistically significantly higher compared with any single parameter and two combined parameters (p < 0.05) with the exception of the combined T1 and ADC values (p = 0.158). Therefore, it appears that the T1 value is critical in tissue characterization, while the ADC value can provide additional helpful information but has lower sensitivity and specificity than the T1 value. Based on our data, the T2 value only provides minimal information in tissue characterization.

Our study has some limitations. First, the relatively small numbers of patients may affect the statistical outcomes. These findings will need to be validated in larger studies. Second, patients were not sub-grouped according to the grade of cancer; therefore, the T1, T2, and ADC values may show wide variability. Subgrouping of patients was not possible due to the small pilot nature of this study. Third, most patients with PDAC underwent chemotherapy at the time of study. This may have altered the tumor characteristics. We found from our research group experience that patients who were treatment naïve are difficult to recruit. Fourth, the ROIs were obtained according to the previous imaging data and other non-contrast MR images, and there was an interval between the MR scan and surgery. The tumor margin could not be validated immediately, so we selected a relatively smaller ROI within the tumor, avoiding the necrosis area. Fifth, T1 and T2 mapping only included three slices because we used the T1 MOLLI sequence. This would not reflect the global features of the tumor. Future studies should recruit patients prior to initiation of treatment and over the course of the treatment so that there are independent predictors of prognosis in the responder and non-responder. Finally, the T1, T2, and ADC maps had different resolutions at the time of image acquisition, which required retrospective calibration to keep the pixel numbers consistent. In future studies, we will keep the same T1, T2, and DWI image resolutions and continuous or three-dimensional T1 and T2 mapping sequences in imaging acquisition to decrease the bias. For the multiparametric mapping, which can demonstrate the differences of PDAC mass undergoing chemotherapy, upstream and downstream pancreas, we believe that it can be used as a biomarker to predict tumor or longitudinal follow-up after chemotherapy.



CONCLUSION

In conclusion, multiparametric mapping is feasible for the evaluation of the differences between PDAC, CP, and normal pancreas tissue. The combination of multiple parameters of T1, T2, and ADC provides a higher accuracy compared to the result with any single parameter in tissue characterization of the pancreas (the main points of this article are listed in Figure 9).
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FIGURE 9. The key points about this article.
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Background and Aim: This work aims to study the relationship between MRI-defined mucin pool (MP) patterns prior to treatment and the efficacy of neoadjuvant therapy (NAT) in locally advanced rectal mucinous adenocarcinoma (RMAC).

Methods: This retrospective study included 278 RMAC patients evaluated between January 2012 and January 2019. After having been trained by using 118 cases with postoperative pathological images, radiologists distinguished MRI-defined MP status as mixed type (MTMP) and separate type (STMP) in a NAT cohort (160 patients) in addition to tumor characteristics, invasion of mesorectal facia, and nodal status. Reader reproducibility was determined using the κ coefficient. The main outcome was the accuracy of MP dichotomy in predicting whether patients had tumor responsiveness or not.

Results: Among 278 cases, MTMP and STMP accounted for 49.6 and 50.4% of MPs, respectively. A total of 72 patients received neoadjuvant chemoradiotherapy and 88 received chemotherapy. The tumor responsiveness rate in the chemoradiotherapy group was higher than that in the chemotherapy group (58.3 vs. 21.6%, P < 0.001). In the chemotherapy group, the tumor responsiveness rate in patients with MTMPs was lower than that in patients with STMPs (4.9 vs. 25.5%, P = 0.002). The baseline MRI-defined MTMP was associated with lower responsiveness rates after NAT in the chemotherapy group (odds ratio, 11.050, with 95% CI, 2.368–51.571, P = 0.002).

Conclusions: MP dichotomy can be reliably evaluated by using MRI. In the chemotherapy group, MTMP may be a dependent predictor to indicate a lower likelihood of tumor responsiveness after NAT.

Keywords: rectal neoplasms, mucins, magnetic resonance imaging, neoadjuvant therapy, treatment outcome


INTRODUCTION

Neoadjuvant therapy (NAT) followed by total mesorectal excision (TME) is the standard treatment for patients with locally advanced rectal cancer (1). Rectal mucinous adenocarcinoma (RMAC) is a subtype of rectal cancer comprising about 6.2–12.3% of cases (2, 3). Compared with non-mucinous adenocarcinoma, RMAC is much less sensitive to NAT (4, 5). Whether there is a need for individualized RMAC treatment options remains controversial (2, 6–8), and thus predicting the difference in curative effect in advance can provide a basis for the selection of neoadjuvant options.

The mucin pool (MP) has become a recent focus of research, and many investigators are currently exploring whether MP baseline characteristics are related to NAT efficacy (9–11). Magnetic resonance imaging (MRI), the recommended non-invasive tool in the guidelines, is often used to evaluate rectal cancer due to the high resolution of soft tissue. Additionally, T2-weighted imaging (T2WI) can be used to effectively identify the MP, which has a high T2WI signal (9, 12).

Some investigators showed that the MP in RMACs is a key factor affecting the NAT efficacy (11, 13), and Cao et al. found that when the proportion of the MP is >62.1%, the tumor burden is relatively low, and this could be used as an independent factor in predicting the efficacy of NAT (14). However, due to the MR image layer thickness, reconstruction of the three-dimensional volume is complicated and difficult in clinical practice.

Previous studies have focused on quantifying the MP (11, 13, 14), but there have been no reported studies on MP distribution. In clinical practice, we found a characteristic MP distribution. In some patients, the mucin lakes occur in large slices, and in others the MP components are intermingled with solid components of tumor. Whether the MP distribution type is related to the efficacy of NAT is unknown.

We hypothesized that MRI-defined MP classification prior to treatment could predict NAT efficacy. Here we used the baseline MRI T2WI to distinguish the MP type and, combined with other tumor characteristics, to determine whether baseline MRI-defined MP type could be used as a predictor of NAT efficacy.



MATERIALS AND METHODS


Patients

This retrospective study was approved by the Ethics Committee of the Sixth Affiliated Hospital, Sun Yat-sen University. The need for informed patient consent was waived due to the retrospective nature of this study.



Inclusion and Exclusion Criteria

The patient data were obtained between January 2012 and January 2019. The study included two cohorts, one for analyzing the consistency of MRI-defined MP type and pathological classification in the upfront surgery group without any neoadjuvant therapy (upfront surgery cohort) and the other for the NAT efficacy analysis (NAT cohort).

In the NAT cohort, the patients had a baseline MRI, had local advanced disease determined with baseline MRI (T3-4Nany or T1-2N1-2) and without any distal metastasis, had tumors with several high-signal mucus components (>50%) determined using T2WI (14, 15), had completed NAT with the regimen of modified FOLFOX6 with or without radiation (chemoradiotherapy or chemotherapy) according to FOWARC clinical trial (16, 17), had undergone TME after NAT, and had numerous postoperative pathological mucus lakes (>50%). Patients who had a history of other malignant tumors but did not complete NAT or had surgical resection, had insufficient MRI quality for evaluation, and had signet ring cell carcinoma after surgery were excluded.

In the upfront surgery cohort, the inclusion criteria were the same as those shown above, except for having NAT.



MRI Acquisition

The MRIs of all patients were performed with a 1.5-T MR unit (Optimal 360, GE Healthcare, Waukesha, WI, USA). Without any bowel preparation, the patients were injected intramuscularly with 20 mg of scopolamine butylbromide 30 min prior to imaging to reduce colonic motility. The rectal MRI protocol included oblique axial, coronal, and sagittal T2-weighted images, oblique axial T1-weighted images, diffusion-weighted images, and gadolinium-enhanced T1-weighted images, as summarized in Table 1.


Table 1. The technical MRI parameters of the scanning sequences.
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Evaluation of MP Distribution Pattern
 
MRI-Defined MP Type Acquisition in the Upfront Surgery Cohort Patients

The comparison of preoperative MRI-defined MP type with postoperative pathological MP was performed in 118 patients with RMAC who underwent direct surgery without NAT. The preoperative T2WI was used to identify the MP (distinctly high signal) and tumor solid components (medium signal) (14). According to the distribution characteristics of MP, two radiologists (readers 1# and 2#, with 8 and 20 years of gastrointestinal diagnosis experience, respectively) independently divided all patients into two types: the mixed type (MTMP), which showed mucus components containing abundant solid tumor components, and the separate type (STMP), which showed secreted mucus components outside the solid tumor area. The inter-reader agreement between the two radiologists and the intra-reader consistency of the first radiologist were assessed.



Pathologic MP Type Acquisition in the Upfront Surgery Cohort Patients

Two pathologists (6 and 20 years of experience in pathological diagnosis of gastrointestinal lesions, respectively) extracted hematoxylin–eosin (H&E)-stained sections from the specimens for reanalysis. The H&E staining images can be one of three tumor types: pathological mixed type (pMTMP), separate type (pSTMP), and undeterminable type. The pMTMP was defined as the interstitial composition of the tumor solid and MP. The pSTMP was defined as a large number of dense tumor cells, and the MP was relatively independent. Some patients could not be classified and were identified as undeterminable type. The first pathologist performed the reanalysis after 6 months. The consistency between two reviewers and between the same reviewer was evaluated, respectively.



MRI-Defined MP Type Training After Comparison to the Pathologic MP Type

The results of the MRI-defined MP classifications and the pathological MP classifications were compared (Figure 1). For patients with inconsistent MRI-defined MP types and pathological MP types, a radiologist (reader #, with 30 years of gastrointestinal diagnosis experience) convened all radiologists and pathologists to discuss and form a consensus on the binary classification of MRI-defined MP distribution characteristics (Table 2).


[image: Figure 1]
FIGURE 1. Comparison of MR images of the mucin pool (MP) and pathological images. The axial T2-weighted images indicate that the mucin pool (black arrows) was mixed with the tumor tissue (white arrows) and was identified as MRI-defined mixed-type MP (MTMP) (A). If the mucin pool (black arrow) produced a high signal (higher than that of mesorectal fat), the tumor component (white arrow) was limited to the rectal wall, and the mucin pool was relatively independent, defined as MRI-defined separate-type MP (STMP) (B). (C) Clustered and flaky solid tumor components (green arrows) were mixed with the mucin pool (black arrows), consistent with MRI-defined MTMP in (A). (D) Large patches of mucin pool (black arrows) exist independently, consistent with MRI-defined STMP in (B). Original magnification of H&E-stained tissue section in (C,D).



Table 2. MRI-defined and pathological MP type.

[image: Table 2]



Baseline MRI-Defined MP Type Evaluation in the NAT Cohort

After the training described above, the two radiologists distinguished the MRI-defined MP status as MTMP and STMP. The inter-reader agreement between the two radiologists and the intra-reader consistency of the first radiologist were assessed. If a κ coefficient larger than 0.60 was obtained, then the initial evaluation was used for the following analysis.




Evaluation of Baseline MRI-Defined Tumor Features

The baseline tumor MRI image characteristics were independently assessed by a radiologist (#), with 8 years of experience in gastrointestinal diagnostics. The characteristics evaluated included tumor maximal length (TML), distance from the inferior part of the tumor to the anal verge (DTA), mesorectal fascia (MRF), tumor infiltration (T staging), and lymph node status (N staging). A total of 30 patients were randomly selected to be reevaluated by another radiologist (with 5 years of experience in gastrointestinal imaging) in order to verify the inter-reader agreement.



Criteria for Tumor Responsiveness

The surgically resected specimens in NAT cohort were pathologically analyzed according to the seventh edition of the American Joint Committee on Cancer TNM staging system (18) and Ryan et al. (19). The pathologic assessment of tumor staging (T0–T4b), lymph node staging (N0–N2), and pathologic tumor regression grade (TRG) was collected. Complete response was defined as the absence of viable tumor cells in the primary tumor and lymph nodes. All patients were categorized by the therapy response based on the TRG: a responsive group (TRG 0 with no viable cancer cells or TRG 1 with single cells) and a non-responsive group (TRG 2 with residual cancer outgrown by fibrosis or TRG 3 with fibrosis outgrown by residual cancer or without fibrosis but with extensive residual cancer) (14, 15).



Statistical Analysis

This study aimed to explore the prognostic effect of MRI-defined MP type on tumor responsiveness after neoadjuvant therapy. First, kappa test was used to assess the intra- or inter-reader agreement of categorical variables (e.g., MRI-defined MP classification, MRF, T and N staging), and the concordance was classified as follows: poor (0–0.20), fair (0.21–0.40), moderate (0.41–0.60), substantial (0.61–0.80), or perfect (0.81–1.00). The interobserver agreement of continuous variables was evaluated by intra-class correlation coefficient (ICC) (e.g., DTA and TML), and ICC >0.75 was considered as good agreement. Second, chi-square test was used to assess the difference of categorical variables, such as MRI-defined MP type and the tumor responsiveness of NAT. Third, stepwise logistic regression model was used for multivariate analysis by selecting independent prognostic factors for tumor responsiveness from all baseline MRI features and to acquire the odds ratios (OR). The independent prognostic factors were used to group the patients into different risk stratifications, and the rate of tumor responsiveness was presented in a nomogram with scores for each stratified population.

Calculations were performed with SPSS (version 22.0; SPSS, Chicago, IL, USA). P < 0.05 were considered as statistically significant.




RESULTS

Figure 2 shows the study flowchart. Among 278 patients with rectal mucinous adenocarcinoma, 185 (66.5%) were men and 93 (33.5%) were women, with an average age of 50 years (range, 27–83 years).


[image: Figure 2]
FIGURE 2. Study flowchart. MP, mucin pool.



Consistency Among Observers

In terms of MRI-defined MP of the upfront surgery cohort, the inter-reader agreement of the two radiologists achieved 0.779 [95% confidence interval (CI), 0.665–0.892]. The κ value of intra-reader agreement of the first radiologist was 0.898 (95% CI, 0.818–0.977) (Tables S1, S2). There were 20 patients with pathological section damage or poor image resolution. A total of 98 of 118 (83%) were classified into pathological MP types, with 55 being pathological MTMP and 43 as STMP. The κ coefficient of inter-reviewer agreement of the two pathologists achieved 0.876, with 95% CI of 0.781–0.972, and the κ value of intra-reviewer was 0.917 (95% CI, 0.838–0.997) (Tables S3, S4). As to the consistency between MRI-defined and pathology-defined MP, the κ coefficient was 0.773 (95% CI, 0.646–0.899) (Table S5).

After training, the inter-reader agreement of the two radiologists achieved 0.849 (95% CI, 0.766–0.931), and the intra-reader agreement of the first radiologist achieved 0.950 (95% CI, 0.901–0.998) (Tables S6, S7).

Additionally, in terms of baseline MRI-defined T and N staging, the ICC of inter-reader agreement of the two radiologists achieved 0.746 (95% CI, 0.552–0.863) and 0.718 (95% CI, 0.492–0.854), respectively. As to the DTA and TML measurements, the ICC was 0.982 (95% CI, 0.941–0.991) and 0.707 (95% CI, 0.483–0.844), respectively. As to the inter-reader agreement of the two radiologists for evaluating MRF, the κ value was 0.792 (95% CI, 0.515–1.000).



Correlation Between Baseline MRI-Defined MP Type and the Tumor Characteristics in the NAT Cohort

Seventy-three patients with MRI-defined MTMP and 87 STMP were identified. There was no statistically significant difference in the distribution of NAT regimen (mFOLFOX6 with or without radiation) between the two MP types (P = 0.787). In patients with MTMP and STMP, the ratio of T4b based on baseline MRI was 21.9% (16/73) and 10.3% (9/87), respectively, and the positive lymph node rate was 68.5% (50/73) and 69.0% (60/87), respectively. There were no statistically significant differences in T staging, MRF status, N staging, DTA, TML, BMI, CEA, age, and sex between the STMP and the MTMP patients (Table 3).


Table 3. Tumor characteristics between two mucin pool patterns.
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Relationship of Baseline MRI-Defined MP Type With Tumor Responsiveness Rate

Among the 160 patients, the rate of tumor responsiveness after NAT was 38.1% (61/160) and the rate of non-responsiveness was 61.9% (99/160). The responsiveness rate in the MRI-defined MTMP group was 27.4%, lower than that in the STMP group at 47.1% (P = 0.011) (Table 4). There was no statistical difference in CEA, MRF status, DTA, BMI, sex, T staging, and N staging between the responsiveness and the non-responsiveness groups. However, the responsiveness rate of RMAC in the neoadjuvant chemoradiotherapy group was higher than that in the chemotherapy group (P < 0.001).


Table 4. Association between baseline MRI-defined mucin pool pattern, tumor characteristics, and tumor responder.

[image: Table 4]

A logistic regression analysis identified the baseline MRI-defined MP type and NAT regimen as independent predictors. Patients with STMPs had a higher tumor responsiveness rate than patients with MTMPs, with an OR of 2.637 (95% CI, 1.274–5.435; P = 0.009). The tumor responsiveness rate of the chemoradiotherapy group was higher than that of the chemotherapy group, and the OR was 5.415 (95% CI, 2.649–11.070; P < 0.001). The model that incorporated the above-mentioned two predictors was developed and presented as the nomogram (Figure 3).


[image: Figure 3]
FIGURE 3. Nomogram for the prediction of tumor responsiveness based on baseline MRI-defined mucin pool type and neoadjuvant therapy regimen.




Independent Predictor (MTMP) of Lower Tumor Responsiveness in the Chemotherapy Group

In the mFOLFOX6 group, only two patients with MTMPs developed tumor responsiveness after NAT, a significantly lower rate (4.9%) than that of the STMP patients (25.5%) (P = 0.002). As to other baseline MRI-defined features, there were no statistically significant differences in CEA, MRF status, DTA, BMI, sex, T staging, and N staging between the responsive and the non-responsive patients. In univariate analysis, MTMP was the factor leading to low tumor responsiveness in the chemotherapy group. The OR of STMP was 11.050 (2.368–51.571, P = 0.002).

In the chemoradiotherapy group (mFOLFOX6 plus radiation), there was no statistically significant difference in the MRI-defined MP type between the responsiveness and the non-responsiveness groups, with a responsiveness rate of 56.3 and 60.0% in STMP and MTMP patients, respectively (P = 0.748).




DISCUSSION

In the neoadjuvant chemotherapy group, baseline MRI-defined MTMP was associated with a lower likelihood of tumor responsiveness, with a rate of 4.9% in RMAC patients. In terms of tumor responsiveness, the OR of MRI-defined STMP to MTMP was 11.050.

Among the RMAC patients, 15.6% of them had invasion of adjacent organs and structures (cT4b) at baseline. Most of the patients were at T3 or greater stages, indicating that tumors often break through the muscularis propria (5, 7, 20). In our study, 21.9% of the patients with MTMPs were evaluated by MRI as having tumors involving adjacent organs before NAT, while all of those patients were confirmed as non-pT4b (with spared organs) by pathology. This suggests that these patients may have no tumor cells in the mucus pool adjacent to the surrounding organs after NAT. We hypothesized that patients with MTMPs resembled conventional non-mucinous adenocarcinoma, and after NAT, the tumor regressed and the volume decreased significantly (21). However, for patients with STMPs, the mucin pool is often distributed outside the rectal wall in surrounding organs, and the volume of this mucin component is not significantly reduced after NAT. Therefore, it is a challenge to judge whether tumor-active cells remain in the organ-invasive mucus components after NAT.

The mFOLFOX6 regimens, with or without radiation, are two options according to the studies of Deng et al. (16, 17). Some studies showed that radiotherapy may increase the risk of anastomotic leakage and cause anal, urinary, and sexual dysfunction (22, 23). There are no significant differences in the rate of surgical margin, permanent colostomy, and overall survival between neoadjuvant chemotherapy and radiotherapy (3, 24, 25). However, some studies indicated that radiotherapy can better control local recurrence (26, 27). In this study, the tumor responsiveness rate of RMAC patients with chemoradiotherapy was 58.3%, which was significantly higher than that of the regimen without radiation. This finding suggests that, for RMAC, radiation should be strongly considered because it can cause a higher rate of tumor responsiveness, while chemotherapy alone has a lower responsiveness rate. Radiotherapy can cause changes in MP, and the reduction of tumor components in mucin lakes could be behind the tumor responsiveness (10, 11).

In the chemotherapy group, the tumor responsiveness rate of patients with MTMP was extremely low (4.9%), which was significantly lower than that of rectal non-mucinous adenocarcinoma reported in the literature (7, 28). This suggests that the mucin lakes at baseline play a key role in therapeutic response and that it is often difficult to achieve tumor responsiveness by mFOLFOX6 without radiation. In comparison, patients with STMPs are more likely to have tumor responsiveness with a response rate of 25.5%. In the tumors of patients with STMPs, T2WI shows a large number of high-signal regions, while the solid tumor components (medium signal) are relatively small. Thus, we speculate that the mucus pool may account for a higher proportion of overall tumor volume in patients with STMPs due to mucus hypersecretion. Similar to previous studies, patients with high mucin components and few solid components are more likely to have tumor responsiveness (9, 10, 14).

The MRI-defined MP dichotomy is a non-invasive tool used to reflect tumor responsiveness after NAT. Our results suggest that different distribution types of mucus pool may have different sensitivities to NAT, and particularly, the MTMP with a low responsiveness rate needs to be separated from the STMP to provide guidance for the clinical multidisciplinary team. Park et al. showed that the use of a MRI-defined TRG system can predict the pathological TRG of NAT for RMAC patients (9), but the issue of predicting the presence or the absence of tumor cells in mucus components that are closely related to the depth of tumor infiltration has not been resolved. Thus, since the presence of active tumor components in mucus pools cannot be determined by MRI, MRI-defined MP distribution type may be a new biomarker to reflect the tumor response after NAT.

According to the nomogram of our study, we speculate that patients with locally advanced RMAC with MRI-defined MTMP type have difficulty in achieving tumor responsiveness after NAT. When patients with locally advanced RMAC choose NAT, the chemotherapy regimen (without radiation) may not be appropriate for RMAC. Therefore, patients with RMAC with baseline MRI-defined MTMP may benefit from radiation in addition to neoadjuvant chemotherapy.

One of the innovations lies in the use of upfront surgery patients to verify the accuracy of MRI-defined MP classification, which refers to postoperative pathological images (29). We did not adopt the traditional training method of one-to-one correspondence between MRI and the pathological images of some patients. We think that MRI can be used instead to distinguish the two distributions of mucus components based on experience gained from clinical work, so the mucus pool was directly classified by using MRI. After comparing MRI-defined MP type with pathological features, it was found that the accuracy of MRI classification reached 88.8% in this study. Then, the cases with inconsistent MRI and pathology classifications were discussed to further enhance the radiologist's experience in identifying MP distribution and form a trained protocol. Finally, this MRI-defined protocol was used to evaluate the baseline MRI-defined MP of patients in the NAT group prior to surgery.

Several limitations deserve mention. Firstly, this study was a single-center retrospective analysis. Secondly, the treatment strategy of the enrolled patients was based on the FOWARC study (16, 17), which were mFOLFOX6 or mFOLFOX6-based chemoradiotherapy. Thus, the efficacy of other neoadjuvant regimens in patients with RMAC is not clear. Thirdly, the endpoint of this study was tumor responsiveness after NAT. At a median follow-up of 23 months (range 2–85 months), the baseline MRI-defined MP type was not associated with overall survival or disease-free survival (Figure S1). Some literature shows that the long-term survival of RMAC patients can benefit from NAT, but due to insufficient follow-up time, the difference in long-term survival between patients of MTMP and STMP still requires further research. Finally, the use of MRI can cause some signet ring cell carcinomas (SRCC) with mucus components to be easily confused with RMAC. Thus, we used a retrospective analysis of pathological data in the inclusion criteria to exclude the subcategory of SRCC as this carcinoma had no significant response to NAT than RMAC (29). The predictive application of MRI-defined MP binary classification scheme in SRCC needs to be carried out in the next research.

In conclusion, this study demonstrates that baseline MRI-defined MP type can be reliably identified and can serve as an independent predictor for tumor regression in patients with locally advanced RMAC. Patients with MTMPs had very low rates of tumor responsiveness when receiving neoadjuvant chemotherapy without radiation. With further high-quality evidence, MRI-defined MP dichotomy should be included in routine baseline MRI reports to craft an individualized treatment strategy.
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Purpose: To construct and verify a CT-based multidimensional nomogram for the evaluation of lymph node (LN) status in pancreatic ductal adenocarcinoma (PDAC).

Materials and Methods: We retrospectively assessed data from 172 patients with clinicopathologically confirmed PDAC surgically resected between February 2014 and November 2016. Patients were assigned to either a training cohort (n = 121) or a validation cohort (n = 51). We acquired radiomics features from the preoperative venous phase (VP) CT images. The maximum relevance–minimum redundancy (mRMR) algorithm and the least absolute shrinkage and selection operator (LASSO) methods were used to select the optimal features. We used multivariable logistic regression to construct a combined radiomics model for visualization in the form of a nomogram. Performance of the nomogram was evaluated by the receiver operating characteristic (ROC) curve approach, calibration testing, and analysis of clinical usefulness.

Results: A Rad score consisting of 10 LN status-related radiomics features was found to be significantly associated with the actual LN status (P < 0.01). A nomogram that consisted of Rad scores, CT-reported parenchymal atrophy, and CT-reported LN status performed well in terms of predictive power in the training cohort (area under the curve, 0.92), and this was confirmed in the validation cohort (area under the curve, 0.95). The nomogram also performed well in the calibration test and decision curve analysis, demonstrating its potential clinical value.

Conclusion: A multidimensional radiomics nomogram consisting of Rad scores, CT-reported parenchymal atrophy, and CT-reported LN status may contribute to the non-invasive evaluation of LN status in PDAC patients.

Keywords: pancreatic ductal adenocarcinoma, radiomics, texture analysis, nomogram, contrast-enhanced computed tomography


INTRODUCTION

Pancreatic ductal adenocarcinoma (PDAC) is notorious for its occult onset and early metastasis. As one of the several top causes of cancer deaths, the 5-year survival rate of PDAC patients is only 7–8% (1, 2). Early radical surgery is the main treatment modality for patients with PDAC. However, owing to the visceral location of the pancreas and the non-specific symptoms in most early PDAC patients, it is extremely difficult to make an early diagnosis of this disease. This results in limited and suboptimal treatment options for most patients (3). With the intensive efforts to develop neoadjuvant chemotherapy and other new therapeutic methods, there is a growing demand for accurate preoperative staging and personalized tailoring of the therapeutic approach in PDAC. PDAC is well known to be accompanied by the occurrence of lymph node metastasis (LNM), with an LNM rate as high as 59% (4). As an important postoperative prognostic factor, the cancer-positive lymph node (LN) is strongly related to poor prognosis in PDAC patients (5–7). Consequently, there is an urgent need to develop a capability to predict LN status precisely before surgery. Currently, the preoperative status of PDAC patients is mainly evaluated by imaging methods such as CT and MRI. Only relatively poor accuracy can be achieved when evaluating the LN status solely from a morphological perspective (for example, by assessing changes in lymph node size, morphology, and intensity). These approaches are not able to provide effective guidance for clinical treatment and are far from satisfactory predictive factors.

Contrast-enhanced CT (CECT) has long been the preferred imaging modality for preoperative staging of PDAC (8, 9) because it facilitates the assessment of tumor size and vascular involvement. Enlarged lymph nodes as indicated by CECT carry a high positive value for predicting outcome in many malignant tumors, and surgeons can select appropriate LN dissection methods based on the CT report (10–12). For PDAC patients, however, due to the complexity of the peripancreatic structures, it is not easy to define whether LNs are abnormally enlarged. Further complications result from the fact that similar enlarged LNs also appear in local inflammation or secondary biliary obstruction, which can confound the judgment of LN involvement in PDAC. Considering the above factors, CT in fact achieves only a mediocre diagnostic performance for LN metastasis in PDAC, especially regarding its sensitivity (13). MRI and positron emission tomography (PET) have also been considered as potentially useful LNM markers, achieving results similar to those of CT in PDAC patients (14). Recently, the use of endoscopic ultrasound-guided fine needle aspiration (EUS-FNA) has been expanding rapidly for the evaluation of pancreatic masses (15–18). However, EUS-FNA is also affected by many particular complexities, including the investigators’ degree of knowledge of cytopathology, the endosonography technique employed, and the locations and characteristics of the accessed lesions (19, 20).

As an emerging discipline that has attracted numerous researchers’ interests, radiomics extracts multidimensional features contained in available images with high-throughput methods and explores their underlying associations with pathophysiological changes. Recently, several investigators have constructed radiomics models for preoperative LN evaluation in certain gastrointestinal cancers and have succeeded in achieving the desired level of predictive accuracy (21–23). However, to the best of our knowledge, thus far, there are few studies on the development of a radiomics nomogram to predict the LN status for patients with PDAC. To this end, we sought to build and verify a radiomics-based nomogram that could potentially assist in clinical decision-making processes for patients with PDAC.



MATERIALS AND METHODS


Patient Population

Our retrospective study was approved by the Institutional Review Board of Huashan Hospital, with informed consent waived. The PDAC patients who elected to undergo tumor resection and LN dissection between February 2014 and November 2016 in our hospital were retrospectively evaluated. The inclusion criteria were (1) PDAC patients with histological confirmation; (2) thin-layer CECT performed within 1 month before surgery; (3) patients without previous radiotherapy, surgery, and/or chemotherapy; and (4) patients who underwent pancreaticoduodenectomy and where pathologically evidence of LN status was available.

The exclusion criteria were (1) difficulties in distinguishing the tumors on CT images owing to artifacts or for any other reason; (2) features that could not be successfully extracted from the CT images of the patients; and (3) patients with other coexisting primary malignancies. The detailed selection steps for the patients with PDAC are depicted in Supplementary Figure S1.

Ultimately, 172 patients who met the above criteria were included in this retrospective study. Of these, 121 patients were assigned to the training cohort (64 men and 57 women), with an average age of 63.5 ± 9.2 years (range, 35–83). Another 51 patients (30 men, 21 women) with a mean age of 63.7 ± 8.5 years (range, 45–84) constituted the validation cohort.

Clinical data (for example, age, primary tumor site, and preoperative CA-199 level) were obtained from the medical records. Two radiologists (with experience of CT diagnosis of 6 and 10 years, respectively) who knew nothing about the histopathological condition of each patient were appointed to reevaluate the LN status and CT findings (for example, size, periphery, pancreatic duct dilatation, parenchymal atrophy, and vascular invasion). With reference to the relevant literature and clinical diagnostic experience, the CT diagnostic criteria for metastasis to the lymph nodes in PDAC patients were as follows: the peripancreatic and retroperitoneal lymph nodes with short axis diameter > 10 mm, uneven density, uneven enhancement, internal necrosis, blurred edge, and involvement of surrounding organs or vessels (13, 24). If different opinions from the two radiologists were received for the same patient, an independent expert with 22 years of experience in radiological diagnosis was invited to participate in the discussion to decide the final result. A flow diagram of the whole study is depicted in Figure 1.


[image: image]

FIGURE 1. Radiomics workflow.




Image Acquisition

CT images were acquired from all patients using a 256-slice CT scanner (Brilliance iCT, Philips Medical Systems, Netherlands). The CT scan settings were set as 120 kV; 150–200 mA s; rotation time, 0.75 s; detector collimation, 128 × 0.625 mm; field of view, 350 × 350 mm; matrix, 512 × 512; and slice thickness, 1.5 mm. An anionic contrast medium was injected using an automatic injector at a dose of 1.5 ml/kg at 3.0 ml/s. Arterial phase images were obtained 30 s after contrast medium injection, while venous phase (VP) scans were obtained 45 s after the arterial phase acquisition. All images were uploaded to the picture archiving and communication system (PACS) for further examination.



Tumor Segmentation and Extraction of Radiomics Features

Feature extraction was carried out on 1.5-mm VP CT images because of their better tumor background contrast (25). The window width and window level applied to the tumor segmentation process were 300 and 40 HU, respectively. One radiologist (HF), with 10 years of experience, manually segmented the tumor on each slice around its edge using open-source image processing software (3D Slicer version 4.11.0; Boston, MA, United States). A total of 396 radiomics features was extracted by the software Artificial Intelligence Kit (GE Healthcare, China). The extracted radiomics features were classified into six categories: Histogram features (n = 42), form factor features (n = 9), gray level co-occurrence matrix (GLCM) features (n = 144), run length matrix (RLM) features (n = 180), gray level size zone matrix (GLSZM) features (n = 11), and Haralick features (n = 10). A detailed description of these features can be seen in Supplementary Material I. We calculated all the features in the segmented tumor region within a three-dimensional volume.

To evaluate the reproducibility and accuracy of the features, two radiologists (HF and GJH) reassessed the tumor segmentation of 60 randomly selected patients after 20 days. The two radiologists were both blinded to the clinical diagnosis and pathological condition of each patient. The inter- and intraclass correlation coefficients (ICCs) were taken as measures of good reproducibility. The threshold of the ICC value for a feature with outstanding reproducibility was deemed to be above 0.75 (26).



Feature Selection and Signature Construction

For dimensionality reduction and to avoid overfitting, we designed a three-step procedure to select the optimal features. First, we used both intra- and inter-ICC values > 0.75 as a threshold standard to select the stable radiomics features for the next step. Second, an maximum relevance–minimum redundancy (mRMR) method was selected to eliminate the redundant and irrelevant features, such that 30 features were retained for subsequent selection. Finally, we applied the least absolute shrinkage and selection operator (LASSO) regression algorithm to choose the most reproducible and active characteristics from the remaining 30 features. Those features with non-zero coefficients after the cross-validation penalty procedure in the LASSO regression were assigned to construct the Radiomics score (Rad score) in the training cohort, through a linear combination of their weighted coefficients. The relationship between the Rad score and actual LN status was evaluated in both the training cohort and validation cohort by using a Mann–Whitney U test. We also used receiver operating characteristic (ROC) testing and area under the curve (AUC) analysis to estimate whether the Rad score could correctly distinguish the actual LN status for PDAC patients in both of the two cohorts.



Model Building and Nomogram Development

Univariate analyses were performed on all the clinical and conventional imaging features in the training cohort (including age, gender, CA-199 level, tumor size, tumor location, periphery, CT-reported LN status, CT-reported pancreatic atrophy, CT-reported vascular invasion, and CT-reported pancreatic duct dilatation). A multivariable logistic regression with backward stepwise selection was then conducted by using the variables with P < 0.1 in the univariable regression. Using the likelihood ratio test with Akaike’s information criterion as the stopping rule, a clinical model was built from those variables with P < 0.1 in the multivariate analysis (27, 28). Finally, we constructed a combined multivariable logistic model with Rad scores and the most significant features in the clinical model. To further avoid collinearity, we implemented collinearity diagnosis by checking the variance inflation factor (VIF) for all the factors in the combined model. Those factors with VIF > 5 were excluded from the final model. In order to develop a more understandable evaluation method, we generated a nomogram on the strength of the combined model constructed from the training cohort. Nomogram scores are capable of quantifying the risk of LNM objectively, which can aid in clinical decision-making.



Model Validation

We compared the discriminatory performance of the established models with the ROC curves and AUC values. Thereafter, we used the calibration curves and Hosmer–Lemeshow test to assess the calibration of the nomogram. The above performance of the model was also verified in the validation cohort. We also performed a stratified analysis of the nomogram to test its evaluation efficiency for different human characteristics (n = 172). The adequacy of the performance of the nomogram was assessed by measuring the ROC curves and AUC values in the subgroups including age [≤60 years (young) or >60 years (older)], gender (male or female), and CT-reported LN status (positive or negative).



Clinical Use

For the purpose of determining the value of our nomogram for clinical applications, we adopted decision curve analysis (DCA) to further compare the net benefit obtained by the deployment of the nomogram and the clinical model. The performance of these two models was evaluated at different threshold probabilities, and the model that possessed larger regions under the curves was selected for the better clinical outcome (29).



Statistical Analysis

The Student’s t test was adopted to compare normally distributed variables. Continuous variables that were not normally distributed were analyzed using the Mann–Whitney U test. The discrete variables were compared with the chi-square test. All the statistical analyses that we used in this study were run on R software (version 3.6.2). A detailed description of the R packages that we adopted is provided in Supplementary Material II. A two-tailed P < 0.05 was deemed as possessing statistical significance.



RESULTS


Patients’ Characteristics

Table 1 summarizes the baseline information of all the patients in this study. There were no significant differences between any of the clinical features of the training and the validation groups, neither for patients with or for those without LN metastasis. Thus, there was a good degree of equivalence between the two groups. Only CT-reported LN status and CT-reported parenchymal atrophy showed a significant difference (P < 0.05) between the LNM (+) and LNM (−) group in both the training and the validation cohort.


TABLE 1. Characteristics of patients in the training and validation cohorts.
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Feature Selection and Radiomics Signature Construction

A total of 396 features were extracted from axial VP CE-CT scans, of which 335 (81.9%) radiomics features were retained after the ICC assessment. Of these, 30 features were retained through the mRMR algorithm for the subsequent LASSO analysis. The LASSO regression was conducted to select the optimized features to construct the final model. Thus, finally, 10 radiomics features were chosen to build the radiomics signature. A detailed description of the selected features can be seen in Figure 2 and Supplementary Table S1. A multilogistic regression-based radiomics signature was constructed using these 10 features, which are represented by the quantitative index designated the Rad score. The formula for calculating the Rad score is presented in Supplementary Material III.


[image: image]

FIGURE 2. Radiomic features selected for signature building.




Evaluation of the Performance of the Rad Score

A significant difference can be seen in the Rad score between patients with or without LN metastasis in the training cohort (P < 0.01), which is confirmed in the validation cohort (P < 0.01; Figure 3A). The Rad score presented an AUC value of 0.90 [95% confidence interval (CI), 0.85, 0.96] in the training cohort and 0.89 (95% CI, 0.80, 0.97) in the validation cohort, documenting very good discriminatory abilities (Figure 3B).


[image: image]

FIGURE 3. The receiver operating characteristic (ROC) curves of the Rad score in the (A) training cohort and the (B) validation cohort. The box-dot plots of the Rad scores in the (C) training cohort and the (D) validation cohort. The orange markers indicate patients with LNM; the green markers indicate patients with non-LNM. The black horizontal line presents the threshold. Patients with Rad scores higher than −0.2635 are classified as LNM; patients with scores lower than −0.2635 are classified as non-LNM.




Nomogram Development and Performance Validation

A detailed description of the multivariable regression analysis can be seen in Table 2. Rad scores, CT-reported LN status, and CT-reported parenchymal atrophy were all significantly correlated with LNM. We constructed a combined model that incorporated Rad scores and the two conventional imaging features and established a nomogram based on this combined model (Figure 4A). In the ROC test, the nomogram displayed a superb ability for evaluating LNM in PDAC patients, with AUCs of 0.92 (95% CI, 0.88–0.97) and 0.95 (95% CI, 0.90–1.00) in the training and validation cohorts, respectively (Figures 4B,C and Table 3). The application of Delong’s test showed that significant differences are present in the AUC values between the combined nomogram and the clinical model (P < 0.001), which confirm its satisfactory predictive performance.


TABLE 2. Risk factors for lymph node metastasis in PDAC.
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FIGURE 4. (A) The nomogram, combining Rad score, CT-reported parenchymal atrophy, and CT-reported LN status. Receiver operating characteristic (ROC) curves for the nomogram, Rad score, and clinical model in the (B) training and (C) validation cohorts.



TABLE 3. Diagnostic performance of models in the training and validation cohorts.

[image: Table 3]
The calibration curves of the nomogram presented a good consistency between predicted and observed LN status in both training and validation cohorts (Figures 5A,B). The Hosmer–Lemeshow test yielded non-significant P values for differences between the two datasets (training cohort, P = 0.31; validation cohort, P = 0.68), documenting that the goodness of fit of our nomogram was acceptable.
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FIGURE 5. The calibration curves presented good consistency between the nomogram-predicted lymph node (LN) status and observed LN status in the (A) training cohort and (B) validation cohort.


Stratification analysis revealed that the nomogram had a good capacity to identify lymph nodes in different stratification contexts (Table 4). The AUC value for the combined nomogram was 0.88 (95% CI, 0.82, and 0.94) in the CT-reported LN-negative subgroup, demonstrating its improved recognition capability compared with the traditional imaging methods.


TABLE 4. The area under the curve (AUC) values of combined model for stratified analysis in different subgroup.
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Clinical Use

Figure 6 presents a DCA using our nomogram. It can be concluded from inspecting the curve that when the threshold probability is over 10% approximately, the nomogram would provide extra diagnostic efficacy over and above the “treat all” or “treat none” scheme of the clinical model.
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FIGURE 6. Decision curve analysis for the combined model (nomograms) compared with clinical model in the validation cohort. The decision curve analysis demonstrated that when the threshold probability is over 10% approximately, the nomogram would provide extra diagnostic efficacy over the “treat-all” or “treat-none” scheme and the clinical model.




DISCUSSION

In the present study, we constructed and validated a CT-based radiomics nomogram consisting of the Rad score together with clinical features, which can be used for predicting LN status in PDAC patients. In the ROC test, the combined model and its nomogram exhibited excellent resolution capability in both the training and validation cohorts. The AUC values of the combined model (0.92) and radiomics model (0.90) were both significantly higher than that of the clinical model (0.74). The DCA test showed that the nomogram could effectively facilitate clinical decision-making as well. Considering that only a minority of patients with PDAC can potentially undergo radical resection, an accurate choice of clinical treatment is crucial for PDAC patients. The prognostic value of LN status in PDAC patients has been demonstrated by many investigations, and it is known that even the number of positive LNs also affects therapeutic efficacy (30–32).

Current surgical decision-making depends heavily on imaging diagnosis, despite the fact that the performance of the imaging methodology is not yet completely satisfactory. Although the macroscopic features we observed in the images do have prognostic value for PDAC patients (33), they are not sufficient when it comes to the assessment of LN status. CT is the most often preferred method for preoperative cancer evaluation. In many studies, LNs bigger than 10 mm have been classified as positive LNs (34–36). Nevertheless, the diagnostic efficiency of CT yields only low accuracy and sensitivity. EUS-FNA seems to be a superior solution currently for determining LN metastasis and can be used to extract a piece of tissue and obtain the pathological information on a specific lymph node (37). However, it remains a challenge in clinical practice routinely using endoscopic ultrasonography to access this type of biopsy. Many factors also affect the accuracy of EUS examination, quite randomly (38, 39), thus reducing its value for clinical LN status prediction.

Radiomics detects the heterogeneity of the tumor through the spatial distribution of voxel intensities, acquiring in-depth information from images of the lesion. We constructed a radiomics nomogram to predict LN metastasis by combining the radiomics features and the most relevant clinical characteristics. To facilitate the clinical use of a radiomics model, we constructed a nomogram to visualize and quantize the results of the complex radiomics analysis. Considering the weaknesses of the preceding radiomics models and the doubts about their reproducibility and robustness (40), we took effective measures to guarantee the objectivity and reproducibility of our radiomics model. Changes in tissues that were less correlated with tumor heterogeneity (such as cystic changes) were excluded from the ROI. We preprocessed all the radiomics features to avoid the effects of scale differences. Two radiologists carried out the tumor segmentation step, and ICC coefficients were used to minimize subjectivity and operator error. Both the segmentation and feature extraction software that we used were commonly adopted in earlier investigations and had been verified by those studies (41–43). A three-step approach was devised to reduce the number of features, prevent over fitting, and minimize the collinear features. With all the above measures, a relatively evidence-based and independent radiomics model was constructed for the evaluation of LN status in PDAC patients.

In our radiomics model, we extracted 10 features that could better reflect intratumor heterogeneity and subtle changes in the lesions. The CT-reported LN status and CT-reported parenchymal atrophy also served as independent predictors in the combined model. Previous studies had demonstrated that the CT-reported LN status was significantly related to the pathological LN status in other malignant tumors (44–46), and our study also supports this notion. Fibrosis and parenchymal atrophy is consistently found in PDAC (47), and the tumor microenvironment is likely to be influenced by the reciprocal interactions among fibroblasts and tumor cells in the fibrotic lesions. The degree of pancreatic atrophy is directly related to the malignancy of the tumor and reflects the severity of tissue fibrosis (48). Although to the best of our knowledge, there are no published studies indicating that pancreatic atrophy is an independent factor for LN status in PDAC, we have reason to believe that it does have a potential association with LNM in such patients. Compared with the previous studies using radiomics to evaluate the LN status for PDAC patients (49, 50), we believe that our approach offers advantages for the following reasons: (1) We performed a stratified analysis to further evaluate the prediction efficiency of our model, which can determine the clinical application potential of our model under different conditions. (2) In addition to the CT-reported LN status, we adopted more conventional CT imaging signs in the clinical model. The combination of radiomics and traditional imaging signs may improve the clinical acceptability of radiomics.

Our study has several limitations as follows: (1) One of the main drawbacks of radiomics research is that the poor interpretation of the radiomics features has always hindered the clinical promotion of radiomics. Although many studies tried to generate the correlations from the perspective of grayscale intensity and matrix uniformity, it is still difficult to directly connect the radiomics features with the clinical status. This problem also existed in our study. (2) The patients in our study were all recruited from one hospital. Further external validation with considerably larger data sets should be carried out to testify to the robustness and prediction accuracy of the model. (3) The study only concentrated on the occurrence or lack of LN metastasis in PDAC patients. The number of different metastatic LNs is also important according to the latest cancer staging guidelines (51). The predictive accuracy of radiomics for specific N stage (N1–N2) needs further investigation. (4) Other clinical and imaging features may also be valuable for the construction of the predictive model, but we excluded them from the present study for reasons of data integrity and only selected the most reasonable features.

In conclusion, we have established and verified a novel radiomics nomogram to evaluate LN status in PDAC patients. The model consisted of Rad scores, CT-reported LN status, and CT-reported parenchymal atrophy. Our results demonstrate that the nomogram could likely be conducive to enhancing an accurate auxiliary diagnosis and increasing the optimization of appropriate clinical treatment.
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Colorectal cancer (CRC) is a common malignant tumor of the digestive tract and lacks specific diagnostic markers. In this study, we utilized 10 public datasets from the NCBI Gene Expression Omnibus (NCBI-GEO) database to identify a set of significantly differentially expressed genes (DEGs) between tumor and control samples and WGCNA (Weighted Gene Co-Expression Network Analysis) to construct gene co-expression networks incorporating the DEGs from The Cancer Genome Atlas (TCGA) and then identify genes shared between the GEO datasets and key modules. Then, these genes were screened via MCC to identify 20 hub genes. We utilized regression analyses to develop a prognostic model and utilized the random forest method to validate. All hub genes had good diagnostic value for CRC, but only CLCA1 was related to prognosis. Thus, we explored the potential biological value of CLCA1. The results of gene set enrichment analysis (GSEA) and immune infiltration analysis showed that CLCA1 was closely related to tumor metabolism and immune invasion of CRC. These analysis results revealed that CLCA1 may be a candidate diagnostic and prognostic biomarker for CRC.
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Introduction

Colorectal cancer (CRC) is the third most common cancer and the second most deadly cancer worldwide (1). The incidence and mortality of CRC continue to increase because of the lack of diagnostic biomarkers and inadequate understanding of the molecular mechanism (2). Detection and monitoring of CRC occurrence and progression are dependent on a combination of radiologic examinations and serum biomarker measurements (3); however, these methods have some limitations. In some cases, the levels of biomarkers do not change. In other diseases, the levels of biomarkers can change (4, 5). In addition, some patients do not undergo colonoscopy because of the discomfort of this procedure (6). In the past few decades, advanced gene microarray and high-throughput sequencing technologies have been used to explore novel gene expression, treatment targets, and pathogenesis in CRC (7).

Robust rank aggregation (RRA) has been utilized in various recent cancer studies to overcome the limitations of substantial interstudy variability and the different statistical analysis methods used with different technological platforms (8, 9). In our study, we used RRA to analyze 10 microarray datasets from the Gene Expression Omnibus (GEO) database and explored data from The Cancer Genome Atlas (TCGA) through WGCNA to identify differentially expressed genes (DEGs). Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses were used to explore the potential functions of these DEGs. We utilized regression analyses and the random forest method to develop and validate the prognostic model. Among the genes included in the model, we used MCC to calculate the top 20 hub genes. We explored biological functions through GO and KEGG analyses and utilized ROC curves to explore diagnostic value. We also explored the relationship between them. Based on the 20 hub genes, we utilized Kaplan-Meier (K-M) analysis to explore relationships with prognosis, and only CLCA1 had a close relationship with prognosis. We continued to explore the potential biological value of CLCA1. In addition, we utilized the online tool TISIDB and R packages to explore the functions of these genes in immunity and performed gene set enrichment analysis (GSEA) to investigate their potential functions in CRC.



Materials and Methods


Gene Expression Datasets

All microarray datasets were downloaded from the TCGA and GEO databases. The RNA sequencing data were downloaded from the TCGA database (https://portal.gdc.cancer.gov/), which contained 41 control tissues and 482 CRC tissues with clinical data. Other datasets that satisfied the following criteria were downloaded from GEO (http://www.ncbi.nlm.nih.gov/geo/): 1) Gene expression data in the microarray datasets included data for both control tissues and CRC tissues, and 2) each microarray contained a minimum of 5 tumor and control tissues. According to the above criteria, 10 GEO datasets were incorporated in this study: GSE9348 (10), GSE44076 (11), GSE4183 (12), GSE20916 (13), GSE37364 (14), GSE44861 (15), GSE81558 (16), GSE22598 (17), GSE113513, and GSE110224 (18).



Identification of Significant DEGs in CRC Samples

We downloaded the series matrix files from GEO and screened them with the R package “limma” for normalization and DEG identification. Then, the RRA method was utilized to integrate the results of these 10 datasets to identify the most significantly upregulated and downregulated genes (Supplementary file 1). Genes with an adjusted P value of <0.05 were considered significantly differentially expressed. For TCGA database analysis, we first separated mRNA and lncRNA data and used the R package “edgeR” (19) to identify DEGs. The following criteria were used to select DEGs: |log(foldchange)|>2 and P value<0.01 (Supplementary file 2). After obtaining the 2 sets of DEGs, we used the R package “WGCNA” to identify clinical trait-related modules (20). We used the online tool “VENN” (http://bioinformatics.psb.ugent.be/webtools/Venn/) to generate a Venn diagram to identify genes shared between the key modules from the TCGA and GEO datasets (21). We ultimately obtained 129 DEGs.



GO and KEGG Functional Enrichment Analyses

We conducted GO enrichment analysis using the online tool Database for Annotation, Visualization, and Integrated Discovery (DAVID; https://david.ncifcrf.gov/) (22) and the R packages “digest” and “GOplot”; an adjusted P value of <0.05 was considered statistically significant. For KEGG pathway analyses, we used the R packages “clusterprofiler” (23), “org.Hs.eg.db”, “enrichplot”, and “ggplot2”, with an adjusted P value of <0.05 considered statistically significant. Both GO enrichment and KEGG analysis results were visualized using the R package “GOplot”.



Hub Genes from the DEG Network

We utilized the online STRING database (https://string-db.org/cgi/input.pl/) to explore connections among the DEGs and visualized these connections by constructing a PPI network with Cytoscape software (version 3.6.1) (24). We utilized cytoHubba MCC to calculate the top 20 hub genes. We analyzed relationships between the 20 hub genes using the R package “psych”.



Development and Validation of the Prognostic Model

We utilized R (version 3.6.1) to generate a matrix that included the clinical information and DEG expression. We used Cox regression analysis to build the prognostic model using the R package “survival” (25, 26) and online tool “SangerBox”. Then, we utilized the R package “randomForest” to validate the prognostic model through risk score and calculate the accuracy, rrror rate, sensitivity and precision from a confusion matrix. The prognostic model was based on the TCGA database.



Diagnostic and Prognostic Value of the Hub Genes

We utilized SPSS to explore the diagnostic value of the genes for CRC and K-M analysis to determine the prognostic value. We validated the differential expression levels between control tissue and tumor tissue with the R packages “limma” and “beeswarm” utilized GSE44076. We utilized the Wilcoxon and Kruskal-Wallis tests to explore the relationship between gene expression and clinical features in the TCGA-COAD and TCGA-READ datasets.



Analysis of the Association of Hub Gene Expression With Tumor-Infiltrating Immune Cell Infiltration

We utilized TISIDB (http://cis.hku.hk/TISIDB/) to explore the relationship between the expression of genes and infiltration of tumor-infiltrating immune cells, including CD4+ T cells, CD8+ T cells, B cells, neutrophils, monocytes, eosinophils, mast cells, DCs, NKT cells, NK cells, MDSCs, and CD56 cells (27, 28). TISIDB is an online tool that includes genomic, transcriptomic and clinical data for 30 cancer types from the TCGA database.



GSEA of Hub Genes

We utilized GSEA, which was downloaded from (https://www.gsea-msigdb.org/gsea/msigdb), to explore the functions of the hub genes. We performed GSEA of the hub genes with the R package “clusterprofiler” (29) in data downloaded from the TCGA-COAD and TCGA-READ datasets and divided 482 samples into two groups: high expression and low expression. We utilized “c2.cp.kegg.v6.2.symbols.gmt” for analysis and to select the top 5 genes. Then, we used the R packages “plyr”, “ggplot2”, “grid”, and “gridExtra” to integrate different significant pathways into a single diagram.



Validation of Protein Expression and Prognostic Value of CLCA1

We utilized GEO online tools PROGgene online database (http://genomics.jefferson.edu/proggene/), The Human Protein Atlas (https://www.proteinatlas.org/), and Kaplan-Meier Plotter (http://kmplot.com/analysis/) to explore the protein expression and prognostic value of CLCA1. The Human Protein Atlas is the online database which provides the distribution of human proteins in tissues and cells, and immunohistochemical techniques are used to examine the distribution and expression of each protein in 48 normal tissues and 20 tumor tissues. Kaplan-Meier Plotter is the online database which including the data from GEO, EGA and TCGA.




Results


Identification of the Significantly Differentially Expressed Genes in the Datasets

Figure 1 shows the workflow of our study. We downloaded CRC samples from the TCGA-COAD and TCGA-READ datasets and identified DEGs between the control tissues and tumor tissues. In total, 2097 genes in the TCGA-COAD dataset and 2887 genes in the TCGA-READ dataset were differentially expressed between tumor and control tissues. The volcano plots of these genes are shown in Figure 2. According to the selection criteria for the GEO data, we selected 10 eligible CRC datasets for exploration. The characteristics of all datasets are shown in Table 1. RRA analysis of the GEO datasets identified 212 significantly downregulated and 136 significantly upregulated genes. The top 20 downregulated and top 20 upregulated genes are shown in a heatmap (Figure 3).




Figure 1 | Analysis workflow of this study.






Figure 2 | Volcano plot of The Cancer Genome Atlas (TCGA) data. (A) Volcano plot depicting the differential expression and distribution of TCGA-COAD data. (B) Volcano plot depicting the differential expression and distribution of TCGA-READ data.




Table 1 | Characteristics of the datasets.






Figure 3 | Significantly differentially expressed genes in Gene Expression Omnibus (GEO) datasets by robust rank aggregation (RRA) analysis. These heatmaps show the top 20 downregulated and top 20 upregulated genes. Each column indicates one dataset, and each row indicates one gene. Green indicates downregulation, and red indicates upregulation. The numbers in the heatmap indicate the logarithmic fold changes in the expression of each gene in the dataset.





WGCNA and Identification of DEGs

To identify the key modules most associated with CRC clinical traits, we performed WGCNA on the significant genes in the TCGA-COAD and TCGA-READ datasets (Figures 4A–E). Clinical information such as age, TNM grade, and survival time was retrieved from TCGA. By setting a soft-thresholding power of 5 (scale free R2 = 0.89), we eventually identified 5 modules. From the heatmap of module-trait correlations, we found that the bule module was the most highly correlated with clinical traits, especially the futime (P=5.2e-10; Figure 4F). The blue module contained a total of 299 genes, as shown in Figure 4F. We combined the genes from the blue module and the RRA analysis and used Venn diagrams to identify significantly DEGs common to the 2 datasets, as shown in Figure 5A. The 129 DEGs were visualized using STRING and Cytoscape software, and CytoHubba MCC was used to calculate the top 20 hub genes, as shown in Figure 5B.




Figure 4 | Identification of key modules correlated with clinical traits in the The Cancer Genome Atlas (TCGA)-COAD and TCGA-READ datasets through Weighted Gene Co-Expression Network Analysis (WGCNA). (A) Clustering dendrograms of genes. Analysis of the scale-free fit index (left) and the mean connectivity (right) for various soft-thresholding powers. (B) Clustering of module eigengenes and a heatmap of adjacent eigengenes. (C) Dendrogram of all differentially expressed genes (DEGs) clustered from TCGA based on a dissimilarity measure. (D) Heatmap of the correlation between module eigengenes and clinical traits of colorectal cancer (CRC). Each cell contains the correlation coefficient and P value. (E) TOM network heatmap of all genes. (F) Scatter plot of module eigengenes in the blue module. The genes in the blue module with significance in futime.






Figure 5 | Identification of differentially expressed genes (DEGs) and hub genes. Gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses of the DEGs. (A) Venn diagram showing the numbers of DEGs. Red indicates blue module genes in Weighted Gene Co-Expression Network Analysis (WGCNA) from the TCGA-COAD and TCGA-READ datasets. Blue indicates significantly differentially expressed genes in robust rank aggregation (RRA) analysis of Gene Expression Omnibus (GEO) datasets. (B) PPI network of 20 hub genes. (C) Chord plot depicting the relationships between the genes and GO biological process (BP) terms. (D) Chord plot depicting the relationships between the genes and GO cellular component (CC) terms. (E) Chord plot depicting the relationships between the genes and GO molecular function (MF) terms. (F) Chord plots depicting the functions of the genes in KEGG pathways.





GO and KEGG Enrichment Analyses of DEGs

We used DAVID to explore the main 3 categories of GO enrichment: biological process (BP), cellular component (CC), and molecular function (MF). In the BP category, we explored bicarbonate transport (P=1.62E-08), one-carbon metabolic process (P=1.57E-06), negative regulation of growth (P=6.97E-06), cellular response to zinc ion (P=6.97E-06) and regulation of intracellular pH (P=9.70E-05) (Figure 5C). In the CC category, we identified plasma membrane (P=7.41E-04), anchored component of membrane (P=0.001050845), integral component of plasma membrane (P=0.007269043), extracellular space (P=0.009771536) and integral component of membrane (P=0.013058288) (Figure 5D). In the MF category, we explored carbonate dehydratase activity (P=1.81E-06), hormone activity (P=4.20E-04), zinc ion binding (P=7.40E-04), chloride channel activity (P=4.76E-04) and transporter activity (P=0.002384793) (Figure 5E). For KEGG pathway analysis, we explored the top 5 pathways that satisfied the criteria of pFilter<0.05 and adjPfilter<1: nitrogen metabolism, pentose and glucuronate interconversions, retinol metabolism, ascorbate and aldarate metabolism, and steroid hormone biosynthesis (Figure 5F).



Biological Value of the Hub Genes

Through CytoHubba MCC calculation, we obtained 20 hub genes. The 20 hub genes, which are shown in Figure 6A, were also closely related to each other. We utilized SPSS to explore their diagnostic value. ROC curve analysis showed that these 20 genes have high diagnostic value for CRC: CLCA1 AUC= 0.959, TMIGD1 AUC= 0.998, SLC30A10 AUC= 0.993, MT1F AUC= 0.933, MT1M AUC= 0.975, MT1G AUC= 0.944, MT1H AUC= 0.947, MT1E AUC= 0.943, GUCA2B AUC= 0.991, GUCA2A AUC= 0.99, SLC26A3 AUC= 0.989, CLCA4 AUC= 0.984, MS4A12 AUC= 0.978, SI AUC= 0.94, SLC9A2 AUC= 0.959, GCG AUC= 0.992, PYY AUC= 0.993, SST AUC= 0.992, SLC4A4 AUC= 0.997, and SLC16A9 AUC= 0.903 (Figure 6B). We also explored the prognostic value of the hub genes, and only CLCA1 was closely related to survival time (Figure 6C); the other genes are shown in Supplementary Figure 1. To further explore the functions of the hub genes, we conducted GO and KEGG analyses. The most significant GO terms for BPs, CCs, and MFs, as well as KEGG pathways, are shown in Figures 6D, E.




Figure 6 | Different values of hub genes and ROC curves of the diagnostic model. (A) Hub genes show strong associations with each other. (B) ROC curves for the hub genes. (C) K-M plot for CLCA1. (D) Circo plot depicting the relationships between the hub genes and gene ontology (GO) terms. (E) Circo plots depicting the functions of the hub genes in Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways. K-M, Kaplan-Meier.





Development and Validation of a Prognostic Model Based on the Hub Genes

We utilized Cox proportional hazards regression analysis of the survival‐related genes to develop the prognostic model (Figures 7A–C). According to the prognostic risk score value, CRC patients were divided into a low-risk and a high‐risk group. The risk score distribution was analyzed and is shown in Figure 7A. The risk scores reflected the 1-year, 3‐year and 5-year survival rates of CRC patients. The AUCs for 1-year, 3‐year and 5-year survival are shown in Figure 7B. K‐M curves were used to show the relationship of the risk score with overall survival (OS) in the low-risk and high-risk groups and verified that a low risk score had a stronger positive association with OS (P=0.0079; Figure 7C).




Figure 7 | Visualization of the prognostic model. (A) The risk score distribution in colorectal cancer (CRC) patients. (B) ROC curves for the 1-year, 3-year and 5-year survival rates of CRC patients. (C) K-M OS curves for the low-risk and high-risk groups.



We utilized randomForest to validate the prognostic model. The training group contained 50 died and 263 living patients, and the validation group contained 23 died and 112 living patients. From the confusion matrix, we obtained the following values: accuracy = 79.3%%, error rate = 20.7%, sensitivity = 85%, and precision = 91.1%.



Assessment of the Clinical Significance of the Hub Genes

Among the 20 hub genes, CLCA1 was associated with survival time. We explored correlations between gene expression levels (Figures 8A, B) and clinical features (Figures 8C–F). CLCA1 was downregulated during CRC, and no differences were identified in its expression across different stages and TNM grades. The persistently downregulated expression of CLCA1 underscores its diagnostic effectiveness.




Figure 8 | Visualization of correlations between CLCA1 expression levels and clinical features. GSEA of CLCA1. (A) Differences in CLCA1 expression between control tissues and CRC tissues. (B) Differential expression of CLCA1 between tumor tissues and adjacent tissues. (C) Differences in CLCA1 expression between different clinical stages. (D) Differences in CLCA1 expression between different T stages. (E) Differences in CLCA1 expression between different N stages. (F) Differences in CLCA1 expression between different M stages. T, tumor; N, regional lymph node; M, metastasis. (G) GSEA for CLCA1. GSEA, Gene set enrichment analysis.





GSEA for Hub Genes

We performed GSEA to investigate the potential functions of CLCA1 in CRC in the TCGA-COAD and TCGA-READ datasets (Figure 8G). The top 5 upregulated pathways in which CLCA1 was enriched included “ascorbate and aldarate metabolism”, “butanoate metabolism”, “fatty acid metabolism”, “starch and sucrose metabolism”, and “valine, leucine, and isoleucine degradation”.



Relationship of Hub Genes with Immune Infiltration of CLCA1

We utilized TISIDB to explore the relationship between hub gene expression levels and lymphocyte levels in colon and rectal cancer. CLCA1 exhibited no relationship or only a weak relationship with immune infiltration (Figure 9). CLCA1 expression was closely correlated with Th17 (rho=0.379, P=3.71e-19) levels in colon cancer and with Act-B (rho=0.419, P=2.46e-08), ImmB (rho=0.365, P=1.5e-06), neutrophil (rho=0.414, P=3.68e-08), and Th17 (rho=0.517, P<2.2e-16) levels in rectal cancer.




Figure 9 | Relationship with immune infiltration. CLCA1 in colon cancer and rectal cancer.





Validation of Protein Expression and Prognostic Value of CLCA1

We utilized GEO datasets to valdiate the CLCA1,P value was >0.05 (Supplementary Figure 2). We also utilized The Human Protein Atlas and Kaplan-Meier Plotter database to validate the protein expression and prognostic value of CLCA1 (Figure 10). The protein expression in normal colon tissue was significantly higher than that in colon cancer tissue, and the same was true in the rectum. Both of the two databases showed the good prognostic value for CRC, the P value of The human protein atlas is <0.001 and KM plotter database is 0.0064.




Figure 10 | Validation prognostic value. (A) Prognostic value in The Human Protein Atlas. (B) Prognostic value in Kaplan-Meier Plotter. (C) Immunohistochemical in The Human Protein Atlas of colon. (D) Immunohistochemical in The Human Protein Atlas of rectum.






Discussion

CRC is the most frequently diagnosed gastrointestinal cancer (30), and the current colonoscopic diagnosis of CRC has limitations (31); therefore, identifying a significant biomarker for CRC is necessary. Gene microarrays were utilized to discover novel biomarkers or therapeutic targets for CRC (32). To our knowledge, our work is the first to combine RRA analysis of GEO datasets with WGCNA of TCGA datasets to explore the significant genes associated with CRC. Some diseases of the intestinal tract, such as intestinal polyps (33) and inflammatory bowel disease (34), can have symptoms similar to those of CRC and can also develop into cancer. To explore potential DEGs between tumor tissue and noncancerous tissue, we compared normal tissue, normal matched tissue and paratumor tissue with CRC tissue as control tissue. We integrated 10 datasets from GEO, TCGA-COAD and TCGA-READ and identified robust DEGs, such as SST (35), SLC26A3 (36), and SLC4A4 (37), which have been reported to be diagnostic biomarkers or therapeutic targets for CRC.

We used GO and KEGG enrichment analyses to explore the functions of the DEGs identified by overlapping the DEGs in the 3 datasets. GO analysis indicated that negative regulation of growth, bicarbonate transport, and transporter activity (38–40) were closely related to the development and growth of cancer; some KEGG pathways, such as nitrogen metabolism and retinol metabolism, were also linked to the pathogenesis of CRC. Nitrogen is an essential biomolecule in humans and regulates cellular metabolism, and retinol is a form of vitamin A closely related to immune functions (41, 42). Based on the results of the GO and KEGG enrichment analyses, the DEGs were closely associated with CRC occurrence and development.

Cytohubba can extract key sub-networks, and MCC is a newer algorithm of cytohubba. To identify the key genes among 129 DEGs, we utilized MCC to determine the top 20 hub genes (CLCA1, TMIGD1, SLC30A10, MT1F, MT1M, MT1G, MT1H, MT1E, GUCA2B, GUCA2A, SLC26A3, CLCA4, MS4A12, SI, SLC9A2, GCG, PYY, SST, SLC4A4, and SLC16A9). To explore the potential functions of the hub genes, we utilized R packages, ROC curves, K-M analysis, and GO and KEGG analyses. According to the results, all the hub genes were closely related to each other and had high diagnostic value, but only CLCA1 was associated with survival time. In addition, the hub genes were closely associated with the development of CRC.

To determine the hub genes significantly associated with overall survival, we utilized Cox proportional hazards regression analysis to develop a prognostic model. We explored each gene’s characteristics. Used ROC curve and random forest analysis to verify the model. The AUC values were high for 1-year, 3-year, and 5-year survival, all of which demonstrated the intermediate value of the prognostic model. Then, we calculated the risk score of each patient and divided the patients into a high-risk group and a low‐risk group. K-M risk survival analysis showed that the model can predict survival time. Then we utilized the random forest method to validate the prognostic model for CRC, which showed high prognostic value for CRC. The yielded the following values: accuracy = 79.3%, sensitivity = 85% which reflecting good prognositc value for CRC. Among the hub genes, only CLCA1 was associated with a good prognosis in CRC but their dignostic value is very high. In accordance with the expected results, the expression of CLCA1 protein was down-regulated in colorectal cancer tissues. To demonstrate the prognostic value of CLCA1, we conducted the external validation in three online databases and the results of The Human Protein Atlas and KMplotter showed that CLCA1 has a high prognostic value. The results were inconsistent with GEO database, and the unsatisfactory results of validation of GEO database may be related to the possible influencing factors such as sample size, experimental environment and methods.

Although CLCA1 has a high prognostic value for CRC, the mechanism of its influence is unclear. To further explore its characteristics, we analyzed differences in CLCA1 expression levels between tumor and normal tissues, across clinical stages, and across TNM stages. There was a large difference between tumor and normal tissues, but no significant differences were found across the different stages of CRC. This pattern indicates that CLCA1 levels decrease starting from the initial development of CRC and have diagnostic value at every stage of CRC. The characteristic expression of CLCA1 may provide a new perspective for exploring CRC at the gene level and serve as a useful diagnostic biomarker for CRC.

To explore the mechanisms of the hub genes in CRC, we utilized TISIDB and the R package “estimate” to assess immune infiltration and GSEA data of biological functions for CLCA1. TISIDB and the estimated score analysis indicated that CLCA1 had a weak relationship with lymphocyte expression and was expressed mainly in CRC cells. GSEA indicated that CLCA1 was enriched in “ascorbate and aldarate metabolism”, “butanoate metabolism”, “fatty acid metabolism”, “starch and sucrose metabolism”, and “valine, leucine, and isoleucine degradation”, suggesting that CLCA1 can influence CRC development and progression through different metabolic pathways. This result provides new insight into the mechanism and pathology of CRC.

In summary, we determined that CLCA1 could be used as a prognostic marker for CRC and correlated with immune infiltration. It may be a potential therapeutic target for CRC to improve the prognosis of patients. However, our work has some limitations. First, more work needs to be done on the pathogenic immune responses and gene expression in CRC cells to identify the mechanism linking the immune response with the development of CRC. Second, validation in GEO datasets is not ideal and pure bioinformatics analysis cannot well prove the prognostic significance of CLCA1 in colorectal cancer, in future research we will focus on large-scale population for further investigation. Furthermore, basic research needs to be done to verify our model and the regulatory mechanism in vitro and in vivo.
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Background: Preoperative grading of hepatocellular carcinoma (HCC) is an important factor associated with prognosis after liver resection. The promising prediction of the differentiation of HCC remains a challenge. The purpose of our study was to investigate the value of amide proton transfer (APT) imaging in predicting the histological grade of HCC, compared with the intravoxel incoherent motion (IVIM) imaging.

Methods: From September 2018 to February 2020, 88 patients with HCC were enrolled and divided into four groups (G1, G2, G3, and G4) based on the histologic grades. Preoperative APT signal intensity (SI), apparent diffusion coefficient (ADC), true molecular diffusion coefficient (D), pseudo-diffusion coefficient (D*), and perfusion fraction (f ) of HCC were independently measured by two radiologists. The averaged values of those parameters were compared using an analysis of variance. The Spearman rank analysis was used to compare the correlation between those imaging parameters and the histological grades. Receiver operating characteristic (ROC) curve analysis was used to explore the predictive performance.

Results: There were significant differences in APT SI, ADC, D, and f among the four grades of HCC (all P < 0.001). A moderate to good relationship was found between APT SI and the histologic grade of HCC (r = 0.679, P < 0.001). APT SI had an area under the ROC curve (AUC) of 0.890 (95% CI: 0.805–0.947) for differentiating low- from high-grade HCC, and the corresponding sensitivity and specificity were 85.71% and 82.05%, respectively. Comparison of ROC curves demonstrated that the AUC of APT SI was significantly higher than those of IVIM-derived parameter (Z = 2.603, P = 0.0092; Z = 2.099, P = 0.0358; Z = 4.023, P = 0.0001; Z = 2.435, P = 0.0149, compared with ADC, D, D*, and f , respectively). Moreover, the combination of both techniques further improved the diagnostic performance, with an AUC of 0.929 (95% CI: 0.854–0.973).

Conclusion: APT imaging may be a potential noninvasive biomarker for the prediction of histologic grading of HCC and complements IVIM imaging for the more accurate and comprehensive characterization of HCC.

Keywords: hepatocellular carcinoma, amide proton transfer, intravoxel incoherent motion, histologic grade, prediction


INTRODUCTION

Hepatocellular carcinoma (HCC) is the most common primary liver cancer, and its incidence has been increasing worldwide in recent decades (1). Notably, frequent tumor recurrence is observed in some cases after liver resection (2). After hepatic resection, patients with early tumor recurrence have a worse survival rate than those with late tumor recurrence (3). It has been reported that histological grading of HCC is one of the most important predictive factors for early tumor recurrence and prognosis after curative liver resection (4). Thus, to select the optimal therapeutic strategy and help to direct the proper management of HCC patients, it will be of great clinical significance to develop a more accurate tool to evaluate the histologic grade of HCC prior to liver resection.

With the development of diagnostic imaging techniques, especially advanced magnetic resonance (MR) imaging, many researchers have attempted to develop useful and noninvasive imaging biomarkers for the grading of HCC. Recently, conventional diffusion-weighted imaging (DWI) and intravoxel incoherent motion (IVIM) diffusion-weighted MR imaging (5–7) have shown their potential values in providing useful biomarkers for the prediction of HCC grading. The IVIM model, a common MR imaging technique, can obtain additional quantitative parameters that describe water diffusivity, perfusion (pseudo diffusion coefficient), and the perfusion fraction of tissues compared with conventional DWI. In recent years, the IVIM approach has been one of the most widely used MR imaging techniques to evaluate the histologic grade of HCC (6, 8).

Chemical exchange saturation transfer imaging (CEST) is one of the routine magnetization transfer techniques, which can be used to detect the characteristics of the mobile protein and amino acid in human body (9). Amide proton transfer (APT) imaging was developed as one of the CEST imaging techniques (10) and mainly measures the chemical transfer properties of amide protons located at the +3.5 ppm, thus enabling indirect determination of cellular mobile protein and peptide levels (11). Recently, investigators have attempted to study the potential value of APT imaging in estimating the histological grade of tumor. In a recent prospective study (12), APT imaging-guided stereotactic biopsy was performed in patients with gliomas, and the authors found that the APT SIs in the high-grade specimens were significantly higher than those in the low-grade specimens. Additionally, the APT imaging has also been applied to endometrioid endometrial adenocarcinoma (EEA) (13) and squamous cell carcinoma of the cervix (SCCC) (14) to evaluate the tumor characteristics. As a novel contrast mechanism in the field of molecular imaging, APT imaging has provided new diagnostic ideas for the grading of HCC. A recent study has revealed that both APT imaging and DWI had good diagnostic performance in differentiating high- from low-grade of HCC, indicating that APT imaging may be a useful imaging biomarker that complements DWI for the more accurate and comprehensive HCC characterization (15).

Although both the IVIM and APT imaging have been used to evaluate the histologic grade of HCC, the application of APT imaging on HCC is still limited, and whether APT imaging can provide a better diagnostic performance for differentiating HCC grades than IVIM-derived parameters has not been fully understood. Thus, the purpose of the present study was to investigate the utility of APT imaging for evaluating the histologic grade of HCC, compared with the IVIM-derived parameters.



MATERIALS AND METHODS


Patients

This prospective study was approved by the institutional review board and followed the ethical guidelines of the Declaration of Helsinki, and written informed consent was acquired from each subject before inclusion. From September 2018 to February 2020, 127 patients with suspected HCC based on clinical history and/or previous ultrasonography and/or CT were initially enrolled and underwent preoperative liver MR imaging. Patients were included based on the following criteria: (1) with primary HCC lesions that had not been previously treated; (2) aged ≥18 years; (3) had no contraindication to MR examinations; (4) did not undergo any form of contrast-enhanced examination 24 h before APT and IVIM imaging.

Thirty-nine patients were excluded due to various reasons: (1) did not undergo surgery and/or histopathological examination (n = 17); (2) had a history of preoperative treatment prior to MR imaging, such as radiofrequency ablation, transarterial chemoembolization, percutaneous ethanol injection, or a combination of these (n = 9); (3) were not diagnosed with HCC after evaluating the final histopathological examinations (n = 7); (4) had a low quality of MR images (n = 3); and (5) had tumor lesions smaller than 1 cm (n = 3). Eighty-eight patients (78 males and 10 females; mean age 53.45 ± 13.67 years, range from 31 to 67 years) with histopathological-confirmed HCC were finally included. The etiology of liver disease included hepatitis B virus (n = 74), hepatitis C virus (n = 10), and others (n = 4). The mean tumor size was 7.82 ± 3.65 cm. According to the major Edmondson and Steiner grading system on the final pathologic reports, all the tumors were histologically classified as follows: grade 1 (G1, n = 19), grade 2 (G2, n = 30), grade 3 (G3, n = 28), and grade 4 (G4, n = 11). Furthermore, G1 and G2, and G3 and G4 were defined as low- and high-grade HCC, respectively, based on the evidence that significant differences in long-term survival were demonstrated between low- and high-grade HCC (16, 17).



Data Acquisition

All patients underwent liver MR scanning on a 3T device (GE DISCOVERY MR750; GE Healthcare, Milwaukee, Wisconsin, USA) with a 32-channel phased-array torso coil. The scans ranged from the top of the diaphragm to the lower edge of the liver. All patients were instructed to fast and abstain from food and water for 6–8 h prior to MR examinations, and the patients were also trained in the techniques of even breathing and breath-holding. First, conventional liver MR images were obtained using an axial respiratory-triggered fat-suppressed fast spin-echo T2-weighted imaging sequence and a three-dimensional Liver Acquisition with Volume Acceleration-Flexible (LAVA-Flex) sequence with breath-hold. The total scanning time of the conventional MR imaging was ~7 min. After conventional MR scanning, two-dimensional axial APT imaging was performed using a single-shot fast spin echo-planar imaging sequence with free-breathing (Fermi pulses, with a power level of 2 μT and a total saturation duration of 2 s for four multiple pulses). To obtain an APT z-spectrum, the APT imaging was repeated at 49 saturation frequency offsets (from 600 to −600 Hz with an interval of 25 Hz). In addition, three unsaturated images at the offset of 5,000 Hz were also acquired for signal normalization. Specifically, the “frequency of 5000 Hz”, i.e., 39 ppm (1 ppm = 128 Hz on 3 T), is far away from water in 4.7 ppm and other metabolites (±12 ppm) that can have CEST effect. Therefore, there will not be any “CEST-effect” when using saturation pulse at the frequency offset of 5,000 Hz, and this z-spectrum can be taken as water signal S0 for calculation. The APT images were acquired through a single section that was selected as the one showing the maximum tumor area according to axial T2-weighted imaging, and the total acquisition time of APT imaging was 2 min and 10 s. Acquisition of IVIM was performed by using a spin-echo echo-planar imaging sequence with free-breathing, and the b values were 0, 20, 40, 80, 160, 200, 400, 600, 800, and 1000 s/mm2. The total scanning time for IVIM imaging was 5 min. Detailed MR imaging parameters are summarized in Table 1.


Table 1. MRI parameters.
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Data Analysis

In CEST imaging, the magnetic transfer ratio (MTR) was defined as 1 – Ssat/S0, where S0 and Ssat are the water signals before and after pulse saturation, respectively (10). For APT imaging, the asymmetry analysis at 3.5 ppm downfield from the water signal was calculated as MTRasym (3.5 ppm): MTRasym (3.5 ppm) = Ssat (−3.5 ppm)/S0 – Ssat (+3.5 ppm)/S0 = MTR'asym (3.5 ppm) + APTR, where MTR'asym is the inherent asymmetry of the conventional magnetization transfer effect and APTR is the APT ratio (10). As a result, the measured MTRasym (3.5 ppm) values can be defined as the apparent APT SIs, and therefore, it is appropriate to define the calculated MTRasym (3.5 ppm) images as APT-weighted imaging. In our study, the APT SI was defined as MTRasym (3.5 ppm) × 100 (%). The detailed analysis methods of the parameters derived from APT and IVIM imaging have been described previously (13, 18). After data acquisition, the images were transferred to a GE AW4.6 workstation (Advantage workstation 4.6; GE Healthcare, Milwaukee, Wisconsin, USA) and data analysis was performed independently by two observers (observer 1, B.L.W., and observer 2, F.J., with 7 and 5 years of experience in liver MR imaging, respectively) who were blinded to the histopathological results. Borders were drawn along the edge of the tumor on the original images of the IVIM and APT sequences by referring to the conventional T1- and T2-weighted images. On the largest diameter of each lesion, three regions of interest (ROIs) with the same size (~100 mm2) were manually delineated in the solid part of the tumor, carefully avoiding the edge of the tumor and areas of cystic degeneration, necrosis, and bleeding. The ROIs were automatically copied to the APT and IVIM pseudo-colored maps to obtain the mean APT SI, apparent diffusion coefficient (ADC), true molecular diffusion coefficient (D), pseudo-diffusion coefficient (D*), and perfusion fraction (f ) values for each ROI. We calculated the averaged values of the three ROIs for each parameter, and the averaged values calculated by the two observers were recorded for further analysis. In patients with multifocal lesions, the lesion with the largest diameter was chosen for analysis.



Pathologic Evaluation

The pathologic evaluation was performed for the surgically resected specimens from the 88 patients by a pathologist (a non-author with 31 years of experience in liver pathology) who was blinded to the liver MR imaging results. Three aspects were included in the pathologic reports: the histologic grade, size, and location. Based on the Edmondson and Steiner grading system (19), the major (predominant grade within the tumor) and worst (grade of the most poorly differentiated region) histologic grade of HCC was reported. One of the authors (X.K.L.) was responsible for the collection of pathologic data.



Statistical Analysis

A Shapiro–Wilk test was used to evaluate the normal distribution of the imaging parameters. Then, if those parameters were determined to be normally distributed, we calculated the intraclass correlation coefficient (ICC), a measurement reflecting the differences in reliability between the two independent observers, to assess the reproducibility of those imaging parameters: excellent agreement (ICC ≥ 0.75), good agreement (0.60 ≤ ICC ≤ 0.74), fair agreement (0.40 ≤ ICC ≤ 0.59), and poor agreement (ICC < 0.40) (13). The differences in APT SI and IVIM-derived parameters among different HCC grades were analyzed using an analysis of variance (ANOVA), followed by a post-hoc test using least significant difference method. The Spearman rank analysis was used to compare the correlation between those imaging parameters and the histological grades. The correlation coefficient, rho (r), was obtained to compare the degree of the correlations as follows: little or no relationship (0 ≤ r < 0.25), fair (0.25 ≤ r < 0.5), moderate to good (0.5 ≤ r < 0.75), and very good to excellent (r ≥ 0.75) (6). A Bland–Altman plot analysis was used to illustrate the agreement between the interobserver measurements, receiver operating characteristic (ROC) analyses were performed to evaluate the diagnostic performance of the APT SI and IVIM-derived parameters in distinguishing the low-grade (G1 and G2) and high-grade (G3 and G4) HCC, and the optimal cutoff values and the corresponding sensitivity and specificity values were calculated. Delong test (20) was used for the comparison of ROC curves. Statistical analyses were performed using SPSS software version 22.0 (IBM SPSS Statistics, Armonk, NY) and MedCalc software version 19.2.0 (MedCalc, Mariakerke, Belgium). A P < 0.05 was considered to indicate a significant difference.




RESULTS


Interobserver Agreement

The Shapiro–Wilk test revealed that all the quantitative imaging parameters measured by the two observers were normally distributed (observer 1: P = 0.124 for APT SI, 0.167 for ADC, 0.247 for D, 0.089 for D*, and 0.234 for f ; observer 2: P = 0.215 for APT SI, 0.221 for ADC, 0.283 for D, 0.142 for D*, and 0.198 for f ). The ICCs between the two observers were 0.998 [95% confidence interval (CI): 0.996–0.998], 0.989 (95% CI: 0.983–0.993), 0.995 (95% CI: 0.993–0.997), 0.994 (95% CI: 0.990–0.996), and 0.996 (95% CI: 0.994–0.998) for APT SI, ADC, D, D*, and f , respectively, suggesting an excellent reliability. The Bland–Altman analysis of the APT SI and IVIM-derived parameters measured by the two observers showed good concordance, with at most five values beyond the 95% limits of agreement (Figure 1).


[image: Figure 1]
FIGURE 1. Bland–Altman plots showing the distribution of the differences of the APT SI (A), ADC (B), D (C), D* (D), and f (E) between the two observers. The dark blue horizontal solid line represents the mean difference, and the two dark red horizontal lines represent the limits of agreement, which are defined as the mean difference plus or minus 1.96 times the standard deviation of the differences.




Comparisons of APT SI and IVIM-Derived Parameters

As shown in Table 2 and Figure 2, there were significant differences in APT SIs, ADC, D, and f values among different tumor grades. Pairwise comparisons revealed significant differences in APT SIs between G1 and G3, G1 and G4, G2 and G3, and G2 and G4; and in D between G1 and G2, G1 and G3, G1 and G4, and G2 and G4; and in ADC between G1 and G2, G1 and G3, and G1 and G4; and in f between G1 and G2, G1 and G3, and G1 and G4 (all P < 0.05). Figures 3, 4 show MR images of two patients with low- and high-grade HCC, respectively.


Table 2. Comparisons of the APT- and IVIM-derived parameters among different histological grades of HCC.
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[image: Figure 2]
FIGURE 2. Plots show individual data points, averages (transverse lines), and standard deviations (vertical lines) of APT SI (A), ADC (B), D (C), D* (D), and f (E) for each HCC grade. *P < 0.05; **P < 0.01; ***P < 0.001 for pairwise comparisons.



[image: Figure 3]
FIGURE 3. Preoperative MR images of one lesion in a 52-year-old man with grade 2 HCC. (A) T2-weighted image, (B) APT image of HCC fused with T2-weighted imaging indicates that the average APT SI value determined by two observers is 3.17%, (C–F) IVIM-derived pseudo-colored maps of HCC (ADC, D, D*, and f , respectively) fused with T2-weighted imaging indicate that the average ADC, D, D*, and f values determined by two observers were 1.54 × 10−3 mm2/s, 1.59 × 10−3 mm2/s, 100.18 × 10−3 mm2/s, and 34.55%, respectively.



[image: Figure 4]
FIGURE 4. Preoperative MR images of one lesion in a 47-year-old man with grade 4 HCC. (A) T2-weighted image, (B) APT image of HCC fused with T2-weighted imaging indicates that the average APT SI value determined by two observers is 6.35%, (C–F) IVIM-derived pseudo-colored maps of HCC (ADC, D, D*, and f , respectively) fused with T2-weighted imaging indicate that the average ADC, D, D*, and f values determined by two observers were 1.14 × 10−3 mm2/s, 0.45 × 10−3 mm2/s, 98.41 × 10−3 mm2/s, and 27.52%, respectively.




Correlation of Histologic Grade With APT SI and IVIM-Derived Parameters

The Spearman correlation coefficients between the parameters derived from APT and IVIM imaging and the histopathological grades of HCC are shown in Table 3. A moderate to good relationship was found between APT SI and the histologic grade of HCC (r = 0.679, P < 0.001). There was also a moderate to good relationship between the histologic grade of HCC and D and f (r = −0.517, P < 0.001 and r = 0.502, P < 0.001, respectively). A fair relationship was demonstrated between the histologic grade of HCC and ADC (r = −0.433, P < 0.001), and a little relationship was found between the histologic grade of HCC and D* (r = −0.247, P < 0.021).


Table 3. Spearman correlation coefficients of the APT- and IVIM-derived parameters with the histopathological grades of HCC.

[image: Table 3]



ROC Analysis for Diagnostic Performance of APT SI and IVIM-Derived Parameters

As shown in Figure 5, the ROC analyses demonstrated a better diagnostic performance of APT SI [area under the ROC curve (AUC) = 0.890, 95% CI: 0.805–0.947] than IVIM-derived parameters [AUCs for ADC, D, D*, and f were 0.713 (95% CI: 0.606–0.804), 0.757 (95% CI: 0.654–0.842), 0.612 (95% CI: 0.502–0.714), and 0.733 (95% CI: 0.628–0.822), respectively] for differentiating low- from high-grade HCC. Furthermore, the combination of APT SI and DKI-derived parameters showed an improvement of diagnostic performance, with an AUC of 0.929 (95% CI: 0.854–0.973). Corresponding sensitivity, specificity, and optimal cutoff values are listed in Table 4. Moreover, comparison of ROC curves demonstrated that the AUC of multivariant parameters (APT combined with IVIM) was significantly higher than those of univariant parameters (Z = 2.029, P = 0.0452; Z = 3.428, P = 0.0006; Z = 3.508, P = 0.0005; Z = 4.878, P < 0.0001; Z = 3.302, P = 0.0010, compared with APT SI, ADC, D, D*, and f , respectively), and the AUC of APT SI was significantly higher than those of IVIM-derived parameter (Z = 2.603, P = 0.0092; Z = 2.099, P = 0.0358; Z = 4.023, P = 0.0001; Z = 2.435, P = 0.0149, compared with ADC, D, D*, and f , respectively).


[image: Figure 5]
FIGURE 5. ROC analyses of the APT SI and IVIM-derived parameters for differentiating low- from high-grade HCC. The AUCs for APT SI, ADC, D, D*, and f were 0.890, 0.713, 0.757, 0.612, and 0.733, respectively, and a combination of both techniques improves the AUC to 0.929.



Table 4. Diagnostic performance of the APT- and IVIM-derived parameters in differentiating the low- from high-grade HCC.
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DISCUSSION

Our study demonstrated differences in values of preoperative APT SI, D, ADC, and f among different histologic grades of HCC. In addition, compared with IVIM-derived parameters, APT SI was more correlated with the histologic grade of HCC (r = 0.679, P < 0.001). Furthermore, comparisons of the ROC curves showed that the AUC of APT SI was significantly higher than that of each IVIM-derived parameter. Our findings indicate that the APT imaging, a novel molecular MR imaging technique, may be more accurate in differentiating low- from high-grade of HCC than IVIM imaging, with a sensitivity and specificity of 85.71% and 82.05%, respectively.

The potential value of APT imaging in estimating the histologic grades of tumors, such as SCCC (14, 21), diffuse gliomas (22), and EEA (13), has been demonstrated by previous studies. For example, Li et al. investigated the application of APT imaging in estimating histologic grades of SCCC and found that APT SI was positively correlated with the SCCC grades (14). Previous studies have demonstrated a progressive increase of APT SI from low- to high-grade of gliomas and positive correlations between APT SI and Ki-67 LI and between APT SI and cell density (12, 22). Moreover, a positive correlation between the APT SI and the histologic grades of EEA was demonstrated by a recent study (13). Thus, our findings are compatible with these previous studies and indicate that APT imaging may be a promising method for predicting the histologic grades of tumors.

Theoretically, the effect of APT imaging in tumor is primarily correlated with the tissue content of labile amide protons of mobile proteins (23, 24). In the present study, we found that the APT SIs progressively increased from low- to high-grade HCC. In line with our finding, a recent study found that the APT SIs of high-grade HCC were significantly higher than those of low-grade HCC (15). Malignant tumors often show obvious cell and structural atypia, including an increase in the nuclear-to-cytoplasmic ratio, megakaryocytes and malformed nuclei appear, and the number of ribosomes in the cytoplasm also increase (14). As HCC becomes more poorly differentiated during hepatocarcinogenesis, cellular density and nuclear-to-cytoplasmic ratios increase, while the architecture becomes more complicated (25). The association of high APT SI values and high cellularity and proliferation has been clearly demonstrated in brain tumors (11, 12, 26). Therefore, the upward trend in APT SI for high-grade HCC may be associated with several factors, such as a higher tumor cell proliferation rate and cellular density.

Additionally, we found significant differences in D, ADC, and f values among different HCC grades, and higher-grade HCC had lower D and ADC values than lower-grade HCC. IVIM imaging can reflect the characteristics of lesions in terms of cell density, microcirculation perfusion, and tissue complexity (18). As reported previously, a decrease in both ADC and D values may be attributed to the increased cellular density, nuclear-to-cytoplasmic ratios, and architectural complications in higher-grade HCC (27). In line with our findings, Zhu et al. reported a downward shift of D and ADC values from low- to high-grade HCC (8).

Furthermore, we found a moderate to good relationship between the histologic grade of HCC and D and f (r = −0.517, P < 0.001 and r = 0.502, P < 0.001, respectively). A recent study also showed a moderate to good relationship between the histologic grade of HCC and D (8), which is consistent with our study. Further ROC curve analysis revealed that the AUC of D was higher than that of ADC (0.757 vs. 0.713). A recent meta-analysis focusing on the diagnostic accuracy of quantitative diffusion parameters in the pathological grading of HCC has confirmed that the D value was superior to the ADC value for discriminating the HCC grade, which supports our findings (28). However, APT SI showed the highest AUC (AUC = 0.890; 95% CI: 0.805–0.947) in differentiating low- from high-grade HCC, and the AUC of APT SI was significantly higher than those of the IVIM-derived parameters, indicating that APT imaging is more accurate to predict the histologic grade of HCC than IVIM imaging. We further analyzed the additive value of APT to IVIM imaging in the differentiation between low- and high-grade HCC. The results revealed that a combination of both MR imaging techniques (APT and IVIM) could further improve the diagnostic performance. Therefore, our findings suggest that APT imaging is superior to IVIM imaging in the evaluation of HCC characteristics, and a combination of both can provide a more accurate and comprehensive reflection to HCC characteristics.

We acknowledged several limitations of our study. First, the APT imaging was obtained for only one section per patient because of time limitations for the imaging protocol; thus, we could only acquire the imaging parameters on the maximum tumor area. Second, the IVIM and APT sequences are based on EPI acquisition, with low resolution and poor signal-to-noise ratio, which are easily affected by motion and susceptibility artifacts (29). In addition, the IVIM and APT images were acquired with free breathing, resulting in decreased signal-to-noise ratio on parameter maps. However, the free-breathing protocol was recommended in several studies (30, 31) because of its good reproducibility and shorter acquisition time compared with that of respiratory-triggered and breath-hold imaging. Third, the freehand ROI analysis could produce definite artificial errors, which might affect the accuracy of the values of those quantitative imaging parameters. Fourth, the APT imaging can be affected by fat (32), and liver may have higher fat fraction compared to lots of other organs. However, our study did not measure the fat signal of liver due to limited scanning time, and whether there is a linear trend between APT SI and fat signal is unclear. Thus, future studies are needed to clarify this question. Fifth, this is a single-center study with a relatively small sample size. A prospective cohort study with a large sample size is needed in the future to provide more reliable findings.

In summary, our study showed that APT SI was positively correlated with the histologic grading of HCC and had a better diagnostic performance than IVIM-derived parameters in differentiating low- from high-grade HCC. Moreover, a combination of both techniques further improved the diagnostic performance, suggesting a complementary effect between APT and IVIM imaging. These findings indicate that APT imaging may be a potential noninvasive biomarker for the prediction of histologic grading of HCC and can provide helpful quantitative MR imaging information to assist in HCC diagnosis and clinical treatment strategy. In the future, large-scale investigations are needed to confirm the value of APT imaging in HCC diagnosis and grading.
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The survival of pancreatic cancer patients can be greatly improved if their disease is detected at an early, potentially curable stage. Magnetic resonance molecular imaging (MRMI) of oncoproteins is a promising strategy for accurate, early detection of the disease. Here, we test the hypothesis that MRMI of extradomain-B fibronectin (EDB-FN), an abundant oncoprotein in the tumor extracellular matrix, can overcome the stromal barriers of pancreatic cancer to facilitate effective molecular imaging and detection of small tumors. Specimens of normal, premalignant, and malignant human pancreatic tissues were stained with a peptide-fluorophore conjugate (ZD2-Cy5.5) to assess EDB-FN binding and expression. MRMI with ZD2-N3-Gd(HP-DO3A) (MT218) specific to EDB-FN and MRI with Gd(HP-DO3A) were performed in three murine models bearing human pancreatic cancer xenografts, including a Capan-1 flank model, a BxPC3-GFP-Luc and a PANC-1-GFP-Luc intrapancreatic xenograft model. Tumor enhancement of the contrast agents was analyzed and compared. Staining of human tissue samples with ZD2-Cy5.5 revealed high EDB-FN expression in pancreatic tumors, moderate expression in premalignant tissue, and little expression in normal tissue. MRMI with MT218 generated robust intratumoral contrast, clearly detected and delineated small tumors (smallest average size: 6.1 mm2), and out-performed conventional contrast enhanced MRI with Gd(HP-DO3A). Quantitative analysis of signal enhancement revealed that MT218 produced 2.7, 2.1, and 1.6 times greater contrast-to-noise ratio (CNR) than the clinical agent in the Capan-1 flank, BxPC3-GFP-Luc and PANC-1-GFP-Luc intrapancreatic models, respectively (p < 0.05). MRMI of the ECM oncoprotein EDB-FN with MT218 is able to generate superior contrast enhancement in small pancreatic tumors and provide accurate tumor delineation in animal models. Early, accurate detection and delineation of pancreatic cancer with high-resolution MRMI has the potential to guide timely treatment and significantly improve the long-term survival of pancreatic cancer patients.
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INTRODUCTION

Pancreatic cancer (PaCa) is responsible for a large and rapidly growing number of cancer deaths (1). PaCa prognosis remains poor, with a 5-year survival rate of merely 9% (2, 3). Patients often present with advanced-stage PaCa that has metastasized or cannot be surgically resected (1). Analysis of post-surgical outcomes suggests that the detection and removal of early-stage disease results in dramatically improved survival or disease cure (4). However, current strategies for PaCa diagnosis are not sensitive for early-stage disease. Contrast enhanced computed tomography (CE-CT) is the most commonly utilized for imaging of PaCa (5), but has difficulty for diagnosing small and potentially curable tumors, lymph node metastasis, and liver metastasis (5–8). Contrast enhanced magnetic resonance imaging presents superior soft tissue contrast and excellent spatial resolution, and is increasingly utilized in PaCa diagnosis (5, 9). However, the existing clinical contrast agents are not tumor-specific, and suffer from poor sensitivity in detecting small tumors (10). Development of tumor-specific contrast agents would improve intratumoral contrast agent accumulation and maximize the advantages of MRI for accurate detection and delineation of early-stage PaCa. There is an unmet need for safe and effective targeted MRI contrast agents that can detect early-stage PaCa.

Pancreatic cancer has a dense tumor stroma that impedes binding of molecular imaging agents that target cell-surface molecules and presents a formidable barrier for effective molecular imaging and cancer detection. Nevertheless, its unique extracellular matrix (ECM) molecular signature can be exploited to generate image contrast for precision molecular imaging and detection of small tumors (11–13). Extradomain B fibronectin (EDB-FN) is an oncofetal splice variant of fibronectin, and is reestablished in malignancy, but absent in most normal tissues (14–19). EDB-FN in the tumor ECM is readily accessible for specific binding of an imaging agent for effective molecular imaging of PaCa tumors. Its abundance in aggressive tumors allows rapid binding of sufficient targeted contrast agent to generate robust signal enhancement in magnetic resonance molecular imaging (MRMI). Therefore, EDB-FN is a promising target molecular imaging and early detection of PaCa with MRMI.

We previously developed an oligopeptide, TVRTSAD (ZD2), that binds with high specificity to EDB-FN (16). ZD2 targeted MRI contrast agents have been developed and tested for MRMI of EDB-FN in aggressive breast cancer and prostate cancer models (15, 16, 20). The targeted contrast agent ZD2-N3-Gd(HP-DO3A) (MT218) was developed by conjugating ZD2 peptide to a clinical macrocyclic contrast agent Gd(HP-DO3A) (16, 20). MT218 has a higher T1 relaxivity than Gd(HP-DO3A) and has demonstrated superior contrast enhancement in aggressive breast and prostate cancers (15, 16, 20–22). The binding of MT218 to abundant EDB-FN in PaCa tumor ECM has the potential to overcome the barriers of the dense tumor stroma to generate strong contrast enhancement to improve PaCa imaging with MRMI.



MATERIALS AND METHODS


Institutional Review Board, Animal Study Approval, Disclosure of Conflict of Interest

The studies involving human participants were reviewed and approved by the University Hospitals Cleveland Medical Center Institutional Review Board, which determined that the studies performed with human tissues were not human subject research according to federal regulations under 45 CFR 46 or 21 CFR 56. All animal experiments were conducted in accordance to an animal protocol approved by the CWRU Institutional Animal Care and Use Committee. The targeted contrast agent MT218 was provided by Molecular Theranostics, LLC (Cleveland, OH). The authors had the full control of the data and information submitted for publication. Z.-R. Lu is one of the founders of Molecular Theranostics LLC and Motek Pharmaceuticals. S. Gao, Z. Han, and Z.-R. Lu have ownership interest in related patents. No potential conflicts of interest were disclosed by the other authors.



Cells and Reagents

ZD2-N3-Gd(HP-DO3A) was obtained from Molecular Theranostics (Cleveland, OH). ProHance®, Gd(HP-DO3A), was purchased from Bracco Diagnostics (Monroe Township, NJ). ZD2-Cy5.5 was synthesized as previously described (16). Capan-1, BxPC3, and PANC-1 (ATCC, Manassas, VA) human PaCa cells were cultured in recommended culture media and conditions. Capan-1 cells are derived from the liver metastasis of a 40-year-old male with a well-differentiated primary tumor of ductal origin. BxPC3 cells are derived from the primary tumor of a 62-year-old female that was histologically classified as moderate to poorly differentiated. PANC-1 cells were derived from the primary tumor of a 56-year-old female that was histologically classified as poorly differentiated. BxPC3 and PANC-1 cells were transduced with a lentiviral vector (Amsbio, Cambridge, MA) for expression of green fluorescent protein (GFP) and luciferase.



Relaxivity Measurements

The T1 and T2 values of MT218 and Gd(HP-DO3A) solutions were determined using a 3T MRS 3000 scanner (MR Solutions, Guildford, UK). Solutions of MT218 were prepared at concentrations of 0, 0.25, 0.5, 1, and 2 mM in DPBS buffer (Gibco, Gaithersburg, MD). T1 values were measured using an inversion recovery-fast low angle shot (IR-FLASH) sequence (τ = 10 ms, TE = 4 ms, FA = 8°, echoes/frames = 128, FOV = 40 mm × 40 mm, slice thickness = 2 mm, number of averages = 1, time delay = 4,000 ms, sample period = 200, matrix = 256 × 128). T2 values were obtained using a multi-echo multi-slice (MEMS) sequence (TE = 15 ms, repetition time = 15 ms, echoes = 10, FOV: 40 mm × 40 mm, slice thickness = 1 mm, number of averages = 1, matrix = 256 × 192). The r1 and r2 relaxivities were calculated from the slopes of 1/T1 and 1/T2 vs. Gd concentration plots, respectively.



Binding Affinity Measurements

The binding affinity of MT218 was determined with microscale thermophoresis (MST) using a Nanotemper Monolith NT.115 instrument (NanoTemper Technologies, Munich, Germany). The EDB fragment of FN was expressed in E. coli, purified, and labeled with amine-reactive dye NT-647. MT218 was dissolved into assay buffer (50 mM PBS w/0.05% Tween-20). This solution was further diluted using assay buffer to give a series of MT218 working solutions. Each MT218 working solution was then mixed with a fixed concentration of fluorescently labeled EDB fragment. The mixtures of MT218 and EDB were then loaded into standard capillaries, and MST measurements were performed at 25°C using 20–80% light-emitting diode power and 40% infrared-laser power at varying concentrations of MT218.



Animal Models

For flank xenograft models, 4 × 106 Capan-1 cells suspended in 100 μL of a 6 mg/mL Matrigel (Corning, Corning, NY) solution was injected subcutaneously into the flank of 8-week-old female nu/nu mice. The tumor bearing mice were imaged after tumor volumes exceeded 300 mm3. For orthotopic intrapancreatic models, the pancreas of 4-week-old female nu/nu mice were surgically exposed via a ~10 mm incision in the left ventral abdomen and the application of gentle pressure to express the spleen and associated pancreatic tissue. 1 × 106 BxPC3-GFP-Luc or PANC-1-GFP-Luc cells suspended in 100 μL of a Matrigel solution (6 mg/mL) was injected into the pancreatic tissue using an insulin syringe with a 31G needle. Any leakage of cell suspension was lavaged with DPBS twice to prevent intraabdominal seeding PaCa cells. The peritoneal fascia was closed with absorbable stitches, and the dermis closed with stainless steel wound clips. Prior to imaging, growth of tumor was verified by bioluminescence imaging with intraperitoneal injection of d-luciferin on IVIS Spectrum system (Perkin Elmer, Waltham, MA).



ZD2-Cy5.5 Staining of Human Tissue

Tissue sections from PaCa patients (Case Comprehensive Cancer Center, Cleveland, OH) were deparaffinized with xylene, ethanol, and washed with water. Blocking was performed with 10% goat serum (Invitrogen, Carlsbad, CA) in PBS with 0.1% Tween 20 (PBS-T) for 30 min and incubated with 500 nM ZD2-Cy5.5 in PBS-T for 1 h at 37°C. Following three washes with PBS-T, the sections were mounted using Fluoroshield mounting medium (Abcam, Cambridge, UK). Images were acquired on a FV1000 (Olympus, Waltham, MA) confocal microscope using pre-programmed emission and excitation filters for Cy5.5 (excitation: 635 nm; emission: 693 nm) and DAPI (excitation: 405 nm; emission: 461 nm), using a 10 × objective lens. All tissue samples were imaged at the same laser power and sensor gain. Images were generated from single-channel grayscale images using FIJI software.



Western Blotting Analysis of Cells and Tissue

Capan-1, BxPC3, and PANC-1 cells and tissues were lysed in RIPA buffer supplemented with cOmplete protease inhibitor cocktail (Roche, Basel, Switzerland). Tissue samples were further homogenized with a rotor-stator homogenizer (IKA, Wilmington, NC). Lysates were centrifuged and the supernatants were assayed for total protein concentration using the BCA protein assay (Thermo Fisher Scientific, Waltham, MA). Total protein (30 μg) was mixed in Laemli buffer (Bio-Rad, Hercules, CA) and boiled for 5 min. Samples were separated by SDS-PAGE (5–20%) and transferred onto nitrocellulose membrane (Cell Signaling Technologies, Danvers, MA). Primary antibodies used were anti-EDB-FN antibody BC-1 (1:500; Abcam, Cambridge, MA) diluted in 5% bovine serum albumin and anti-β-Actin antibody (1:1,000; Cell Signaling Technologies, Danvers, MA) diluted in 5% milk for cell lysates. G4 antibody (1:1,000; Absolute Antibody, Boston, MA) in 5% bovine serum albumin and anti-GAPDH antibody (1:1,000; Cell Signaling Technologies, Danvers, MA) in 5% milk were used for tissue lysates. Primary antibody incubation was performed overnight. Secondary anti-mouse-HRP (1:1,000; Cell Signaling Technologies, Danvers, MA) and anti-rabbit-HRP (1:1,000; Cell Signaling Technologies, Danvers, MA) antibodies were incubated at room temperature in 5% milk in TBS-T for 1 h with shaking. The stained membranes were developed with a SignalFire Plus ECL kit (Cell Signaling Technologies, Danvers, MA) and imaged using the ChemiDoc XRS+ system (Bio-Rad, Hercules, CA). Densiometric measurements were made with FIJI software.



Immunohistochemical and Histochemical Staining of Mouse Tumor Tissue

PaCa tumor tissue and normal pancreatic tissue were collected from euthanized mice and fixed with 10% buffered formalin for 24 h. The samples were embedded in paraffin blocks and 5 μm sections were cut using a RM2235 microtome (Leica, Buffalo Grove, IL). Hematoxylin/eosin staining was performed under standard conditions. Antigen retrieval was performed at 125°°C for 30 s in pH 6.0 citrate buffer, followed by 3% H2O2 peroxidase block (8 min) and Rodent Block M (20 min) (Biocare Medical, Pacheco, CA). Anti-EDB-FN G4 monoclonal antibody (1:100) was incubated with tissue sections at RT for 1 h with shaking. Detection was performed with HRP Polymer detection solution (Biocare Medical, Pacheco, CA). Visualization was performed with 3,3′-diaminobenzidine for 5 min and counterstained with hematoxylin for 5 s. Images were acquired with an Bx61VS (Olympus, Waltham, MA) slide scanner and processed in OlyVIA software. Histological interpretation was performed by a board-certified pathologist.

For assessment of binding specificity of ZD2 peptide, flash frozen samples of tumor and normal tissues were collected from the euthanized tumor bearing mice and embedded in optimal cutting temperature media. The embedded samples were then immersed in liquid nitrogen for 5 min and transferred to −80°C for storage before cryosectioning. Tissue sections were blocked for 1 h in PBS containing 0.05% Tween-20 and 10% normal goat serum (Gibco, Gaithersburg, MD) and then stained with BC-1 primary monoclonal antibody (1:400) or ZD2-Cy5.5 (500 nM) at 4°C overnight or room temperature incubation for 2.5 h, respectively, and then washed with PBS-T buffer. Secondary Alexa Fluor 594 anti-rabbit was incubated with the BC-1 treated sections for 1 h at room temperature (1:1,000). For the blocking experiment, the tissue sections were first incubated with an excess of BC1 antibody at 4°C overnight, then washed three times with PBS-T. The sections were then incubated with ZD2-Cy5.5 at room temperature incubation for 2.5 h. The stained sections were washed with PBS-T buffer and images were acquired on an Olympus FV1000 (Waltham, MA) confocal microscope using pre-programmed emission and excitation filters for Cy5.5 (excitation: 635 nm; emission: 693 nm) and DAPI (excitation: 405 nm; emission: 461 nm), using a 10 × objective lens.



Contrast-Enhanced MRI

Flank tumor-bearing mice were anesthetized and a tail vein catheter inserted. MR image acquisition was performed on a 7T Biospin (Bruker, Billerica, MA) preclinical small animal scanner with a volume radiofrequency coil. Axial images were obtained using a multi-spin multi-echo (MSME) MRI sequence (500 ms TR, 8.1 ms TE, 90° FA, 4.50 cm × 4.50 cm FOV, 1.50 mm slice thickness, 16 slices, 2 averages, 200 × 200 matrix, 0.0225 × 0.0225 cm/pixel resolution). Contrast agents were injected at a dose of 0.1 mmol/kg (100 μL) via the tail vein catheter, followed by a saline flush. Images of the tumors were acquired before contrast and at various time points after contrast administration. Gd(HP-DO3A) was used as a control.

Mice bearing intrapancreatic tumors were anesthetized and a tail vein catheter was inserted. Image acquisition was performed on a MR Solutions 3T MRS 3000 scanner with a mouse radiofrequency coil. Axial images were obtained using a Fast Spin Echo (FSE) MRI sequence (305 ms TR, 11 ms TE, 90° FA, 4 cm × 4 cm FOV, 1 mm slice thickness, 10 slices, echo train length = 4, echo spacing = 11 ms, 4 averages, 256 × 256 matrix, 0.0156 × 0.156 cm/pixel resolution) with respiratory gating. Images were acquired before contrast and at different time points after contrast injection at a dose of 0.1 mmol/kg (100 μL). For competitive binding experiments, a 5:1 molar ratio of free ZD2 peptide to MT218 was injected in mice bearing intrapancreatic BxPC3 tumor xenografts (n = 3) at a dose of 0.1 mmol MT218/kg (100 μL). Images obtained on the MR Solutions 3T scanner were normalized using the Surscalereader.exe (MR Solutions, Guildford, UK) program supplied.

Image files were exported and analyzed in Horus software. ROIs were drawn in the tumor, liver, kidney, and muscle. Muscle ROIs were taken from the muscle, with other structures (liver, kidney, tumor) identified after comparison with published images and comparison with anatomical landmarks or bioluminescent imaging. Pancreatic lesions were localized using the liver, kidney, and spleen as anatomical landmarks. Pancreatic tissue is located inferior and dorsal to the liver, ventral and superior to the kidney, and medial to the spleen (Supplementary Figure 1). Size of ROIs drawn for image analysis are summarized in Supplementary Table 1. The contrast-to-noise ratio of the tumor (CNR) was calculated using the following equation, where σnoise is the standard deviation of intensities from an ROI drawn outside of the mouse body:

[image: image]

The contrast to noise ratio of the liver (CNR) was calculated using the following equation:

[image: image]

Image subtraction was performed on images adjusted to the same window and level in FIJI open-source software. Result of image subtraction was displayed using the RGB Rainbow color lookup table.



Statistical Analysis

Image contrast was reported as fold enhancement of contrast to noise ratio of post-contrast images over pre-contrast images using Fold Enhancement = CNRpost/CNRpre. Statistical analysis of CNR was performed in Minitab Express (Minitab Inc., State College, PA). One-way ANOVA with Fisher Individual Tests for Differences of Means post-hoc testing was performed to determine statistical significance between >2 means (p < 0.05). Student's T test was used to determine statistical significance between 2 means (p < 0.05).




RESULTS


Binding Affinity and Relaxivities of MT218

Figure 1 shows the chemical structure, binding affinity, and relaxivities of the targeted contrast agent MT218. MT218 is a small molecular conjugate of ZD2 peptide to a macrocyclic clinical MRI contrast agent Gd(HP-DO3A). The binding affinity of MT218 to EDB-FN was measured to be 3.2 ± 0.2 μM, which is similar to that of a previously targeted contrast agent ZD2-Gd(HP-DO3A) (23). The T1 and T2 relaxivities of MT218 were measured to be 6.07 ± 1.13 s−1 mM−1 and 8.20 ± 0.18 s−1 mM−1, respectively, at 3 T. T1 and T2 relaxivities of Gd(HP-DO3A) were measured to be 3.20 ± 0.96 s−1 mM−1 and 5.12 ± 0.18 s−1 mM−1, respectively, at 3 T. The targeted contrast agent has a nearly 2-fold of T1 relaxivity than the corresponding clinical agent at 3 T and should be more effective for T1-weighted contrast enhanced MRMI of solid tumors with elevated EDB-FN expression. The higher relaxivity of MT218 is possibly attributed to the relative rigid conjugation structure of the peptide to Gd(HP-DO3A).


[image: Figure 1]
FIGURE 1. The structure (A), binding affinity measurement (B), and relaxivities (C) of the targeted contrast agent ZD2-N3-Gd(HP-DO3A) (MT218).




EDB-FN Expression in Human PaCa

Figure 2 shows the binding of ZD2 peptide to EDB-FN in human PaCa, pancreatic intraepithelial neoplasia (PanIN), and normal pancreatic tissue specimens with the targeted fluorescent probe ZD2-Cy5.5. ZD2-Cy5.5 binding was high in human PaCa tissue, moderate in precancerous PanIN tissue, and low in normal pancreatic tissue. The distribution of ZD2-Cy5.5 binding was heterogenous in malignant and premalignant tissues. Strong fluorescence intensity was seen in poorly organized ductal structures in the PaCa specimen, while intermediate staining was observed in the PanIN tissue with staining concentrated in the cell clusters with no luminal structure. The fluorescence intensity of ZD2-Cy5.5 binding in different human pancreatic tissues was indicative of high expression of EDB-FN in malignant PaCa tissue, intermediate expression in precancerous PanIN, and low expression in normal pancreas.


[image: Figure 2]
FIGURE 2. Fluorescence confocal microscopic images of extradomain B fibronectin expression taken with at 10× (Scale bar: 200 μm) magnification in human pancreatic cancer (A), precancerous pancreatic intraepithelial neoplasia (PanIN) (B), and normal pancreatic tissues (C) stained with ZD2-Cy5.5 (red) and DAPI (blue). Binding of the ZD2-Cy5.5 due to EDB-FN expression reveals regions of malignancy and potential malignancy (arrowheads).




EDB-FN Expression in Murine Models of PaCa

The expression of EDB-FN was also evaluated in Capan-1, BxPC3-GFP-Luc, and PANC-1-GFP-Luc human PaCa cells and tumor xenografts derived from the cells. Western blotting with the EDB-FN specific G4 antibody revealed the expression of two 220+ kDa bands consistent with the size of EDB-FN protein in all three PaCa lines (Figure 3A). Western blotting of liver, pancreas, and tumor protein extracts from mice bearing the PaCa xenografts also showed the 220+ kDa band in all three PaCa models and not in the normal hepatic and pancreatic tissue, indicating elevated EDB-FN expression in the tumors and no expression in the normal tissues and organs (Figure 3B). Hematoxylin and eosin stained slides of the pancreatic tumor xenografts revealed large nodules of poorly differentiated carcinoma consistent with the appearance of PaCa (Figure 3C) (24). All tumors grew rapidly in the mice. Histological analysis exhibited different morphological patterns, but densely packed cells with low cytoplasmic to nuclear ratio in the tumors. Immunohistochemical staining with G4 anti-EDB-FN antibody exhibited strong staining throughout the tissue sections of all three PaCa models although the western blotting shows relatively different EDB-FN expression by the cells, while no staining was observed without the antibody (Figure 3C). Staining of flash frozen tissue sections with an EDB-FN specific monoclonal antibody BC-1 or ZD2-Cy5.5 revealed similar staining patterns for EDB-FN in BxPC3, Capan-1, and PANC-1 tissues. No staining was seen in normal pancreatic and muscle tissues, indicating no EDB-FN expression (Supplementary Figure 2). ZD2-Cy5.5 binding was blocked in the presence of the anti-EDB-FN antibody (Supplementary Figure 3). The results indicate that EDB-FN is overexpressed in human pancreatic cancer cells and their tumor xenografts in mice with no expression in normal tissues.


[image: Figure 3]
FIGURE 3. Western blots of extradomain B fibronectin (EDB-FN) in BxPC3-GFP-Luc (BxPC3), Capan-1, and PANC-1-GFP-Luc (PANC-1) human PaCa cells with densiometric quantification (A), tumor xenografts derived from PaCa cells (B), and immunohistochemical staining of EDB-FN in PaCa xenografts with and without (NAC) G4 anti-EDB-FN monoclonal antibody (C), scale bar 200 μm, 10× magnification). Western blots of normal tissues and hematoxylin & eosin (H&E) staining of the tumor specimens were also shown as references.




MRMI of Pancreatic Cancer Flank Xenografts

The effectiveness of MRMI of EDB-FN with the targeted contrast agent MT218 in detecting PaCa was first assessed in mice bearing subcutaneous Capan-1 flank tumor xenografts. The clinical agent Gd(HP-DO3A) was used as a control at the same dose (0.1 mmol/kg). Stronger contrast enhancement was observed in the periphery of the tumors 5 min after injection with MT218 than with Gd(HP-DO3A) (Figure 4). The contrast enhancement in the tumor core then gradually increased in the mice injected with MT218 (Figure 4). The mice administered with Gd(HP-DO3A) did not exhibit significant tumor core enhancement. Subtraction of the pre-contrast images from the post-contrast images at different time points of the same mice illustrated the strong initial enhancement in the tumor periphery at the early time points (5–15 min post-contrast) and then robust tumor contrast enhancement throughout the tumors at later time points (25–35 min post-contrast) after MT218 administration (Figure 4). In comparison, the subtraction images of the mice administered Gd(HP-DO3A) produced modest peripheral contrast enhancement at early time points post-injection, and little to no intratumoral contrast at all time points. The results demonstrate that MT218 is effective in producing robust signal enhancement throughout the tumors for effective molecular imaging and detection of PaCa with MRMI.


[image: Figure 4]
FIGURE 4. Representative T1-weighted 2D spin-echo MR images of mice bearing Capan-1 flank xenografts before and at different time points after injection of MT218 (n = 7) or Gd(HP-DO3A) (GTDL) (n = 5) with the corresponding subtraction images (post-contrast subtracted by pre-contrast) overlaid on pre-contrast images. Regions with large changes in tumor signal of the subtraction images are indicated in white/red, regions with small changes in tumor signal are indicated in black/blue. Tumors are marked by white arrowheads, scale bar: 5 mm.




MRMI of Intrapancreatic Tumor Xenografts

The effectiveness of MRMI with MT218 was further investigated in mice bearing intrapancreatic human PaCa tumor xenografts. Bioluminescence imaging verified the presence of luciferase-labeled BxPC3-GFP-Luc tumor xenografts in the left upper abdomen of three mice implanted with tumor cells (Figure 5A). MT218 MRMI of tumor bearing mice clearly delineated small lesions with strong contrast enhancement within 10 min of MT218 administration (Figure 5B). Tumor contrast enhancement then decreased at 20 min and returned to background levels 30 min after MT218 injection. The clinical agent Gd(HP-DO3A) generated modest contrast enhancement in the tumors at 10 min post-injection and the signal enhancement reduced to background level 20 min after Gd(HP-DO3A) injection (Figure 5B). Subtraction of the pre-contrast images from the post-contrast images further demonstrated strong enhancement and clear delineation of the intrapancreatic tumors with the targeted contrast agent at 10 min post-injection in T1-weighted MR images, while Gd(HP-DO3A) produced less intratumoral signal enhancement (Figure 5B). To further demonstrate the specificity of MT218 for MRMI of PaCa, a competitive binding experiment was performed with co-administration of a 5-fold excess of free ZD2 peptide and MT218 in mice bearing intrapancreatic BxPC3 xenografts. The co-injection of the excess free peptide blocked the binding of the MT218 to the tumors, resulting in significant reduction of contrast enhancement in the tumor images as compared to the tumor-bearing mice injected with MT218 with free ZD2 peptide (Supplementary Figure 4).


[image: Figure 5]
FIGURE 5. Bioluminescence images of mice implanted with BxPC3-GFP-Luc intrapancreatic tumors (A). Representative T1-weighted 2D spin-echo MR images of intrapancreatic tumors before and at different time points after injection of MT218 or Gd(HP-DO3A) (GTDL) at 0.1 mmol/kg and the corresponding subtraction image overlaid on pre-contrast images (n = 3). Scale bar: 5 mm (B). Arrowheads point to the intrapancreatic BxPC3-GFP-Luc PaCa tumors.


To determine whether the improved contrast enhancement in MRMI with MT218 is reproducible, MT218 MRMI was tested in another intrapancreatic PaCa model derived from PANC-1-GFP-Luc cells. Bioluminescence images of the mice bearing PANC-1-GFP-Luc intrapancreatic xenografts revealed substantial luciferase signal in the upper left abdominal region of cancer cell inoculation, indicating the tumor presence (Figure 6A). MT218 MRMI of tumor-bearing mice generated substantial contrast enhancement in tumor tissues and clearly delineated the tumors at 10 min post-injection. In contrast, Gd(HP-DO3A) did not produce significant tumor contrast enhancement and was not able to clearly identify the tumors (Figure 6B). Subtraction images of the pre-contrast images from the post-contrast images reveal substantial signal enhancement in the tumor with MT218, whereas little change was observed after Gd(HP-DO3A) administration (Figure 6B).


[image: Figure 6]
FIGURE 6. Bioluminescence images of the mice implanted with PANC-1-GFP-Luc intrapancreatic tumors (A) and representative T1-weighted 2D spin-echo MR images of the intrapancreatic tumors (n = 6) before and 10 min after injection of MT218 or Gd(HP-DO3A) (GTDL) at 0.1 mmol/kg with subtraction images overlaid on pre-contrast images (B). Tumor locations are marked with arrowheads. Scale bar: 5 mm.




Quantitative Analysis of ZD2 MRMI

MRMI tumor signal enhancement of MT218 was analyzed in comparison with the clinical agent. The signal enhancement in the liver was also analyzed to determine the potential non-specific contrast enhancement of MT218 in normal tissues. MT218 generated a maximum 4.8-fold increase of contrast to noise ratio (CNR) in the Capan-1 flank tumor xenografts at 15 min post-injection that maintained for at least 35 min (Figure 7A). The clinical agent Gd(HP-DO3A) produced an intratumoral CNR increase of 1.77-fold for the duration of the experiment, which was significantly less than MT218 (p < 0.01). No significant difference in CNR was observed in the liver (Figure 7A), kidney, and spleen (Supplementary Figure 5) of all tested mice between the two contrast agents (p > 0.05).


[image: Figure 7]
FIGURE 7. Contrast-to-noise ratios (CNR) of Capan-1 flank xenografts (A), BxPC-GFP-Luc intrapancreatic tumors (B) and liver calculated from MRI images at different time points before and after injection of MT218 or Gd(HP-DO3A) (gadoteridol). CNR of the PANC-1-GFP-Luc intrapancreatic PaCa tumors calculated from MRI images taken before and after injection of MT218 and Gd(HP-DO3A) (gadoteridol) (C). **p < 0.01, *p < 0.05.


MT218 produced a maximum 5.3-fold CNR increase in the BxPC3-GFP-Luc intrapancreatic tumors at 10 min post-injection, while Gd(HP-DO3A) produced approximately 2.5-fold tumor CNR increase at 10 min, significantly less than that with MT218 (p < 0.01) (Figure 7B). The tumor CNR subsequently decayed for both agents. Similarly, MT218 produced approximately 3.9-fold intratumoral CNR increase in the PANC-1-GFP-Luc intrapancreatic tumor xenografts 10 min post-injection, whereas Gd(HP-DO3A) produced a 2.35-fold tumor CNR increase (Figure 7C). No difference in CNR was observed in the liver (Figures 7B,C) and kidneys (Supplementary Figure 5) of all tested mice between the two contrast agents (p > 0.05).

Co-injection of an excess of free ZD2 peptide with MT218 resulted in approximately 2.5-fold CNR increase in the BxPC3-GFP-Luc intrapancreatic model, which was similar to the CNR increase with Gd(HP-DO3A) (Figure 7B, Supplementary Figure 4). The CNR increase with MT218 in the presence of 5-fold free peptide was significantly lower than the CNR increase with MT218 without the free peptide (ca., 4.5-fold, p < 0.05). The co-injection of free ZD2 peptide inhibited the binding of MT218 and reduced tumor CNR to the level of non-specific accumulation of the agent similar to that of Gd(HP-DO3A). The results indicate the specific binding of MT218 to PaCa tumors.




DISCUSSION

The clinical use of magnetic resonance molecular imaging (MRMI) is desirable for precision cancer imaging as it combines the high soft tissue contrast and good spatial resolution of MRI with the ability to image and characterize molecular changes within tumors. A major challenge to clinical MRMI is to overcome the stromal barrier for sufficient binding of a targeted contrast agent to generate detectable contrast enhancement. Pancreatic cancer (PaCa) is highly fibrotic with a dense ECM, which limits the access of contrast agents to the inner tumor tissues (25). Many molecular imaging agents are bulky and bind to cell-surface targets that are difficult to reach. By exploiting oncospecific expression of extradomain B fibronectin (EDB-FN) in the tumor ECM as a target for MRMI, we found that the imaging of PaCa could be substantially improved.

We found that expression of EDB-FN could be detected in human PaCa and precancerous tissues with the EDB-FN specific fluorescent probe ZD2-Cy5.5, suggesting that MT218 MRMI may also be useful for characterizing premalignancy and malignancy. The expression of EDB-FN in PaCa and premalignancy is consistent with the observations of other groups (26). Interestingly, the expression of EDB-FN was highest in the Capan-1 cell line derived from a PaCa metastasis, suggesting that expression of EDB-FN may vary between primary tumors and metastasis. Nevertheless, all tumor models grew fast in mice and the IHC staining with G4 antibody showed similar EDB-FN expression in all tumors. The effectiveness of EDB-FN MRMI for detection of PaCa was demonstrated in mouse models of PaCa using the molecular imaging agent ZD2-N3-Gd(HP-DO3A) (MT218). MT218 binds to EDB-FN with micromolar affinity, consistent with previous reports (16, 23). Furthermore, the relaxivity of MT218 is higher than that of Gd(HP-DO3A). MT218 generates substantially greater image contrast-to-noise (CNR) compared to the clinical agent Gd(HP-DO3A) in Capan-1 flank (273% CNR of control, p < 0.05), BxPC3-GFP-Luc (212% CNR of control, p < 0.05) and PANC-1-GFP-Luc intrapancreatic (164% CNR of control, p < 0.05) murine models of PaCa due to its specific tumor binding and high T1 relaxivity. Although the relative CNR increase with MT218 seems correlated to the expression level of EDB-FN determined by the western blotting of the tumors cells, all three tumors had similar high CNR increase in the range of 4–5-folds. Further quantitative assessment is needed to accurately correlate the MRMI signal with the expression of EDB-FN in different tumors of similar aggressiveness.

The specific binding of MT218 to the EDB-FN enriched PaCa was validated by the decreased tumor CNR due to the disruption of MT218 binding by an excess of free ZD2 peptide in the intrapancreatic model. Time course MRMI images reveal that MT218 is able to bind to EDB-FN deep within the tumor core, which was not observed in imaging studies utilizing the untargeted clinical contrast agent Gd(HP-DO3A). Moreover, the small size (1,442 Da), moderate binding affinity, and hydrophilicity of MT218 contribute to its mobility for diffusion and binding within the tumor core while maintaining low background noise. Tumor nodules with area as small as 6.13 mm2 were better visualized with MT218, suggesting that MT218 has the potential for accurate early detection of PaCa that may improve early detection to initiate timely treatment for better patient survival. This is consistent with the performance of other ZD2 targeted imaging agent, which was able to detect small metastases using MRMI (27). This is critical for timely initiation of therapy and improved therapeutic outcomes. It has been reported that detection and surgical removal of PaCa tumors <10 mm in size will greatly improve the long-term survival and quality of life of PaCa patients (28).

Molecular imaging of EDB-FN in cancer has been previously investigated with antibodies labeled with radioisotopes for PET imaging. Anti-EDN-FN antibody BC-1 was labeled with 125I and tested in mice bearing U87 brain tumor and SKMel28 melanoma xenografts (29). Although the antibody is highly specific to EDB-FN and was found to bind to the EDB-FN rich tumors, its long-term retention in the circulation due to its large size generated significant background noise and affected the quality of specific tumor imaging. Nanobodies with a smaller size were recently developed for molecular imaging of EDB-FN in various types of tumor models. A 64Cu-labeled nanobody probe (64Cu-NJB2) demonstrated specific uptake and effective detection of PaCa and premalignant lesions in a mouse model utilizing PET/CT (26). ZD2 peptide has also been labeled with 68Ga as a PET probe for molecular imaging of EDB-FN. The ZD2 targeted probe provided sensitive and specific molecular imaging of EDB-FN in PaCa (30). Compared to PET, MRMI is advantageous for the delineation of small PaCa with high resolution and soft tissue contrast, which is valuable for treatment planning. The clinical implementation of PET/MRI provides a unique approach for molecular imaging of PaCa by targeting EDB-FN with PET probes and MRI contrast agents.

Other approaches to EDB-FN MRMI are also being investigated. Dextran-based chemical exchange saturation transfer (CEST) MRI has also utilized the ZD2 peptide to image PaCa (31). The Dextran-ZD2 conjugate generated detectable intratumoral signal in a flank model of PaCa over 45 min, supporting the hypothesis that MRMI of EDB-FN provides diagnostic value. However, CEST faces several challenges to translation, including lower signal to noise ratio at clinical field strengths, low sensitivity, and high doses. So far, gadolinium based contrast agents, especially the macrocyclic agents, are considered as the safe and effective contrast agents for clinical cancer MRI.

Although we have shown the promise of MRMI of EDB-FN in PaCa imaging, there are limitations to this study. Comprehensive investigation of EDB-FN expression in a large human PaCa population is needed to validate it as a biomarker for PaCa. It is possible that EDB-FN expression may vary greatly in human PaCa. However, the high degree of correlation between our results and another small-scale study of EDB-FN expression in human PaCa suggests that this is unlikely to be the case (26). The models utilized for this study may not fully recapitulate the tumor microenvironment of human PaCa due to the impairment of immune function in nu/nu mice. Further studies of MT218 are currently being conducted in immunocompetent and spontaneous models of PaCa. There is also a need for further epidemiological investigation of relevant risk factors and screening tools that would work in concert with MRMI to detect early pancreatic cancer. MRMI can improve the detection of early stage PaCa, especially for high risk populations, but is not an ideal screening tool in the general population. It is our belief that clinical translation of MRMI with ZD2-N3-Gd(HP-DO3A) will facilitate the rapid development of general population screening tools that can identify high risk patients who may benefit from MRMI detection of early stage PaCa.

In summary, this study investigates the overexpression of EDB-FN in human PanIN, PaCa specimens, and in murine models of PaCa, and demonstrates the effectiveness of MRMI of EDB-FN with a small molecular targeted MRI contrast agent MT218. MRMI with MT218 generates superior contrast enhancement and clearly delineates small PaCa tumors. Minimal non-specific signal enhancement was observed in the hepatic tissue. MRMI with MT218 has the potential for surveillance of precancerous pancreatic lesions and for precision detection and delineation of small pancreatic cancer. Clinical translation of MRMI with MT218 has the promise to addresses the unmet clinical need for a highly specific imaging technology to detect early-stage pancreatic cancer, and to impact a variety of aspects of clinical management of pancreatic cancer, including screening the high-risk populations, diagnosis, treatment decision making, and post-treatment surveillance and monitoring.
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Objectives

To develop a radiomics signature for predicting surgical portal vein-superior mesenteric vein (PV-SMV) in patients with pancreatic ductal adenocarcinoma (PDAC) and measure the effect of providing the predictions of radiomics signature to radiologists with different diagnostic experiences during imaging interpretation.



Methods

Between February 2008 and June 2020, 146 patients with PDAC in pancreatic head or uncinate process from two institutions were retrospectively included and randomly split into a training (n = 88) and a validation (n =58) cohort. Intraoperative vascular exploration findings were used to identify surgical PV-SMV invasion. Radiomics features were extracted from the portal venous phase CT images. Radiomics signature was built with a linear elastic-net regression model. Area under receiver operating characteristic curve (AUC) of the radiomics signature was calculated. A senior and a junior radiologist independently review CT scans and made the diagnosis for PV-SMV invasion both with and without radiomics score (Radscore) assistance. A 2-sided Pearson’s chi-squared test was conducted to evaluate whether there was a difference in sensitivity, specificity, and accuracy between the radiomics signature and the unassisted radiologists. To assess the incremental value of providing Radscore predictions to the radiologists, we compared the performance between unassisted evaluation and Radscore-assisted evaluation by using the McNemar test.



Results

Numbers of patients identified as presence of surgical PV-SMV invasion were 33 (37.5%) and 19 (32.8%) in the training and validation cohort, respectively. The radiomics signature achieved an AUC of 0.848 (95% confidence interval, 0.724–0.971) in the validation cohort and had a comparable sensitivity, specificity, and accuracy as the senior radiologist in predicting PV-SMV invasion (all p-values > 0.05). Providing predictions of radiomics signature increased both radiologists’ sensitivity in identifying PV-SMV invasion, while only the increase of the junior radiologist was significant (63.2 vs 89.5%, p-value = 0.025) instead of the senior radiologist (73.7 vs 89.5%, p-value = 0.08). Both radiologists’ accuracy had no significant increase when provided radiomics signature assistance (both p-values > 0.05).



Conclusions

The radiomics signature can predict surgical PV-SMV invasion in patients with PDAC and may have incremental value to the diagnostic performance of radiologists during imaging interpretation.





Keywords: pancreatic ductal adenocarcinomas, tomography, X-ray computed, radiomics, neoplasm invasion, presurgical evaluation



Introduction

Pancreatic ductal adenocarcinoma (PDAC) is a lethal disease, and the five-year survival rate is lower than 8% (1–3). Although surgery remains the only potential chance for a cure, some patients with localized PDAC are not appropriated for upfront surgery or even unresectable due to the involvement of peripancreatic vessels (3–8). Regarding patients with peripancreatic arterial involvement, upfront surgery is known to be associated with a low resection rate and a deteriorated long-term survival (4, 5). In contrast, for patients with isolated peripancreatic venous [portal vein-superior mesenteric vein (PV-SMV)] involvement, long-term survival after extended pancreaticoduodenectomy (PD) with venous resection may be comparable to that achieved by standard PD without venous resection (6–8). However, the determination of surgical PV-SMV invasion is still based on intraoperative diagnosis (9). Preoperative knowledge of PV-SMV invasion status can promote adequate preoperative preparation, which may mitigate the positive margins associated with unplanned PV-SMV resection, decrease unresectable events due to the inexperience of extended PD, and reduce surgery-related complications (6–8, 10).

CT is commonly used to assess possible vascular involvement and plays a significant role in surgical planning (11, 12). Existing radiological classifications for classifying vascular involvement are based on the presence and degree of tumor contact with the vessel (11–14). Several imaging features for evaluating surgical PV-SMV invasion have been introduced, including encasement (>180°) of the tumor-vein relationship (13), deformation, narrowed or stenotic morphology of PV-SMV (14), and the teardrop sign (15). Unfortunately, such above qualitative imaging findings do not accurately classify vascular involvement, especially in peripancreatic venous involvement (16–18). Also, a recent study showed that agreements in the interpretation of tumor-vascular relationships were low among different observers (19).

Radiomics (20, 21) is a data-centric field that processes radiological imaging data by extracting large amounts of quantitative image features, which are subsequently employed to construct novel imaging biomarkers, namely radiomics signature. Previous radiomics studies on PDAC (22–25) have indicated that quantitative image features were closely related to adverse pathological features, therapeutic response, and prognosis after neoadjuvant therapy. However, radiomics research on distinguishing surgical PV-SMV invasion in patients with PDAC is lacking. Furthermore, it is unknown whether radiomics signature could be used as a supplement to radiological classification for PV-SMV invasion.

Therefore, this study aimed to develop a radiomics signature for classifying surgical PV-SMV invasion and to compare performance of the radiomics signature to that of radiologists. In addition, we evaluate changes in diagnostic performance of the radiologists when predictions of radiomics signature are provided during interpretation.



Materials and Methods


Patients

This study was approved by the Institutional Review Board of the Affiliated Wuxi No.2 People’s Hospital of Nanjing Medical University and Wuxi No.5 People’s Hospital. The need to obtain informed consent was waived.

From May 2008 to June 2020 in institution 1 (The Affiliated Wuxi No.2 People’s Hospital of Nanjing Medical University) and October 2017 to June 2020 in institution 2 (Wuxi No.5 People’s Hospital), consecutive patients who were treated with surgery and pathologically confirmed PDAC were included. In the institutions, upfront resection, rather than neoadjuvant treatment, was recommended in borderline resectable PDAC with isolated venous involvement. The inclusion criteria were as follows: (1) PDAC in pancreatic head or uncinate process; (2) patients who had a complete intraoperative peripancreatic vessel exploration record; and (3) no artery invasion or distant metastases in intraoperative exploration. The exclusion criteria were as follows: (1) no enhanced CT images or poor image quality; (2) preoperative enhanced CT examination performed more than 4 weeks before the surgery; (3) tumors not visible on CT image; and (4) patients had undergone neoadjuvant therapy before surgery. Ultimately, 146 patients with PDAC were included in this study (Figure 1). The patient’s numbers of institutions 1 and 2 were 125 and 21, respectively. Patients were randomly split to a training (n = 88) and a validation cohort (n = 58) according to a ratio of 3:2 using stratified random sampling.




Figure 1 | Flow diagram of the study sample. PDAC, pancreatic ductal adenocarcinoma.





Definition of Surgical PV-SMV Invasion

In this study, surgical PV-SMV invasion status in PDAC was determined by the findings of intraoperative exploration. Intraoperative appearances of the interface between tumor and vascular were classified as the following types (8, 9): (1) no adherence; (2) adhering but separable; and (3) inseparable. Type 1 or 2 was defined as absence of surgical PV-SMV invasion; type 3 was defined as presence of surgical PV-SMV invasion. All the above procedures were performed by a team of surgeons with at least 10 years of experience (approximately 50 pancreatectomy surgeries annually per surgeon).



Imaging Techniques

Multiphasic CT was performed by following a pancreatic protocol included unenhanced and contrast-enhanced dual-phasic imaging of the pancreatic parenchymal phase (40–50s) and portal venous phases (65–70s). Images were reconstructed at submillimeter (0.5–1.0mm) thickness in the axial for pancreatic parenchymal and portal venous phase images. Multi-planar reformation and maximal intensity projection reconstructed images of vascular structures were routinely created by radiology technologists and were sent to the Picture Archiving and Communication System (PACS) for interpretation. The pancreatic parenchymal phase produces optimal visual contrast differences between the enhanced pancreatic parenchyma and the tumor; the portal venous phase allows for better evaluation of PV-SMV since the portomesenteric venous system is well enhanced. CT scanners and detailed CT parameters are provided in the Appendix E1.



Tumor Segmentation, Feature Extraction, and Radiomics Signature Building

Tumor segmentation was performed using the ITK-SNAP 3.8.0 (http://www.itksnap.org). A radiologist (FM Chen, 12-year experience in abdominal imaging) selected the slice with the maximum tumor-vein contact on the portal venous phase images and delineated the tumor. The pancreatic parenchymal phase was used to aid determination of tumor boundaries. Another radiologist (B Li, 13-year experience in abdominal imaging) delineated the tumor on a randomly selected cohort of 50 patients following the same procedure.

Image preprocessing and feature extraction were performed using pyradiomics (Version 2.1, https://pyradiomics.readthedocs.io/en/latest/index.html) (21). Images were resampled to a pixel spacing of 1×1 mm2. Intensities were discretized with a fixed bin-width of 25 Hounsfield units. Features in 3 categories were extracted from the original images, included 9 shape-based features, 18 first-order features, and 86 grey-level-matrix-based features. The first-order features and grey-level-matrix-based features were additionally extracted from different image transformations, including four wavelet decompositions and five Laplacian of Gaussian filters (sigma = 1.0, 2.0, 3.0, 4.0, and 5.0 mm). A total of 869 features were extracted (detailed in Appendix E2 and Table S1). Each feature value was normalized by the z-score method, which consisted of subtracting the mean value of feature and dividing by the standard deviation of the feature.

The radiomics features were calculated for each radiologist’s delineation, and the intraclass correlation coefficient (ICC) of each feature was calculated to test the inter-observer reproducibility. The features with an ICC≥0.8 were proceeded to subsequent analyses. The linear elastic-net regression was used for feature selection and radiomics signature building. In the hyper-parameter tuning of linear elastic-net regression (26), the α penalty was set to 0.5 following a grid search with the penalty parameter λ determined by 5-fold cross-validation. The built radiomics signature provides a mathematical formula that predicts PV-SMV invasion by using the selected radiomics features with the equation:

	

In which   is the radiomics score (Radscore), b is the intercept, βi is the coefficient of the feature i, and Xi is the value of the feature i.



Radiologists Assessment

There were two readings performed in this study. First, blinded to clinical information, surgical findings, and the Radscore but knowing patients were diagnosed as PDAC, two radiologists (L Zhang, a senior radiologist with 18-year experience in abdominal imaging, and SL. Zhang, a junior radiologist with 5-year experience in abdominal imaging) independently reviewed the CT scans of all patients. Then, after a washout period of 2 weeks, the two radiologists independently reviewed the CT scans of patients in the validation cohort with Radscore assistance but still blinded to the clinical information and surgical findings. For each reading, radiologists were asked to document the following three imaging features:

(1) Tumor was in contact with the PV-SMV for more than 180° (13); (2) PV-SMV blood vessel morphology was deformed, narrowed, or stenotic (14); and (3) PV-SMV was deformed, demonstrating a teardrop shape on axial image (15).

In the first reading, PV-SMV invasion was determined as presence when any one of the above imaging features was present.

In the second reading, the radiologists had been informed of the radiomics-signature-predicted probability of PV-SMV invasion before documenting the imaging features; PV-SMV invasion was also determined as presence when any one of the above imaging features was present. Flowchart of the study is shown in Figure 2.




Figure 2 | Flowchart of the study. (A) Radiomics workflow, including ROI segmentation, feature extraction, radiomics signature construction, and validation. (B) Radiologists assessment. Performance of each radiologist between unassisted evaluation and Radscore-assisted evaluation was compared in the validation cohort. Radscore, radiomics score.





Statistical Analysis

In statistical tests of clinical features, the Mann-Whitney test was used for continuous variables, and Fisher’s exact test was used for categorical variables. The performance of the radiomics signature was assessed using area under receiver operating characteristic curve (AUC). The optimal cutoff value of Radscore was selected by maximizing the Youden index (sensitivity + specificity − 1). The sensitivity, specificity, and accuracy of the radiomics signature and the radiologists (with or without Radscore assistance) were also reported. A two-sided Pearson’s chi-squared test was used to compare the performance of the Radscore to that of the radiologists. To assess the incremental value of providing Radscore predictions to the radiologists, we compared the performance measures between unassisted evaluation and Radscore-assisted evaluation by using the McNemar test. All comparisons were performed in the validation cohort. Interobserver agreement between the senior and the junior radiologists (with and without Radscore assistance) was evaluated using the Kappa (κ) test: κ-value of 0.2 to 0.4, fair agreement; κ-value of 0.4 to 0.6, moderate agreement; κ-value of 0.6 to 0.8, substantial agreement; κ-value greater than 0.8, almost perfect agreement.

R (version 3.5.1) statistical software was used for statistical analysis in this study. Glmnet R package was used to perform the linear elastic-net regression. Bilateral p-value < 0.05 was considered statistically significant.




Results


Patient Characteristics

The characteristics of patients are summarized in Table 1. No significant differences were found in clinical and surgical factors between the training and validation cohorts. A total of 33 (37.5%) patients in the training cohort and 19 (32.8%) patients in the validation cohort were confirmed PV-SMV invasion in surgical exploration. For these patients, extended surgery was performed when reconstructable PV-SMV involvement can be achieved, otherwise, palliative surgery was performed.


Table 1 | Patient characteristics.





Diagnostic Performance of the Radiomics Signature and the Radiologists

Among the 869 extracted radiomics features, 751 features with high stability (ICC≥0.8) were identified. The radiomics signature for PV-SMV invasion was developed using the elastic net model (α=0.5, λ=0.174) and retained 10 features, including one morphological feature and 9 texture features (Table 2). The ability of the radiomics signature to discriminate PV-SMV invasion was shown to have an AUC of 0.871 [95% confidence interval (CI) 0.795–0.946] in the training cohort and 0.848 (95% CI 0.724–0.971) in the validation cohort (Figure 3A). Values of Radscores per patient in the training and validation cohorts are plotted in Figure 3B.


Table 2 | Features in the radiomics signature.






Figure 3 | Performance of the radiomics signature with operating points of unassisted and assisted radiologists and the value of Radscores per patient. (A) ROC curves of the radiomics signature in the training and validation cohorts. Individual unassisted radiologist (specificity, sensitivity) points are also plotted, where the purple point represents unassisted senior radiologist, and the blue points represents unassisted junior radiologist. In the validation cohort, individual assisted radiologist (specificity, sensitivity) points are also plotted, where the purple circle represents Radscore-assisted senior radiologist, and the blue circle represents Radscore-assisted junior radiologist. (B) Radscore (subtraction of the cut-off determined by maximizing the Youden index) per patient in the training and validation cohorts. ROC, Receiver operating characteristic; Radscore, radiomics score.



The optimal cutoff value of the Radscore was determined at the level of −0.608. Accordingly, sensitivity, specificity, and accuracy of the radiomics signature for differentiating PV-SMV invasion were determined. There were no significant differences in the performance metrics of the radiomics signature and each radiologist (Table 3). The radiomics signature sensitivity (78.9%) for PV-SMV invasion was slightly higher than the radiologists (73.7% of the senior radiologist and 63.2% of the junior radiologist). The Radscore achieved a specificity of 74.4% and an accuracy of 75.9%, while the senior radiologist and the junior radiologist achieved a specificity of 84.6% and 82.1%, and an accuracy of 81.0% and 75.9%, respectively.


Table 3 | Comparison of the radiomics signature and radiologists on the validation cohort.





Incremental Value of Radscore Assistance

Comparison of unassisted and Radscore-assisted performance of each radiologist is illustrated in Figure 3A (right), with numerical values presented in Table 4. To show the changes of diagnosis after the assistance, confusion matrices of each radiologist are shown in Figure 4. When provided Radscore assistance, there was an increase in sensitivity in identifying PV-SMV invasion; for both the junior radiologist (63.2 vs 89.5%, p-value = 0.025) and the senior radiologist (73.7 vs 89.5%, p-value = 0.08). Even though the radiologist’ specificity was slightly decreased (84.6 vs 82.1% for the senior radiologist and 82.1 vs 79.5% for the junior radiologist) when provided Radscore assistance, the accuracy was slightly increased (81.0 vs 84.5% for the senior radiologist and 75.9 vs 85.8% for the junior radiologist), but neither was significant (all p-values > 0.05, Table 4). With Radscore assistance, κ-value of inter-rater reliability increased from 0.571 to 0.757 (both p-values <0.001). Representative cases which were reclassified after Radscore assistance are shown in Figure 5.


Table 4 | Comparison of unassisted and assisted performance in each radiologist on the validation set.






Figure 4 | Confusion matrices comparing the true labels and the diagnostic labels. Each plot illustrates performance on the validation cohort. left, the senior radiologist’s unassisted evaluation and Radscore-assisted evaluation; right, the junior radiologist’ unassisted evaluation and Radscore-assisted evaluation. Radscore, radiomics score.






Figure 5 | Representative cases which were reclassified after Radscore assistance. (A) Axial portal venous phase CT image in a 73-year-old man with PDAC in the pancreatic head. The vein was suspiciously deformed (*). The Radscore prediction gave a high probability of PV-SMV invasion. The interpretation of deformity of the vein between unassisted and Radscore-assisted was discrepant for both radiologists, they assigned PV-SMV invasion category with Radscore assistance. Intraoperative exploration confirmed the diagnosis of PV-SMV invasion. (B) Axial portal venous phase CT image in a 66-year-old female with PDAC in the pancreatic head. The vein was interpreted as teardrop shape by the junior radiologist (*) in first the reading. The Radscore prediction gave a low probability of PV-SMV invasion. The vein was interpreted as absence of teardrop shape by the junior radiologist (*) in the second reading with Radscore assistance, and PV-SMV non-invasion category was assigned. Intraoperative exploration confirmed the diagnosis of PV-SMV non-invasion.






Discussion

In this study, we developed a Radscore on presurgical pancreatic enhanced CT in classifying surgical PV-SMV invasion of PDAC in the pancreatic head or uncinate process. In addition, we compared performance between unassisted and Radscore-assisted reviews of radiologists with different diagnostic experiences. Our results demonstrated that the Radscore achieved an AUC 0.848 (95% CI 0.724–0.971) for discriminating PV-SMV involvement and had a comparable diagnostic performance as the senior radiologist. We also found that providing predictions of Radscore to the junior radiologist as a diagnostic aid led to significant improvement in sensitivity for identifying surgical PV-SMV invasion.

Accurate estimation of surgical PV-SMV invasion plays a vital role in the perioperative management of patients with PDAC (11, 12). In this study, prediction-related features consisting of the radiomics signature included one shape-based feature (sphericity) and nine texture features. Among them, sphericity is a measure of roundness of the shape of the tumor region and was an important component for predicting PV-SMV invasion. A previous study (27) reported that unfavorable tumor morphology was highly associated with the presence of peripancreatic vessels involvement. Features related to shape were associated with morphology of the tumor region adjacent to the vein on CT images. Moreover, shape-based features are independent of imaging acquisition parameters and imaging preprocessing techniques, and thus may be highly reproducible. In addition, recent studies (22–25) have suggested that texture features indicating inhomogeneity in imaging are associated with increased intra-tumor heterogeneity of PDAC. The results of this study indicated that some texture features may be closely related to adverse tumor biology in PV-SMV involvement.

In this study, the radiomics signature provided individualized predictions of PV-SMV invasion and the delineation of ROI was easy. Several reasons were explaining why we used 2D ROI instead of 3D ROI. First, the focus of our studies was tumor invasion of PV-SMV, which most likely takes place in the tumor-PV-SMV contact region. Second, delineating 3D ROI slice by slice on the submillimeter-thick images was labor-intensive and may decrease reproducibility. We evaluated inter-reader agreement in delineating 2D ROI and found most features (86.5%) were highly stable. We also compared diagnostic performance of radiomics signature and two radiologists with different diagnostic experiences; even though the radiomics signature did not significantly outperform the junior radiologist, it achieved comparable performance as the senior radiologist. Hence, the proposed radiomics signature combing both morphological and texture parameters was a valuable marker for surgical PV-SMV invasion.

Interestingly, though the interobserver agreement between the radiologists was moderate, their sensitivities were both unsatisfactory. The diagnostic performance of the radiologists was concordant with that of similar studies on CT (16–19); about 20% of cases were false negative according to the qualitative imaging features. Though a recent study reported that endoscopic ultrasound elastography could improve diagnostic performance of vascular invasion in PDAC, the elastography technique was not commonly used for all patients (28). As we knew, image interpretation for PDAC peripancreatic vascular invasion was based on visual assessment of tumor-vein relationship. Vascular morphologic changes on visual assessment, such as vascular deformation, narrowing, or teardrop sign, sometimes were difficult to judge the presence of invasion, this could result in low sensitivity of radiologists in detecting PV-SMV invasion. Concordance to the previous study, pancreatitis-related changes usually blur the contact region between the solid tumor and adjacent vessels; this led to discrepancy in the interpretation of the degree of tumor-vascular contact (abutment vs encasement, <180° vs >180°, respectively) and may have caused the interobserver variability (19).

To examine the effect of the Radscore may have on the interpretation performance of radiologists with different experiences, our study compared unassisted and Radscore-assisted performance of each radiologist in the validation cohort. We found a statistically significant improvement in sensitivity of the junior radiologist (p-value=0.025) for discriminating PV-SMV involvement with Radscore assistance and, though no statistically significant increase in accuracy. This was because qualitative features in some cases were relabeled by radiologists with Radscore assistance; as visual assessment has limited capabilities to discern subtle changes. Besides, Radscore assistance also resulted in a higher level of interobserver agreement. Similar findings have been reported in recent deep-learning-assisted diagnosis studies (29, 30). Our results implied that the proposed radiomics signature could be a new imaging marker providing surrogate information for PV-SMV invasion and help to overcome the limitations of subjective visual assessment. To our knowledge, this is the first study to explore providing predictions of the Radscore to assist radiologists in image interpretation of discriminating PV-SMV invasion.

Our study had several limitations. First, as it was a retrospective study, there was an unavoidable selection bias: the study only included patients who had undergone surgical treatment. Second, the study sample was relatively small. Third, we did not examine the relationships between radiological findings and histopathologic vein invasion. As we knew, histopathologic vein invasion is a significant prognostic factor; but the focus of the study is surgical PV-SMV invasion, which may contribute to elaborate preoperative planning of PD, with or without PV-SMV resection and reconstruction. Last, we excluded patients who received neoadjuvant therapy before surgery since several studies have suggested that conventional cross-sectional imaging often failed to identify the extent of the remaining viable tumor (31, 32).

In conclusion, we developed a radiomics signature that achieved comparable performance to radiologists for identifying surgical PV-SMV invasion in patients with PDAC. The radiomics signature could be a new imaging maker and demonstrated incremental value to radiologists in diagnosing surgical PV-SMV invasion.
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This study aimed to identify the utility of diffusion-weighted magnetic resonance (MR) imaging with an apparent diffusion coefficient (ADC) map as a predictor of the response of hepatocellular carcinoma (HCC) to cisplatin-based hepatic arterial infusion chemotherapy (HAIC). We retrospectively evaluated 113 consecutive patients with Barcelona Clinical Liver Cancer (BCLC) stage B or C HCC, who underwent gadoxetic acid-enhanced and diffusion-weighted MR imaging. The appropriate cutoff for the pretreatment tumor-to-liver ADC ratio was determined to be 0.741. Of the 113 patients, 50 (44%) presented with a pretreatment tumor-to-liver ADC ratio < 0.741 (low group). Evaluation of the treatment response after 2-3 cycles of HAIC in these 50 patients revealed that 21 patients (42%) experienced an objective response to HAIC. On the other hand, only 11 of the 63 patients (17%) with a pretreatment tumor-to-liver ADC ratio ≥ 0.741 (high group) showed an objective response. Thus, the objective response rate was significantly higher in the low group than in the high group (P = 0.006). Multivariate logistic regression analysis using parameters including perfusion alteration, percentage of non-enhancing portions, and pretreatment tumor-to-liver ADC ratio revealed that a pretreatment tumor-to-liver ADC ratio < 0.741 (odds ratio 3.217; P = 0.014) was the sole predictor of an objective response to HAIC. Overall survival rates were significantly higher in patients with objective responses to HAIC than in those without objective responses (P = 0.001 by log-rank test). In conclusion, patients with BCLC stage C or C HCC with a pretreatment tumor-to-liver ADC ratio < 0.741 showed a favorable intrahepatic response to cisplatin-based HAIC. Therefore, diffusion-weighted MR imaging can play a critical role as a predictor of response to cisplatin-based HAIC in unresectable HCC.
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Introduction

Hepatocellular carcinoma (HCC) is the fourth most common cause of malignancy-related death worldwide (1). A considerable number of patients with advanced HCC receive only palliative treatments in East Asian countries, where hepatitis B virus (HBV) infection is prevalent and accounts for more than 70% of the patients (2). To enhance survival outcomes, sorafenib and lenvatinib are usually administered in cases of advanced HCC with portal vein tumor thrombus (PVTT) or extrahepatic metastasis. However, these drugs only have modest treatment responses and may even have notable side effects (3, 4). Furthermore, the latest immune checkpoint inhibitor monotherapy did not demonstrate increased survival compared with sorafenib in patients with unresectable HCC (5).

Barcelona Clinical Liver Cancer (BCLC) stage B or C HCC cases with high intrahepatic tumor burden can alternatively be treated through hepatic arterial infusion chemotherapy (HAIC), whereby the drug is administered directly through a port inserted into the liver. HAIC enables higher drug concentration in intrahepatic tumors with minimal systemic adverse effects (2). There is research evidence that, compared to sorafenib, both the objective response and survival outcomes are improved when advanced HCC is treated through HAIC (2, 6, 7). Moreover, recent studies demonstrated that significant reduction of the intrahepatic tumor by HAIC in HCC with PVTT and/or extrahepatic metastases led to better survival outcomes than no reduction of the intrahepatic tumor burden (2, 8). Therefore, in advanced HCC, it is crucial to identify patients who will potentially benefit from HAIC before start the treatment.

A non-invasive diagnosis of HCC is established by a characteristic radiological findings of arterial phase hyperenhancement (APHE) and portal venous or delayed phase “washout” on contrast-enhanced computed tomography (CT) or magnetic resonance imaging (MRI) (9). Recently, a hepatocyte-specific contrast agent, gadolinium-ethoxybenzyl-diethylenetriamine penta-acetic acid (Gd-EOB-DTPA, gadoxetic acid), has been recognized as the critical tool for the detection of early HCCs. Moreover, diffusion-weighted imaging (DWI) obtained during MR examination was reported to estimate the biological behavior of HCC (10, 11). In general, DWI depends on the information of the diffusivity of water molecules, reflecting the cellularity of the tumors (12). DWI has a potential for use in various liver diseases (13). It can be used as a biomarker for liver fibrosis, HCC detection, and predicting responses to anticancer therapies (14). DWI is an attractive technique in liver diseases because it may add qualitative and quantitative information to conventional MRI sequences and it can be easily performed (13).

Evaluation of HCC treatment responses based on the detection of features in DWI MR has been undertaken by several studies. Previous reports showed that pretreatment apparent diffusion coefficient (ADC) of HCC can be predictive of response to transarterial chemoembolization (TACE) (15, 16). Moreover, ADC change relative to baseline (ADC ratio) 1 month after TACE was an independent predictor of progression-free survival in HCC (17). However, there are no reports that describe the association between various MR parameters and responses to HAIC in HCC. In this study, we aimed to identify the utility of various MRI findings and DWI with an ADC map as a predictor of the intrahepatic response of HCC to cisplatin-based HAIC.



Methods


Study Design and Population

Ethical approval was obtained from the Institutional Review Board of Seoul St. Mary’s Hospital (KC19RESI0912). A diagnosis of HCC was confirmed in every enrolled patient by the updated international guidelines (9, 18, 19). HCC cases with PVTT or infiltrative tumors are occasionally treated with HAIC rather than sorafenib or lenvatinib in the researcher’s institution. The medical records of all cases that received an HCC diagnosis between January 2010 and December 2017 were reviewed by experienced hepatologists. The survival data of the patients continued to be followed up until December 2019. The inclusion criteria of this study were as follows: unresectable HCC cases with Barcelona Clinical Liver Cancer (BCLC) stage B or C undergoing HAIC monotherapy, age range of 20–80 years, Child-Pugh class A or B, Eastern Cooperative Oncology Group (ECOG) performance status of less than 2, lack of indication of bone marrow inhibition (white blood cell ≥ 3000/µL, hemoglobin ≥ 8 g/dL, and platelet count ≥ 7.5×104/µL), normal renal function with levels of serum creatinine < 2.0 mg/dL, diffusion-weighted, contrast-enhanced MR imaging before treatment, and response evaluation at least after 2 cycles of treatment. The study did not include cases in which HAIC was undertaken after sorafenib administration. Patients without response evaluation or with combination treatments (HAIC + sorafenib or HAIC + radiation therapy) were excluded from the analyses. Finally, 113 patients were enrolled in this study (Figure 1).




Figure 1 | Study population.





Diagnosis of HCC

Multiphasic CT, MRI, biochemical analysis of alpha-fetoprotein (AFP), and additional biomarkers provided diagnostic information for HCC. The modified RECIST criteria were used to assess therapeutic response (3). Tumors without arterial enhancement of the target lesions were determined to be in complete response (CR). Partial response (PR) was defined as a 30% reduction in the sum of viable target lesion diameters. Progressive disease (PD) was identified if augmentation of at least 20% was noted in the total viable target lesion diameters. If the findings were outside these definitions, the tumor response was considered a stable disease (SD). RECIST rather than mRECIST was used in cases of infiltrative HCCs because this type is classified by mRECIST as a non-target lesion. Likewise, during the assessment of tumor response, PVTT was not included because it was classified by mRECIST as a non-target lesion.

The Vp stages were employed to categorize the PVTT. Tumor invasion distal to the second portal vein branch was categorized as Vp1, tumor invasion of the second portal vein branch was categorized as Vp2, tumor invasion of the first portal vein branch was categorized as Vp3, and tumor thrombus occurrence in the main portal vein trunk or a branch of the portal vein contralateral to the main affected lobe was categorized as Vp4 (2).



HAIC Protocol

The specific protocol of cisplatin-based HAIC has been described previously (2). Every HAIC process was conducted by two or more interventional radiologists with more than five years of experience. Two chemotherapeutic drugs were infused through the chemoport inserted into the femoral artery, 5-fluorouracil (5-FU) (500 mg/m2) for three days and cisplatin (60 mg/m2) on the second day. In cases where the disease did not progress or the therapy did not have severe complications, HAIC was repeated at the interval of 4–6 weeks. The Child-Pugh categorization was applied at every cycle to assess hepatic function, while follow-up multiphasic CT or MRI was applied after 2–3 therapy cycles to assess the response to therapy.



Qualitative and Quantitative Analyses of MR Imaging

A 3-T MR system (Verio, Siemens Healthcare, Erlangen, Germany) alongside a phased array coil with 8 channels serving as the receiver coil was employed for MR imaging. Breath-hold half Fourier Acquisition single-shot turbo spin echo, respiratory-triggered fast spin echo T2-weighted image with fat suppression and 3D T1-weighted in- and opposed-phase gradient echo with two-point Dixon reconstruction were obtained as previously described (16). Meanwhile, contrast-enhanced study was performed using fat-suppressed 3D spoiled gradient-echo volume interpolated breath-hold examinations. After acquisition of unenhanced images, Gd-EOB-DTPA was injected with a dosage of 0.1mL/kg body weight and a flow rate of 1 mL/s through the antecubital vein followed by a 20-mL saline flush. Arterial phase (30- to 35-second delay), portal venous phase (65- to 85-second delay), transitional phase (3-minute delay), and hepatobiliary phase (HBP) (20-minute delay) were acquired as previously described (20). DWI with echo planar imaging using b values of 0, 50, 500, and 800 s/mm2 were obtained and ADC maps were automatically generated using DWI with b values of 0 and 800 s/mm2 (20). MR imaging sequences and parameters are presented in Table 1.


Table 1 | MR imaging sequences and parameters.



In this study, several radiologists discussed the methods to quantify the ADC values of tumors, background livers, and spleen. They made agreements how to quantitate ADC values. The data from the patients, which were used in the analyses, were obtained from one experienced radiologists (more than 10 years of experience in abdominal radiology) among the involved radiologists. She recorded the number of tumors (single or multiple), the largest diameter on axial and coronal images, presence of portal vein tumor thrombus, proportion of non-enhancing portion (< 50% or ≥ 50%), perfusion alteration, targetoid enhancement, blood product in tumor, fatty change in tumor, diffusion restriction, tumor signal intensity on arterial phase, and homogeneous enhancement on arterial phase. Definition of the most imaging findings were based on the Liver Imaging - Reporting and Data System (LI-RADS). Perfusion alteration is change from the usual blood supply in the liver parenchyma and we evaluated the presence of regional perfusion alteration near the tumor. Targetoid enhancement is target-like imaging morphology with concentric arrangement of internal components. Blood product is seen as high signal intensity on T1 weighted images of MRI. Intra-lesion fat is increased fat within the tumor and we evaluated it on in and opposed phases of MRI.

APHE is enhancement in arterial phase and enhancing part must be higher than liver parenchyma. So, signal intensity or density of tumor on arterial phase was compared to the liver parenchyma and divided into three categories (higher, similar and lower). Arterial phase enhancement that is most pronounced in periphery (rim APHE) is atypical feature of HCC, homogeneity of arterial enhancement was evaluated whether the arterial enhancement in the tumor was prominent in periphery or not.

Quantitative measurement was undertaken regarding ADC values in lesions and circumscribing healthy parenchyma. Delineation of a region of interest was done on ADC maps for both healthy liver parenchyma and HCCs, steering clear of necrotic and cystic zones, artifacts, and blood vessels within the liver as far as manageable. The regions of interest were drawn with similar size (3 cm2) in both of tumors and healthy parenchyma and peripheral portion of the tumor was not included because of frequent partial volume artifact. The region of interest was drawn in the largest tumor in the patients with multiple tumor (20). Ratio of pretreatment tumor-to-liver ADC (tumor ADC/liver ADC) was calculated in each patient.



Statistical Analysis

Statistical analysis was performed using SPSS version 26 software (IBM Corp., Armonk, NY, USA). The chi-square test was used to evaluate discrete variables from the two cohorts. An independent t-test was employed to compare continuous variables between the two groups. To determine the optimal cut-off value in discriminating objective responses by mRECIST, receiver operating characteristic (ROC) curves were generated for pretreatment tumor-to-liver ADC ratio (Supplementary Figure 1). Sensitivity, and specificity were calculated by the optimal cut-off value. Statistical significance was defined as P < 0.05. The Kaplan-Meier technique was adopted to estimate the overall survival (OS), and the log-rank test was applied for OS comparison. Determinants of objective responses were identified by conducting multivariate analysis alongside a logistic regression model.




Results


Baseline Characteristics

The baseline clinical characteristics of the enrolled patients are listed in Table 2. We divided all included patients into two groups according to the pretreatment tumor-to-liver ADC ratio. The cutoff value of the pretreatment tumor-to-liver ADC ratio (0.741) was determined by the receiver operating characteristic (ROC) curve. The patients were divided into two groups: patients with a pretreatment tumor-to-liver ADC ratio < 0.741 (n = 50, low group) and a pretreatment tumor-to-liver ADC ratio ≥ 0.741 (n = 63, high group). There were no differences in sex and etiology of HCC between the two groups, although patients in the low group tended to be younger (Table 2). There were no statistical differences in the maximal diameter, tumor number, and the presence of PVTT between the two groups. There were no differences in BCLC stages between the two groups. Most of the patients in both groups were classified as BCLC-C stages. Liver function measured by Child-Pugh class were not significantly different between two groups. A considerable number of patients in both groups received other modalities of treatment (TACE, liver resection, RFA, or sorafenib) before HAIC. Regarding tumor markers, there was no statistical difference in serum AFP levels between the two groups. Before HAIC, the mean tumor ADC (unit, 1.10 ± 0.29 × 10-3 mm2/s) of the high group was not significantly different from that of the low group (unit, 1.10 ± 0.31 × 10-3 mm2/s), although the mean pretreatment tumor-to-liver ADC ratio was significantly lower in the low group (P < 0.001) (Table 2). Moreover, the mean pretreatment tumor-to-spleen ADC ratio was also significantly lower in patients in the low group (P < 0.001), although spleen ADC values were not significantly different between two groups. For the other parameters detected in MR imaging (the amount of the non-enhancing portion, the presence of perfusion alteration, the presence of targetoid enhancement, the presence of blood product in the tumor, the presence of fatty change in the tumor, and the tumor signal on arterial phase), there were no statistical differences in these parameters between the low and high groups.


Table 2 | Clinical parameters of study patients.






Intrahepatic Response According to the Pretreatment ADC Tumor-to-Liver Ratio

As indicated in Table 2, the optimal intrahepatic response to therapy was evaluated based on mRECIST following 2-3 HAIC cycles. In the low group, the number of patients who displayed CR or PR was 21 (42%) and SD or PD was 29 (58%). In the high group, the number of patients who displayed CR or PR was 11 (17%) and SD or PD was 52 (83%). There was a statistical difference between the objective response rate between the low and the high group (P = 0.006). Figure 2 shows that the pretreatment tumor-to-liver ADC ratio of patients with objective responses was significantly lower than that of patients without objective responses (P < 0.01). OS were significantly higher in patients with objective responses to HAIC than in those without objective responses (P = 0.001 by log-rank test, Supplementary Figure 2A). However, there was no significant difference in OS (Supplementary Figure 2B) and progression-free survival (Supplementary Figure 2C) between the patients with high pretreatment tumor-to-liver ADC ratio and those with low pretreatment tumor-to-liver ADC ratio by log-rank test.




Figure 2 | Pretreatment tumor-to-liver ADC ratio according to the response to HAIC. **P < 0.01.





Factors Affecting Responses to HAIC

Table 3 delineates the factors affecting the responses to HAIC. Variables included in the logistic regression were as follows: age < 60 years, male sex, maximal tumor diameter < 10 cm, presence of PVTT as Vp0 to Vp2, AFP lower than 1,000 ng/mL, non-enhancing portion of the tumor less than 50%, the presence of perfusion alteration, and the pretreatment tumor-to-liver ADC ratio less than 0.741 (Table 3). Among all the factors, the pretreatment tumor-to-liver ADC ratio was the only factor that had a significant effect on the objective responses to cisplatin-based HAIC (odds ratio: 3.217, 95% confidence interval: 1.264–8.187, P = 0.014) (Table 3).


Table 3 | Factors affecting the responses to HAIC.



Figure 3 shows the MR imaging of a representative patient case having HCC with strong diffusion restriction and excellent response to HAIC. For the patient, the main tumor was located in the main portal vein, and the pretreatment tumor-to-liver ADC ratio was 0.36. After 5 cycles of cisplatin-based HAIC, there was no viable tumor with diffusion restriction (Figure 3). The patient underwent subsequent liver transplantation after the achievement of CR by HAIC. Explant histology showed no viable tumor and complete pathologic response to HAIC.




Figure 3 | MR imaging of a patient having HCC with strong diffusion restriction and good response to HAIC.






Discussion

Advanced HCC usually shows poor prognosis, with the aim of treatment being limited to extending life and at the same time preserving the hepatic reserve. BCLC stage B or C HCC with high intrahepatic tumor burden has typically been treated with the multikinase inhibitor sorafenib or lenvatinib (21). However, these drugs have been shown to improve survival only slightly. Moreover, when HBV is the cause of HCC, the prevalence of PVTT and more aggressive tumor features is higher than when other etiologies are the causes (2). Recent work by our group has demonstrated that survival outcomes in some advanced HCC cases may be improved dramatically by HAIC because of the substantial reduction of the intrahepatic tumor burden, even in cases with Vp 3/4 PVTT or extrahepatic metastases (2). Therefore, it is critical to identify the patients who will potentially benefit from HAIC. In this study, we suggest that decreased pretreatment tumor-to-liver ADC ratio may be a marker of an objective response to cisplatin-based HAIC. We compared the cutoff value of ADC tumor-to-liver ratio (0.741) in this study with those of prior studies in patients HCC. There were a few studies that described the prognostic significance of tumor-to-liver ADC ratio in HCC. In one study, the mean tumor-to-liver ADC ratio was 1.13 ± 0.63. The study included patients with pathologically confirmed HCC, and the ADC ratio was neither associated with tumor size or differentiation grade. In another study, lower tumor-to-liver ADC ratio (cutoff: 0.820) was a significant factor to predict CK19-positive HCC. Our cutoff level (0.741) is similar with that in the latter study (0.820). Because HAIC is usually performed in patients with advanced HCC, the cutoff value of our study may be lower than those of other studies, reflecting higher cellularity of the tumors.

DWI was used for predicting the responses to various local and systemic therapies in patients with HCC (22). For TACE, a significant increase in the mean ADC of the tumors with a simultaneous reduction in the intra-tumoral enhancement was reported in treated tumors (16, 17). For radioembolization, a previous study reported a modest ADC increases post-treatment (20). For the systemic treatment, a pilot study reported that a significant increase in perfusion fraction was noted in sorafenib responders, although overall ADC was not significantly altered between responders and non-responders (23, 24).

DWI is now used in most of the cancers to predict treatment responses and to distinguish different tumor grades (12). For instance, patients with breast cancer and a low pretreatment ADC tended to respond better to neoadjuvant chemotherapy (2). Recent reports demonstrated that DWI helps distinguishing early HCCs from regenerative nodules in cirrhotic livers (22, 25). Moreover, DWI predicted the pathologic grade of HCC because there was an inverse correlation between tumor grades and ADC values (13, 26, 27). For patients treated with cisplatin-based HAIC, this strategy will also provide benefits to patients. Despite the known chemoresistance of HCC to cytotoxic drugs such as cisplatin (17, 28), there are certainly a group of patients that show dramatic responses to this treatment (29). The reason there is a group of patients who show objective responses to this treatment will be identified when detailed multi-omics analyses are performed. Previous reports demonstrated that downregulated expression of specific genes may render susceptibility to cisplatin in HCC cell lines (17, 28). This suggests that patients with downregulation of these genes in their tumors may show a good response to cisplatin-based HAIC. The molecular-radiologic correlation regarding cisplatin sensitivity in HCC requires further investigation.

There are a number of shortcomings to this study. One shortcoming is that the study was conducted in one institution, so there is a possibility of selection bias. Another shortcoming is the insufficient number of cases recruited. Moreover, liver fibrosis/cirrhosis can lower the ADC values of the liver parenchyma on MRI. Therefore, the pretreatment tumor-to-liver ADC ratio could be affected the degree of liver fibrosis in this study. Moreover, PVTT is not measurable in mRECIST criteria and most of the patients with good responses to HAIC in this study had PVTT, which might have caused the tumor burden measured by mRECIST not to be associated with HAIC responses. A cohort study with a larger number of patients with more stratified analyses should be performed. On the other hand, this is the first study to identify imaging biomarkers of HAIC in advanced HCC. Although comparable analyses were conducted on cases receiving sorafenib treatment during the same period, statistical analyses were not possible because only five of the over 250 cases displayed intrahepatic objective responses following sorafenib treatment.

In a recent clinical trial, lenvatinib was non-inferior to sorafenib in terms of OS in patients with unresectable HCC and caused a considerable decrease in the tumor burden when patients were responsive to the drug (30–32). Therefore, the combined use of lenvatinib plus cisplatin-based HAIC may show the synergistic anti-cancer effects in advanced HCC. A future prospective clinical trial of lenvatinib plus cisplatin-based HAIC vs. lenvatinib only may show promising results in combination treatment. Investigation of the roles of DWI and contrast-enhanced MRI in lenvatinib plus HAIC will also be an area for interesting research.

HCC is a typical example of malignancy associated with nonresolving inflammation (33–35). However, HCC is recognized as an immune-tolerant malignancy (36). Only 14% to 18% of patients who receive pembrolizumab or nivolumab monotherapy demonstrate objective tumor responses (37–39). In HCC, immune heterogeneity is characteristic of larger tumors containing more clones that are resistant to immune checkpoint inhibitors. To overcome this heterogeneity, studies have investigated the synergic benefits of combination therapy for advanced HCC (40). Lenvatinib combined with pembrolizumab or bevacizumab with atezolizumab demonstrated unprecedented objective response rates (41, 42). These reports suggest that the resistance to immune checkpoint inhibitors can be overcome by the combination of drugs with different mechanisms of action. Future studies will demonstrate the role of DWI in predicting the responses of various immune and combination therapies.

In conclusion, our study demonstrated for the first time that patients with unresectable HCC with a pretreatment tumor-to-liver ADC ratio < 0.741 showed a favorable intrahepatic response to HAIC. Therefore, diffusion-weighted MR imaging can play a critical role as a predictor of response to cisplatin-based HAIC in unresectable HCC.
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Background

Previously, we characterized subtypes of pancreatic ductal adenocarcinoma (PDAC) on computed-tomography (CT) scans, whereby conspicuous (high delta) PDAC tumors are more likely to have aggressive biology and poorer clinical outcomes compared to inconspicuous (low delta) tumors. Here, we hypothesized that these imaging-based subtypes would exhibit different growth-rates and distinctive metabolic effects in the period prior to PDAC diagnosis.



Materials and methods

Retrospectively, we evaluated 55 patients who developed PDAC as a second primary cancer and underwent serial pre-diagnostic (T0) and diagnostic (T1) CT-scans. We scored the PDAC tumors into high and low delta on T1 and, serially, obtained the biaxial measurements of the pancreatic lesions (T0-T1). We used the Gompertz-function to model the growth-kinetics and estimate the tumor growth-rate constant (α) which was used for tumor binary classification, followed by cross-validation of the classifier accuracy. We used maximum-likelihood estimation to estimate initiation-time from a single cell (10-6 mm3) to a 10 mm3 tumor mass. Finally, we serially quantified the subcutaneous-abdominal-fat (SAF), visceral-abdominal-fat (VAF), and muscles volumes (cm3) on CT-scans, and recorded the change in blood glucose (BG) levels. T-test, likelihood-ratio, Cox proportional-hazards, and Kaplan-Meier were used for statistical analysis and p-value <0.05 was considered significant.



Results

Compared to high delta tumors, low delta tumors had significantly slower average growth-rate constants (0.024 month−1 vs. 0.088 month−1, p<0.0001) and longer average initiation-times (14 years vs. 5 years, p<0.0001). α demonstrated high accuracy (area under the curve (AUC)=0.85) in classifying the tumors into high and low delta, with an optimal cut-off of 0.034 month−1. Leave-one-out-cross-validation showed 80% accuracy in predicting the delta-class (AUC=0.84). High delta tumors exhibited accelerated SAF, VAF, and muscle wasting (p <0.001), and BG disturbance (p<0.01) compared to low delta tumors. Patients with low delta tumors had better PDAC-specific progression-free survival (log-rank, p<0.0001), earlier stage tumors (p=0.005), and higher likelihood to receive resection after PDAC diagnosis (p=0.008), compared to those with high delta tumors.



Conclusion

Imaging-based subtypes of PDAC exhibit distinct growth, metabolic, and clinical profiles during the pre-diagnostic period. Our results suggest that heterogeneous disease biology may be an important consideration in early detection strategies for PDAC.





Keywords: pancreatic cancer, early detection, computed tomography, mathematical modeling, tumor metabolism



Introduction

Pancreatic ductal adenocarcinoma (PDAC) is the fourth most common cancer in the United States, with 57,600 new cases and 47,050 deaths projected annually (1). More than 80% of the new cases are either at regional or distant spread stage by the time of initial diagnosis, and without breakthroughs in therapeutics and early detection strategies, PDAC will become the second leading cause of cancer-related deaths in the US by 2030 (2, 3). Compared to other cancers, efficient imaging-based screening methods for PDAC are lacking (4, 5). While significant efforts have turned to defining high risk cohorts for screening efforts, most cases of early PDAC diagnosis are incidental findings on computed tomography (CT) or magnetic resonance (MR) scans that are performed for reasons other than the suspicion of PDAC (6, 7). Even in high risk cohorts, metastatic PDAC can develop while a subject is on surveillance (7). This highlights the need to identify ways to personalize screening strategies based on disease biology.

Multiple groups have recognized that the pre-diagnostic period for PDAC exhibits measurable changes that have given new insight into the systemic effects of the disease before it is clinically detected and diagnosed. For example, using pre-diagnostic images and blood tests, investigators showed that the emergence of PDAC is associated with muscle and fat wasting and changes in the glucose, protein, and lipid profiles (8–10). Large cohort studies and hospital systems have represented the main sources of data to date. Another source of patients in whom a pre-diagnostic period for PDAC could be studied is those who develop PDAC as a second primary malignancy. Second primary cancers constitute 16% of the newly diagnosed cancers in the United States, and second primary pancreatic cancer represents 6.3% of all new diagnosed pancreatic cancers, with a median interval of 8.4 years from the prior cancer (11–14). Many of these cancers are diagnosed by serial follow up scans performed for the purpose of management or surveillance of the first primary cancer. These scans can offer a unique opportunity to study the evolutionary nature of PDAC tumors. To this end, the application of physiologically-relevant mathematical models that can utilize serial scans, clinical and biological data to model tumor growth (15–18), and predict disease prognosis may help in evaluating screening strategies and achieving the goal of personalized approaches based on disease biology.

It is known that PDAC is a heterogeneous disease, and multiple methods have been proposed to classify the disease. Previously, we identified imaging-based subtypes of PDAC (19). We showed that qualitative and quantitative scoring of the change in enhancement on CT-scans at the interface between PDAC tumors and parenchyma (delta) is biologically and clinically relevant, whereby tumors with a conspicuous border (high delta) on CT show more aggressive mesenchymal biology, are more likely to have multiple common pathway mutations, and are associated with poor clinical outcomes, when compared to those with an inconspicuous border (low delta) on CT (19–22).

In this study, we hypothesized that high and low delta tumors have different growth kinetics and utilized image-guided mathematical modeling to characterize the differences in growth patterns. We used measurements derived from serial pre-diagnostic and diagnostic CT-scans of patients who developed PDAC as a second primary cancer to inform a phenomenological mathematical model of tumor growth and estimate relevant growth parameters. The modeling results were utilized to perform binary classification of tumors into high delta and low delta, solely based on their growth kinetics differences. Lastly, we tested the hypothesis that these imaging-based subtypes have different rates of soft tissue wasting, changes in blood glucose (BG) levels, and clinical outcomes.



Materials and Methods


Patients

This study was approved by the Institutional Review Board (PA14-0646) at The University of Texas MD Anderson Cancer Center (MDACC). Retrospectively, we evaluated a cohort of 55 patients who developed pathologically proven PDAC as a second primary cancer between the years 2003 and 2019. All patients had undergone at least one pre-diagnostic CT-scan (T0) as a follow up for their primary cancer that showed a pancreatic lesion and a diagnostic (pre-therapy) pancreatic protocol CT-scan (T1) for PDAC (Supplementary Table S1).



CT Acquisition

Due to the retrospective nature of the study the pre-diagnostic CT-scan(s) (T0) acquisition protocols varied. However, for all patients there was at least one contrast-enhanced T0 CT-scan that was used for tumor measurement. Diagnostic CT- scans (T1) were acquired using pancreatic-protocol, which is a diagnostic test for patients with PDAC, where iodine-based contrast is injected intravenously (23). Fixed-time delay technique was used in scans obtained before 2006 (n=4), which consisted of a non-contrast (NC), an arterial (AR) phase (40 s after starting contrast infusion) and a portovenous (PV) phase (65–70 s after starting contrast infusion). Scans obtained after 2006 used a bolus tracking technique (n=51), whereby a value of 100 HU in the aorta triggers the countdown to start the AR phase scan, followed by the PV phase. The slice thickness for post contrast scans ranged between 2.5 mm and 3 mm.



CT-Analysis: Delta Scoring and Tumor Measurement

Qualitatively, we scored the imaging-based subtypes of PDAC tumors on (T1) diagnostic CT-scans based on conspicuity and shape into low and high delta groups using previously published criteria (19). Then, we measured pancreatic lesions on the contrast-enhanced CT images at the following time points: I) T0(s): when a pancreatic abnormality (lesion) was first radiologically visible and every follow-up scan until before PDAC diagnosis was made; II) T1: when the PDAC diagnosis was radiologically established. Measurement included the long and short axes of the lesions, which were geometrically averaged to obtain a reasonable approximation of the mean lesion diameter (d). Then, by approximating the lesion as a sphere, we obtained the lesion volume (cm3). This tumor volume estimation method is verified to have a high correlation with the actual 3D volume (24).



Empirical Mathematical Modeling

To appropriately model the growth kinetics of the tumors, we used the Gompertz function given by:

	

where, X(t) refers to the volume of the tumor at a given time t; K is the tumor carrying capacity of the host, i.e. maximum tumor volume that can be achieved in the body under the limitations of nutrient availability (value fixed at 180 cm3, which is equivalent to a sphere of 7 cm dia.);Xo is the volume of the tumor at the first observation, which was assumed to be at time zero (T0) and obtained from the data; and α is the growth rate constant of the tumor.

The Gompertz function was fit to each patient’s longitudinal tumor size data to estimate the growth rate constant α. The fitted function was used for backward projection to estimate the time to grow (initiation time T) from a single cancerous cell (≈10-6 mm3) to a tumor of 10 mm3 size (10 million cells) using the following formula:

	

where, X(t0) and X(t1) are the volume of a single cell and diagnosable tumor mass, respectively (i.e., 10-6 mm3 and 10 mm3 in our calculations, respectively).



Binary Classification and Cross-Validation

The entire data set (n = 55) was used to train the binary classifier (low versus high delta tumor types). A logistic regression model was fit between the predictor (growth rate constant α) and response (tumor type) variables, and a receiver operating characteristic (ROC) curve was computed. Accuracy of classification was obtained as the percentage of tumors correctly classified by the ‘discrimination threshold’ that was selected from the ROC curve to maximize the accuracy of classification.

Leave-one-out cross validation (LOOCV) technique was used to evaluate the predictive capability of the binary classifier. In this technique, n-1 training data sets were generated from the total n data points by iteratively removing one data point. Each training dataset was used to generate a ROC curve and select a discrimination threshold to classify the left-out test data point. The prediction results from all iterations were pooled to calculate the average accuracy of the classifier.



Soft Tissue and Metabolic Profile Assessment

We quantified the change in subcutaneous abdominal fat (SAF), visceral abdominal fat (VAF) and muscle area on a single axial slice of each CT scan at the L2-L3 vertebral level. In brief, we imported the CT images to velocity AI software (Varian Medical Systems, Inc.) and used the provided semi-automated segmentation tool to contour and obtain the area on the single slice (25). We then calculated the volume (cm3) of SAF, VAF and muscle using knowledge of the CT slice thickness. This was serially done for T0(s) and T1.

To construct a temporal metabolic profile for these patients, we serially collected the blood glucose (BG) level from the electronic medical records of the patients starting from the date of diagnosis and up to 24 months prior to diagnosis.



Inter- and Intra-Rater Variability

To evaluate inter-rater agreement, two trained researchers (DE and MZ), with 3 and 4 years of experience reviewing pancreatic cancer CT scans, respectively, performed serial biaxial measurement of the pancreatic lesions in randomly selected cases (30% of the studied cohort, 16 cases total). Then we calculated the lesion’s volume by geometrically averaging the biaxial measurement and approximating the lesion as a sphere.

To evaluate intra-rater agreement, repeated measurements were performed by one rater (MZ) for the same 16 cases (>2 weeks interval), and similarly calculated the volume of the lesions.

We used the intraclass correlation coefficient (ICC) test to evaluate inter-rater (two-way random effects, absolute agreement) and intra-rater (two-way mixed effects, absolute agreement) We reported the agreement rates according to the published guidelines.



Statistical Analysis

Non-linear least squares regression using the “Levenberg-Marquardt” algorithm was performed to fit the Gompertz function to each patient’s tumor volume data. To evaluate the quality of model fits, Pearson’s correlation coefficient R was calculated between the observed data and model fitted predictions. Maximum likelihood estimation was performed to estimate the parameters of lognormal distribution to characterize the distribution of initiation times. The maximum likelihood estimates were then used to obtain the probability density function and cumulative density function (cumulative probability) of initiation times.

T-test and likelihood ratio were used for comparative numeric and categorical analysis, respectively between the groups. Cox proportional-hazards and Kaplan-Meier were used for overall survival (OS) and progression free survival (PFS) analyses. Statistical analyses were performed in MATLAB R2018a (MathWorks), JMP Pro 15 (SAS Institute), and Prism (GraphPad). All tests were two-tailed and p-value <0.05 was considered significant.




Results


Patient Population

Our patient population consisted of 33 males (60%) and 22 females (40%), the median age at the time of diagnosis for PDAC was 68 years (range = 50–87), the median time interval between the first and second cancer was 4.5 years (range = 0.1–42) and the median overall survival (OS) time after the PDAC diagnosis date was 22 months (range = 2–154). At time of diagnosis, 34 patients had stage I and II disease, 7 patients had stage III disease and 14 had stage IV disease. Ten patients underwent surgical resection for PDAC, of which four patients had stage I tumors, and six patients had stage II tumors according to the American Joint Committee on Cancer (AJCC) 8th edition. Twenty-nine patients had high delta tumors, while 26 had low delta tumors. Patients’ demographics and clinical variables related to PDAC are shown in Table 1. Clinical variables related to the first primary cancer are shown in Table 2 and Supplementary Table S2.


Table 1 | Demographic and treatment characteristics.




Table 2 | Distribution of the first malignancy among the patients, the time interval between the first malignancy and pancreatic ductal adenocarcinoma (PDAC) diagnosis, and the association with the delta class.





Tumor Growth Kinetics

The Gompertz function accurately fits the individual patient data (Figures 1A and S1), as indicated by a strong correlation between the observed and fitted values of tumor size leading to a Pearson correlation coefficient R of 0.99 and 0.92 for low delta and high delta tumors, respectively (Figures 1B, C). The estimated growth rate constant (α) of low delta tumors was significantly lower than high delta tumors (t-test, p<0.0001), with mean value of 0.024 month−1 and 0.088 month−1, respectively (Figures 1D, E). These values of growth rate constants correspond to average characteristic tumor growth times of ~41 months and ~11 months for low delta and high delta, respectively.




Figure 1 | Gompertz function fitting and parameter estimation. (A) Non-linear least squares regression fits of Gompertz function to tumor growth kinetics data for one representative patient each bearing low delta and high delta tumor. Refer to Figure S1 for the remaining patient data fits. Pearson correlation analysis to assess quality of model fits relative to clinical observations in (B) low delta and (C) high delta tumors. (D) Distribution of the growth rate for high and low delta tumors. (E) Estimates of growth rate constant (α) of low and high delta tumors. *** P-value < 0.0001.



As shown in Figures 2A, B, the data distribution for initiation times was positively skewed, hence a lognormal distribution appropriately represents the probability density of initiation times (time to grow from 1 cell to a 10 mm3 mass) for the two tumor types. However, in accordance with the observation above, initiation times for low delta tumors were less positively skewed than high delta tumors, with a distribution mode of 25.3 months versus 5.2 months and values ranging up to ~26 years versus ~17 years for low delta and high delta tumors, respectively (Figures 2A, B). Finally, we calculated that with 90% probability, the initiation time of low delta tumors was ~14 years and that of high delta tumors was ≤5 years (Figure 2C). These observations indicate that low delta tumors grow at a relatively slower rate than high delta tumors.




Figure 2 | Model predictions. Normalized histogram for time to grow (initiation time) from a single cell to a tumor size of 10 mm3 in high (A) and low (B) delta tumors. Parameters μ and σ refer to the mean and standard deviation of lognormal distribution, respectively. Cumulative probability of initiation time in high and low delta tumors (C).





Binary Tumor Classification

To further validate the hypothesis that tumor growth kinetics vary between high and low delta tumors, we performed logistic regression-based binary classification analysis to classify high and low delta tumors based on their growth rate constants (α). The obtained ROC curve had an AUC of ~0.85, which indicates good classification ability of the growth rate constant (Figure 3A). From the ROC curve, 0.034 month−1 was selected as the optimal cut-off value to differentiate the tumors into high and low delta (values >0.034 month−1 indicate high delta tumors, while <0.034 month−1 indicate low delta tumors). To visualize the binary classification based on the chosen threshold, we plotted the complementary cumulative distribution (CCD) function of the growth rate constant data. As shown in Figures 3B, C, the growth rate constant correctly classified ~81% and ~83% low delta and high delta tumors, respectively, with an overall accuracy of classification being ~82%. The classifier achieved high sensitivity (~83%, and ~81%), specificity (~81%, and ~83%), positive predictive value (~83%, and ~81%), and negative predictive value (~81% and ~83%) in identifying the high and low delta tumors, respectively.




Figure 3 | Logistic regression-based binary classification and cross-validation. (A) Receiver operating characteristic (ROC) curve to evaluate the classification ability of growth rate constant into low delta and high delta tumors. (B) Complementary cumulative distribution function (CCD) of patients shows the accuracy of binary classification at a discrimination threshold of 0.034 mo−1. (C) Confusion matrix showing results of binary classification. (D) ROC curves generated for multiple training data sets obtained through the leave-one-out cross validation technique. (E) Results of cross validation in classifying the test data point.



The calculated value of Matthews correlation coefficient of +0.64 suggests good correlation between the predicted values and the true values of tumor type, and corroborates the classification ability of the classifier (26).

To evaluate the predictive ability of the binary classifier, we performed LOOCV. The average AUC thus obtained for the ROC curves generated by iteratively removing one data point from the training data was 0.84 ± 0.007, which was very similar to the AUC of the complete training data set (Figure 3D). Based on each training data, we classified the left-out test data point, pooled the results of all the iterations, and obtained an overall classification accuracy of 80%, with ~77% and ~83% of low delta and high delta tumors correctly classified, respectively (Figure 3E). Using LOOCV, the classifier achieved high sensitivity (~83% and ~77%), specificity (~77%, and ~83%), positive predictive value (80%, and 80%), and negative predictive value (80% and 80%) in identifying the high and low delta tumors, respectively.



Inter- and Intra-Rater Variability Assessment

The ICC test showed excellent inter-rater agreement rates for the calculated lesion volumes on the pre-diagnostic scans (0.98, 95% CI: 0.95–0.99) and diagnostic scans (0.99, 95% CI: 0.99–0.94). Similarly, the ICC model showed excellent intra-rater agreement rates for the calculated lesion volumes on the pre-diagnostic scans (0.99, 95% CI: 0.98–0.99) and diagnostic scans (0.99, 95% CI: 0.99–0.1) (Supplementary Table 3).



Association Between Delta Score, Soft Tissue Wasting, and BG

A significant difference was observed between the rates of soft tissue wasting of high and low delta tumors, as confirmed by t-tests, such that patients with high delta tumors experienced accelerated rate of subcutaneous fat (−8.7 vs. −1.1% change/month, p < 0.001), visceral fat (−10.2 vs. −1.5% change/month, p < 0.001), and muscle (−8.8 vs. −0.4% change/month, p < 0.001) wasting compared to those with low delta tumors (Figures 4A–D). Additionally, there was a significant difference in the temporal profile of the patients’ BG, whereby those with high delta tumors exhibited a higher increase in the BG in the pre-diagnostic period compared to those with low delta tumors (p = 0.004) (Figure 4E).




Figure 4 | Soft tissue and metabolic analysis. Rate of change of tissue wasting in muscle (A), subcutaneous abdominal fat (SAF) (B), and visceral abdominal fat (VAF) (C) in patients with high and low delta tumors. (D) Muscle, SAF, VAF contours on CT-scans at L2 vertebra level. (E) Blood glucose kinetics in high and low delta tumor-bearing patients. T-test *p value < 0.01, **p value < 0.001.



Since the diagnosis age of PDAC in our cohort had a relatively wide range, we tested whether the difference in the basal metabolic rates across age groups was a confounding factor to consider. We dichotomized the study subjects based on the median age (68 years). The t-test did not show any significant difference in the rate of subcutaneous fat (p=0.9), visceral fat (p=0.07), and muscle (p=0.8) wasting between the age groups.



Association Between Delta Score and Clinical Outcomes

There was no significant association between delta score and OS (log-rank, p = 0.6) (Figure 5A). However, patients with low delta tumors demonstrated improved PDAC-specific PFS (47 vs. 6 months, Log-Rank p < 0.0001), presented with earlier overall stage of disease, were more likely to have T1-T3 stage tumors, and were more likely to receive surgical resection (likelihood ratio, p = 0.008), compared to those with high delta tumors (Figures 5B–G).




Figure 5 | Survival analysis. Delta score association with overall survival (A) and progression free survival (B). Comparison of the time interval between the first and second primary and overall survival (C). Delta score and time interval association with overall survival (D). Contingency plots showing delta score associations with overall stage at pancreatic ductal adenocarcinoma (PDAC) diagnosis (E), T-stage at PDAC diagnosis (F), and with the likelihood to receive a curative intent PDAC resection (G).



As a continuous variable, patients with a longer time interval between the first and second primary experienced better OS (HR = 0.94, 95%CI = 0.8–0.9, p = 0.01). Using ROC curve analysis, 3 year interval was selected as an optimal cut-off (AUC=0.71) to best predict prolonged OS (>22 months), and was used to dichotomize the patients into long interval vs. short interval groups. As a categorical variable, this dichotomy showed a significant association with OS (32 vs. 20 months, Log-Rank; p = 0.03) (Figure 5C). We combined the delta score and the time interval to create four groups; 1) high delta-short interval, 2) high delta-long interval, 3) low delta-short interval, and 4) low delta-long interval. The low delta-long interval group had significantly better OS compared to other groups (37 vs. 22 vs. 20 vs. 10 months, log-rank p = 0.0005) (Figure 5D).

Multivariate Cox proportional-hazards analysis, showed that time interval between the primary and secondary cancer was the only independent prognostic factor for survival accounting for traditional covariates (HR = 0.9, p = 0.04), as shown in Table 3.


Table 3 | Univariate and multivariate Cox proportional hazard analysis for overall survival.






Discussion

In this paper, we utilized phenomenological mathematical modeling to characterize the growth kinetics of imaging-based subtypes of PDAC, in addition to evaluating the differential metabolic effects of these subtypes. We measured pancreatic lesions from the pre-diagnostic and diagnostic CT-scans of patients who developed PDAC as a second primary. The model identified significant differences in the growth rate constant and initiation time between the subtypes, whereby high delta tumors exhibited an accelerated growth rate and shorter initiation time compared to low delta tumors. Moreover, patients with high delta tumors exhibited greater metabolic profile disturbances in terms of soft tissue wasting and hyperglycemia. The patients with high delta tumors were more likely to present with advanced stage disease and had poorer clinical outcomes compared to those with low delta tumors. These findings provide additional insights into the biological, metabolic and clinical aspects of these subtypes and suggest that screening strategies may require personalization, factoring biology into the intervals at which patients undergo imaging.

For example, our data illustrated that patients with high delta tumors have shorter doubling times (calculated from the tumor growth rate, mean=4.2 ± 3 months) compared to those with low delta tumors (mean=16 ± 8 months). Indeed, patients with high delta tumors presented with more advanced T- and overall stages of the disease. These results suggest that the one-size-fits-all screening approach is inadequate. Current protocols use a one-year screening interval, but this would potentially miss an early stage high delta tumor. This emphasizes the need for personalized approaches to screening for PDAC, but also highlights an unmet need: there is currently no method to predict whether a high-risk patient undergoing screening will develop no disease, indolent PDAC, or aggressive PDAC.

Secondary signs that are associated with development of PDAC that can be measured in blood or imaging may help address this unmet need. Multiple studies investigated the association between the development of pancreatic cancer and the onset of metabolic changes in terms of soft tissue wasting and blood chemistry disturbance (8–10). Sah et al. demonstrated that there are three distinct phases of soft tissue (fat and muscle) wasting, hyperglycemia, and dyslipidemia that precedes the diagnosis of PDAC (8). Our serial quantitative analyses of fat and muscle changes on CT-scans and BG level disturbances were consistent with these findings. Moreover, we found significant differences in the rates of these changes between high and low delta tumors, further supporting that these imaging-based subtypes are biologically and metabolically different. Additionally, the association between these measurable changes and the imaging-based subtypes provides a potential solution to personalizing screening intervals for high risk cohorts.

Characterizing the tumor growth pattern is of diagnostic and prognostic relevance. Haeno et al. used mathematical modeling and clinical data to illustrate that controlling the growth rate of PDAC, especially at the early exponential phase, is more effective for prolonging patients’ survival than surgical resection (27). Since we previously observed multiple differences in the biology of high and low delta tumors (20, 28), we hypothesized that the growth pattern and proliferation kinetics of these tumor subtypes would be fundamentally different. Our finding that the delta subtypes have differential growth rates aligns with our earlier observation regarding the morphological characteristics of the delta as a function of opposing proliferation versus migration mechanisms of tumors cells (19).

This study has a few limitations. First, due to the retrospective nature of the study, the time intervals between pre-diagnostic and diagnostic CT-scans were not uniform across all patients. Notably, however, intervals were not significantly different between high and low delta cases (mean = 7.3 months vs 8.3 months, respectively). Also, the imaging protocols of the pre-diagnostic (T0) CT-scans varied from single phase (PV) scans to triple phase scans with and without contrast. This is explained by the variability in the location, stage and the indication for imaging of the first malignancy, i.e. surveillance (n=29) versus management and follow-up (n=26). However, there was at least one contrast enhanced CT-scan at T0 that was used for tumor measurement. Second, with our mathematical model, we assumed that PDAC tumors consist mainly of cancerous cells that originate from a single mutated cell, which might not be the case for all the tumors. While the Gompertz function has been successfully used to describe tumor growth previously (29, 30), it assumes that the tumor growth is fastest early on and slows down with time. While this appears to capture the reported PDAC growth pattern (27), this remains an approximation. Our future work will address both multi-cell origin and consider inter- and intra- tumor heterogeneity with an aim to also understand tumor metastasis. Another potential weakness of our work is that we used biaxial measurements to estimate the 3D tumor volume instead of the precise tumor volume. Finally, we acknowledge that the data was from a single institution with limited number of patients that requires further external validation. Future directions include multi-institutional validation, developing a deep learning-based technique to detect and classify the imaging-based subtypes of PDAC, investigating the molecular basis associated with different growth patterns, and enhancing CT imaging capacities to detect PDAC earlier through amplifying faint abnormal signals in the pancreas (31).

In conclusion, we used mathematical modeling to characterize the growth rates and proliferation kinetics of imaging-based subtypes of PDAC, using serial pre-diagnostic CT scans of patients who developed PDAC as a second primary. We highlighted the biological and metabolic differences associated with these subtypes. With further validation, these findings have implications for personalized screening strategies for PDAC.
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Purpose

To evaluate the value of multiple machine learning methods in classifying pathological grades (G1,G2, and G3), and to provide the best machine learning method for the identification of pathological grades of pancreatic neuroendocrine tumors (PNETs) based on radiomics.



Materials and Methods

A retrospective study was conducted on 82 patients with Pancreatic Neuroendocrine tumors. All patients had definite pathological diagnosis and grading results. Using Lifex software to extract the radiomics features from CT images manually. The sensitivity, specificity, area under the curve (AUC) and accuracy were used to evaluate the performance of the classification model.



Result

Our analysis shows that the CT based radiomics features combined with multi algorithm machine learning method has a strong ability to identify the pathological grades of pancreatic neuroendocrine tumors. DC + AdaBoost, DC + GBDT, and Xgboost+RF were very valuable for the differential diagnosis of three pathological grades of PNET. They showed a strong ability to identify the pathological grade of pancreatic neuroendocrine tumors. The validation set AUC of DC + AdaBoost is 0.82 (G1 vs G2), 0.70 (G2 vs G3), and 0.85 (G1 vs G3), respectively.



Conclusion

In conclusion, based on enhanced CT radiomics features could differentiate between different pathological grades of pancreatic neuroendocrine tumors. Feature selection method Distance Correlation + classifier method Adaptive Boosting show a good application prospect.





Keywords: CT, pancreatic neuroendocrine tumors, texture analysis, pathological grading, radiomics, prediction model



Introduction

Pancreatic neuroendocrine tumors (PNETs) are tumors that originate from the neuroendocrine system of the pancreas, accounting for 2%–10% of pancreatic tumors (1, 2). In recent years, researches on pancreatic neuroendocrine tumors have received more and more attention. According to the World Health Organization’s classification system, PNETs are classified into three pathological grades according to mitotic count and Ki-67 index: G1, G2, G3. In PNETs, G1 grade tumors have a lower degree of malignancy, and G2 and G3 tumors have a higher degree of malignancy (3, 4). Different treatment options for different grades of tumors are also different. At present, the more accepted treatment is surgical resection. For the unresectable or metastatic PNETs, local treatment, chemotherapy and targeted therapy can be used as treatment options (5–7). Of course, tumors with different malignant grades will also have an impact on the development of treatment options.

At present, enhanced CT examination has been used as a common imaging examination method for pancreatic tumors, and it is an important auxiliary tool for clinicians in evaluating tumor staging (8–10). However, enhanced CT is not able to directly determine the malignant grade of PNETs. The confirmed diagnosis still needs to rely on pathological diagnosis, which invisibly increases the difficulty of diagnosis and the suffering of patients. New methods are explored to identify the grade of carcinoma non-invasively by using the image data with the development of medical imaging and post-processing. It is valid to predict Gleason Score of Prostate cancer, malignancy stage of Colorectal cancer by analyzing image feature (11, 12). This suggests that radiomics information can predict pathological information to a certain extent. Compared with pathological information, there is a huge amount of valuable information hidden in the image. Notably, as an emerging non-invasive way, radiomic analysis makes a transformation of medical images into available data combined with other clinical information of patients, playing a crucial role in diagnosis of multiple tumors (13).

Texture analysis, one type of radiomics analysis, is a method of quantifying texture parameters by post-processing conventional images, mathematically analyzing and calculating the intensity and spatial distribution characteristics of image pixels (14). The main image sources are CT, MRI, PET, and some post-processing images. Enhanced CT texture analysis can reflect the uneven distribution of contrast agent inside and outside the blood vessel (15). In recent years, CT texture analysis also has been applied to the diagnosis, grading, and prognostic evaluation of various tumors, such as colorectal cancer (16–18).

It has been reported that preoperative texture analysis of PNETs patients provides a novel and feasible method for the diagnosis and prognosis of PNETs patients (19–23). However, as far as we know, although some studies have found that several texture parameters have potential application value in PNETs diagnosis and grading, the explored parameters are still incomplete and need further investigation. To show the full picture of the ability of texture parameters based on enhanced CT to differentiate pathological grading of PNETs, we conducted this retrospective study. This is the first time that five feature selection methods and nine classifiers have been used to help identify pancreatic neuroendocrine tumors with different pathological grades. The purpose of this study was to evaluate the ability of CT based radiomic combined with machine learning to identify pathological grade of pancreatic neuroendocrine tumor, and to compare the performance of five feature selection methods and nine classifiers.



Materials and Methods


Study Population

We retrospectively reviewed a computer database of PNETs patients treated at our hospital from March 2011 to November 2019, yielded 201 patients who had treated for PNETs with their clinical records and CT images. Clinical data including age, sex, location, tumor size, pathological typing, date of baseline CT, condition of secretory function and dates of surgery were recorded in our computer medical system. All CT images were exported through the hospital’s PACS (Picture Archiving and Communication System). One hundred nineteen patients were excluded after the initial evaluation on images and patient profiles, the reasons are as follows: Patients who did not undergo an enhanced abdominal CT scan within 2 months prior to surgery (n=38); The patient did not had a definite pathological results (n=36); Relevant tumor treatment history in other hospitals (n=41); the image quality does not meet the requirements (n=4). A total number of 82 patients were introduced in our study, finally. This study was approved by the Ethics Administration Office of the West China Hospital, Sichuan University, and the requirement for informed consent was waived.



CT Acquisition

Before the treatment, all patients underwent contrast-enhanced abdomen CT examinations by a single 64-detector row scanner (Brilliance 64, Philips Medical Systems, Eindhoven, the Netherlands) with the following uniform scan parameters: beam pitch, 0.891; tube voltage,120 kVp; tube current, 200 mAs; detector collimation, 0.75 mm; slice thickness, 1.0 mm; reconstruction increment, 5.0 mm; rotation time, 0.42 s; and matrix, 512 x 512.

Images were obtained after intravenous administration of contrast agent (iohexol, 300 mg iodine/ml; Bayer Schering Pharma AG, Leverkusen, Germany) dosed to weight (1.5 ml/kg) at a rate of 2.5–3.0 ml/s through a power injector (Stellant D Dual Syringe, Medrad, Indianola, PA, USA). Computed tomography scanning was performed with 30–35 s for arterial-phase and 60–70 s for portal venous phase (24–26).



Texture Features Extraction

We retrieved and extracted the digital imaging and communication medical data (400-bit gray scale) of the enhanced CT of the study patient from the image archiving system. In order to quantify the lesion segmentation and automatic quality characteristics, these data were loaded into a personal computer-based partial image feature extraction software (LIFEx v3.74, CEA-SHFJ, Orsay, France) for segmentation and texture analysis. In enhanced CT fusion images, regions of interest (ROIs) were drawn by hand around tumor lesions (27, 28). All CT data were selected for arterial phase. The drawing process of ROIs was done independently by two radiologists. The radiogist contoured along the tumor tissue slice by slice to draw the region of interest (ROI), and the three dimensional texture features were automatically generated with default setting (29).

The cystic, calcified and vascular shadows of the tumors were removed during the process. To ensure objectivity, we implemented mutual blindness for two radiologists. A third radiologist evaluated the ROIs sketched by the previous two radiologists and selected the more accurate ROIs to generate texture features. Texture features of all image data are then automatically calculated and extracted by computer software Lifex. A total of 40 subdivided texture features were extracted, including features from the first order (minimum value, maximum value, average value and standard deviation value, histogram-based matrix and shape-based matrix) and features from second or higher order [gray-level co-occurrence matrix (GLCM), gray-level zone length matrix (GLZLM), neighborhood gray-level dependence matrix (NGLDM), and gray-level run length matrix (GLRLM)].



Machine Learning

The establishment of machine learning model includes two key points: feature selection by algorithm and modeling. The patients were randomly separated into two sets in the ratio of 3:1 as the training set and the validation set. Considering that there are so many features, over fitting will occur, which will affect the prediction performance of the model (30).

The purpose of feature selection is to reduce the effect of overfitting. Considering that there are many different selection methods at present, we evaluated five selection methods: Distance Correlation(DC), Random Forest (RF), Least Absolute Shrinkage And Selection Operator (LASSO), Extreme Gradient Boosting (Xgboost) and Gradient Boosting Decision Tree (GBDT). We apply all radiomics features selected to the classification algorithm to establish the discrimination model of different algorithm combinations for pathological grading of PNETs. The nine machine learning classifiers were: linear discriminant analysis (LDA), Support Vector Machines (SVM), Random Forest (RF), Adaptive Boosting (AdaBoost), K-nearest neighborhood (KNN), Gaussian Naive Bayes (GaussianNB), Logistic Regression (LR), Gradient Boosting Decision Tree(GBDT) and Decision Tree (DT). For each model, we repeated 10 times machine learning process to obtain the real distribution of classification. In analysis of diagnostic grading, we made receiver operating characteristic (ROC) curves of every diagnostic models. The discriminating power of the model was measured by the area under the curve (AUC) of the ROC curve. The predicted targets were pathological grade(G1, G2, and G3). Sensitivity is defined as the proportion of positive samples judged to be positive. Specificity is defined as the proportion of negative samples judged to be negative. The accuracy was defined as the percentage of the sum of true positive and true negative in the number of subjects. The association between texture parameters was evaluated using Pearson correlation coefficient test.

A P value < 0.05 was considered to indicate statistical significance and all P values were based on two-sided testing. All regular statistical analyses were performed using the SPSS software (Version 20.0, IBM Corporation, Armonk, NY, USA). The machine learning algorithms were programmed using were performed on Python software (sklearn package). The study-process diagram is shown in Figure 1.




Figure 1 | Study-process diagram.






Result


Patient Population

Among the 82 patients (mean age, 52.6 years old; range: 24–77 years old) included in the present study, 52 patients were male and 30 patients were female. The pathological type of all patients was PNET. The median OS for this cohort was 58.2 months. As for the pathological results, there are 20 patients confirmed as G1, 33 patients were G2, and 29 patients were G3. There were 21 patients with tumor secretory function. Seven patients died and the remaining 75 patients survived.

We found that the gender, age and survival status of the patients had no significant relationship with the pathological grade of the tumor. (P > 0.05). At the same time, tumor location, tumor secretory function, vascular invasion, peripancreatic permeation, pancreatic duct dilatation, boundary form, calcification, pancreatic atrophy, and the maximum diameter of the tumor are not related to the pathological grade of the tumor.

The baseline characteristics of all patients and lesions were summarized in Table 1.


Table 1 | Characteristics of patients and lesions.





Texture Features

According to the Pearson correlation coefficient of the extracted features, most texture features were independent or weakly correlated. There were also a few features showing strong positive correlation and strong negative correlation. The correlation of all texture features was shown in Figure 2 in the form of heatmap. In different comparisons, each selection method had selected different radiomics features. In terms of feature selection, RF and lasso select the most number of radiomics features, while Xgboost selects the least number of features. The feature selection results of each method were shown in Table 2.




Figure 2 | The heat map of Pearson correlation coefficients among radiomics features.




Table 2 | Selected features using Distance Correlation (DC), Random Forest (RF), Least Absolute Shrinkage and Selection Operator (LASSO), Extreme Gradient Boosting (Xgboost), and Gradient Boosting Decision Tree (GBDT).






Model Performance

We made three comparisons: G1 vs G2, G2 vs G3, and G1 vs G3. Each comparison established 45 diagnostic models and the best diagnostic model of each comparison was to select the one of the highest validation set AUC values in all models and in the three comparisons, there was no over-fitting or under-fitting in the model constructed by the algorithm combination. And once the diagnosis performance of the model appears overfitting or underfitting, the combination of algorithms used in the model was not considered to be the best model.

About the comparison of G1 and G2, the AUC values of most models were between 0.60 and 0.82. There was also a few model with high AUC values in comparison with G1 and G2, but showed overfitting in G2 and G3 comparisons (AUC of validation set is much lower than AUC of training set). Like RF + AdaBoost, Xgboost + AdaBoost, Xgboost + GBDT, GBDT + RF, GBDT + AdaBoost, and GBDT + GBDT, although they had high AUC values in the comparison of G1 and G2, they all showed over-fitting in the comparison of G2 and G3 (Figure 3). These models were not included in the selection of the best model. The highest value was 0.82 observed in DC+AdaBoost. In the validation set, the sensitivity, specificity, accuracy, and AUC of the model were 0.65, 0.84, 0.82, and 0.75. For the comparison of G2 and G3, the AUC values of most models were between 0.50 and 0.73. The highest value was 0.73 observed in DC+GBDT. In the validation set, the sensitivity, specificity, accuracy, and AUC of the model were 0.75, 0.64, 0.73, and 0.68, respectively. For the comparison of G1 and G3, the AUC values of most models were between 0.62 and 0.86. The highest value was 0.73 observed in Xgboost+RF. For the model (Xgboost+RF) in the validation set, the sensitivity, specificity, accuracy, and AUC of the model were 0.65, 0.87, 0.86, and 0.78, respectively.




Figure 3 | Heat map of AUC results of all algorithms. Training set of G1 vs G2 (A); Validation set of G1 vs G2 (B); Training set of G2 vs G3 (C); Validation set of G2 vs G3 (D); Training set of G1 vs G3 (E); Validation set of G1 vs G3 (F).



We found that the model constructed by the combination of DC + AdaBoost, DC + GBDT and Xgboost+RF was very valuable for the differential diagnosis of three pathological grades of PNET, and these models did not show over-fitting and under-fitting. The model performance of the combination of these three algorithms was shown in Table 3. DC + AdaBoost has the best performance in the three comparisons G1 vs G2, G2 vs G3, and G1 vs G3). The ROC curves of the DC + AdaBoost models was shown in Figure 4.


Table 3 | Diagnostic performance of the optimal discriminative model in validation set.






Figure 4 | The ROC and AUC results of 10 fold of “DC+AdaBoost” in training set and validation set. G1 vs G2 (A); G2 vs G3 (B); G1 vs G3 (C).



The detailed AUC values for all models were shown in Supplementary Material 1.




Discussion

In this study, we construct diagnostic models through cross combination of five feature selection methods and nine classification methods based on radiomics features. We evaluated the ability of the model to identify the pathological grade of PNETs, and explored the potential application value of machine learning combined with radiomics in the diagnosis of PNETs.

One of the main findings of this study was that the model constructed by feature selection method Distance Correlation + classifier method Adaptive Boosting had a strong ability to predict the pathological grade of PNETs. The validation set AUC of DC + AdaBoost is 0.82 (G1 vs G2), 0.70 (G2 vs G3), and 0.85 (G1 vs G3), respectively. As the result shows, these models had satisfactory results to indicate the pathological grade of PNETs (G1,G2, and G3). Models of DC + GBDT and Xgboost + RF also showed good diagnostic performance.

At present, CT has been widely used in the diagnosis, monitoring and prognosis evaluation of pancreatic neuroendocrine tumors. Enhanced CT can further differentiate tumors from normal tissues by using contrast media, especially for the detection of vascular proliferation and small lesions. It can improve the accuracy of clinical staging of cancer patients and help formulate treatment strategies. Especially, enhanced CT is suitable for breast and abdominal tumors and has certain diagnostic advantages (31–33). Texture analysis uses mathematically defined parameters to estimate the distribution of gray scale, roughness, and regularity within the lesion. So we can quantify some of the image features of the tumor by analyzing these parameters. The significant role of texture analysis in diagnosis and prognosis in combination with ultrasound, CT, MRI, and PET/CT has been confirmed. In some previous studies, it has been reported the value of texture analysis for the diagnosis and prognosis of various types of cancers, including lung, stomach, breast and rectal tumor (34–37). Heterogeneity is recognized as a characteristic of malignant tumors (38). Heterogeneity may be related to gene changes, tumor microenvironment and other factors that are different from normal tissues. Previous studies have also confirmed that CT texture features can also reflect the microenvironment of tumor vessels (39).

A negative finding is that indicators such as pancreatic duct dilatation, peripancreatic infiltration, vascular invasion, pancreatic atrophy and clear pancreatic boundaries do not indicate the pathological grading of tumors. It’s contrary to some previous studies (20, 21, 40). We do not deny that because of its higher malignancy. High-grade PNETs should grow faster and be more invasive than low-grade PNETs. Although many studies have found some correlation between pathological grade and imaging features of PNETs, there is not enough clear evidence that the morphology of tumors, like pancreatic duct dilatation, vascular invasion and other factors can clearly indicate the pathological grade of PNETs. However, previous studies have found that G1/G2 patients have clearer tumor boundaries than G3 patients. Larger tumor diameter, pancreatic duct dilatation, vascular invasion and other manifestations were more common in G2/G3 patients, and had statistical correlation (19, 41). This may be due to the limited sample size of this study, and more evidence from similar studies is needed to support these views. At present, pathological grading of PNETs still requires pathological sections to determine its grading. It is difficult but necessary to find the best radiomics feature of machine learning algorithm.

Appropriate selection method plays an important role in the performance of classifier. Previous studies on radiomics used many methods for feature selection, such as Mann Whitney U test with AUC of ROC, random forest and student’s t-test with recursive feature extraction, etc (42, 43). For our research, the number of extracted features is large, which increases the chance to select the optimal feature, but also increases the difficulty of selection. We consider using five different artificial intelligence methods for feature selection, which is better than using a single selection method in previous studies. In fact, three feature selection methods, Lasso, DC, and GBDT have been used in previous studies (44). On this basis, we add RF and Xgboost methods. The algorithm used in Xgboost is the improvement of GBDT, which can be used for classification and regression problems (45).

From our feature selection results, we can find that the features selected by different selection algorithms are not identical. Some algorithms select a lot features, such as LASSO, RF, and some algorithms select few features, such as Xgboost, but some features can be selected by most algorithms. Maxvalue is a feature describing the maximum value of a tumor image. This is a parameter based on the overall evaluation. In theory, high-grade tumors have more angiogenesis, and their overall characteristics are relatively more complex, which partly explains why maxvalue can describe high-grade PNETs features (23). In fact, we also find that maxvalue is chosen by almost all the selection algorithms. Many previous studies have found that the pathological grading of PNETs is closely related to the parameters of HISTO (Skewness, Kurtosis, Entropy and Energy) (21, 23, 40, 46). However, in our study, only skewness and kurtosis are selected by algorithms, indicating that they are related to pathological grade. We also found SHAPE_Volume (# ml), which is the same first-order parameter, has an indicative value for the pathological grading of PENTs. SHAPE_Volume (# ml) is the Volume of Interest. This reflects the shape characteristics of malignant tumors. The grey level co-occurrence matrix (GLCM) takes into account the arrangements of pairs of voxels to calculate textural indices. GLCM_Correlation is the linear dependency of grey-levels in GLCM. The grey-level run length matrix (GLRLM) gives the size of homogeneous runs for each grey level. GLRLM_RLNU is the length of the homogeneous runs. GLZLM-ZLNU is the length of the homogeneous zones. The neighborhood grey-level different matrix (NGLDM) corresponds to the difference of grey-level between one voxel and its 26 neighbors in three dimensions (eight in 2D). NGLDM_Coarseness is the level of spatial rate of change in intensity (27). These parameters reflect the differences in gray scale and voxel manifestations of tumors with different pathological grades. The imaging manifestations of malignant tumors are analyzed in a more detailed way.

In addition to finding the best diagnostic model, we also found that some of the models performed poorly. A previous study used LDA and SVM classifier machine learning methods to identify glioblastoma (GBM) and anaplastic oligodendrocytoma (AO), and found that the AUC of testing set was all above 0.90 (47). However, in our study, these two classification algorithms do not show good diagnostic performance. In particular, the models using SVM algorithm often show over-fitting or under-fitting. We find that the models using the rest of the classification algorithms perform better than all SVM based models, and the improvement of the models using different selection algorithms is limited. SVM algorithm is usually used to solve machine learning problems with small samples. This seems to be a good fit for the small sample size of this study, but in fact it shows a disappointing diagnostic performance. Compared with SVM, AdaBoost algorithm is a modified boosting algorithm, which can adaptively adjust the errors of classifiers. Through continuous training, AdaBoost can improve the ability of data classification. AdaBoost has low generalization error rate and can be applied to most classifiers.

Our research uses three-dimensional texture analysis, which can provide more information than the two-dimensional analysis. Compared with previous studies, based on image parameters and imaging parameters, this study introduces more comprehensive parameters such as GLCM, GLRLM, and GLZLM. Many previous studies only studied some parameters of HISTO and morphological characteristics of tumors. We use almost all the machine learning methods involved in the current research to analyze. This can intuitively compare the performance of various algorithm combinations and indicate the best combination. Another advantage of our study is that we have complete preoperative imaging, clinical and pathological data for reference. And the software used to extract texture parameters and execute machine learning to build prediction models in this study is free and open, which is conducive to replicate our research for other researchers.

There are still some shortcomings in this study. First, retrospective design may lead to selection bias. Then the sample size of this study is small and only included in patients undergoing abdominal enhanced CT examination, and the number of pathological grades is different, which may have certain selection bias. Future research needs a larger sample size to evaluate the application value of machine learning and radiomics in describing tumor pathological grading. Secondly, we only roughly defined the time points for performing enhanced CT examination before treatment, which resulted in different time points for enhanced CT examination, which led to deviations in the evaluation of texture features. Then, only the texture features extracted from the arterial phase CT images are used to establish the prediction model, while CT images of other phases are not explored. Finally, due to the lack of external validation, we cannot ensure that our model will have the same diagnostic performance when dealing with external data sets.



Conclusion

The preoperative enhanced CT image texture analysis to predict the pathological grade of PNETs patients has a potential application. Radiomics analysis is expected to assist radiologists in obtaining more information from images.
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Gastric cancer (GC) is one of the most common malignancies with high mortality and substantial morbidity. Although the traditional treatment strategies for GC revolve around surgery, radiotherapy, and chemotherapy, none have been able to optimally treat most affected patients. To improve clinical outcomes and overcome potential GC resistance, we established a three-dimensional (3D) culturing platform that accurately predicts drug responses in a time- and cost-effective manner. We collected tumor tissues from patients following surgeries and cultured them for 3 days using our protocol. We first evaluated cell proliferation, viability, and apoptosis using the following markers: Ki67 and cleaved caspase 3 (Cas3). We demonstrated that cell viability was maintained for 72 h in culture and that the tumor microenvironments and vascular integrities of the tissues were intact throughout the culture period. We then administered chemotherapeutics to assess drug responses and found differential sensitivity across different patient-derived tissues, enabling us to determine individualized medication plans. Overall, our study validated this rapid, cost-effective, scalable, and reproducible protocol for GC tissue culture that can be employed for drug response assessments. Our 3D culture platform paves a new way for personalized medication in GC and other tumors and can greatly impact future oncological research.




Keywords: gastric cancer, ex vivo tumor tissue culture, proliferation, apoptosis, chemotherapy effectiveness



Introduction

GLOBOCAN reported that, in 2018, there were approximately 1,033,000 new cases of gastric cancer (GC) (1/18 of all cancers) and 783,000 GC-related deaths (1/12 of all cancer-related death) worldwide. GC ranks 5th in the incidence of malignant tumors and 2nd in mortality (1). The 2015 China Cancer Data Report stated that there were 679,000 new cases of GC and 498,000 GC-related deaths in China, accounting for over 50% of the GC morbidity and mortality in the world. In China, from 2011 to 2015, the incidence of GC increased by 30.1 and 21.7% in males and females, respectively, and exhibited an upward tendency (2). China has become the country with the highest risk for GC in Asia (3).

Depending on the clinical stage, traditional therapeutic strategies such as surgery, radiotherapy, and chemotherapy do not completely eradicate GC lesions. Metastasis, recurrence, and subsequent chemoresistance are still the major causes for GC-related fatalities (4). To improve the 5-year survival rate, after surgery, patients undergo combined chemotherapies under the guidelines of international classic chemotherapy or empirical strategies (5). Even so, only 5% of patients have benefitted with an increased 5-year survival rate, and GC prognosis continues to be poor (5, 6). Therefore, there is urgency to develop rapid and accurate strategies to predict the chemotherapy effects of individual medication and improve clinical outcomes.

Immortalized cancer cell lines (such as Hela cells) and in vitro 2-dimensional culture (2D) techniques are widely used in oncology research, especially to study pharmacokinetics; these cancer cell lines have played important roles in drug sensitivity, in vivo efficacy prediction, and prognosis evaluation (7). In vitro 2D preclinical tumor models have helped decipher the reasons for malignant transformations and the emergence of chemoresistance, greatly impacting clinically translatable findings. However, these in vitro studies are not directly translatable, often leading to poor clinical outcomes or are rendered completely ineffective in patients, demonstrating a clear disconnect between preclinical and clinical models (8, 9).

Additionally, cancer cells grow in a comprehensive 3-dimensional (3D) matrix and cope with a series of biophysical and biochemical factors that naturally coexist in this complex milieu, such as bioadhesivity, stiffness, extracellular matrix (ECM), and adhesion molecules (integrins) (10–12). The use of traditional 3D culture systems such as the rotary cell culture system, floating cell culture, and hydrogel scaffold culture system is limited. This is because replicating the spatiotemporal niches, the inherent heterogeneity in cancer cells, and the surrounding ECM remains challenging (13, 14). Hence, the development of 3D ex vivo culture protocols, based on patient-derived tumor tissues, is necessary to properly assess tissue and cell viability, and optimize timelines in pharmacological research (15).

Patient-derived tumor xenograft (PDX) models have been used as alternative preclinical models, as they closely resemble tumor phenotypes and heterogeneity. They possess clear advantages over traditional models and are effective for developing medical strategies and predicting clinical prognoses (16). PDX models have played essential roles in personalized drug development and accurate susceptibility studies (17). However, not all cells can be proliferated in PDX models, such as different subsets of tumor and stromal cells, due to the natural heterogeneity of the native tumor tissues. Only a few unique subsets of tumor cells that are adaptable to the xenograft host environment can be developed into PDX models (18). Therefore, PDX models only partially reflect the cellular characteristics of native tumor tissues and are not complete representatives of heterogeneity within the tumor milieu (19). Additionally, the establishment of PDX models is time-consuming (at least 3 months), has a low success rate (~30%), is expensive, and is not amenable for high throughput patient screening (20).

Although molecular profiling has identified diverse signaling pathways in GC subtypes, clinical treatments still largely depend on standard regimens (21). Accurate and precise medications have been increasingly matched against biogenetic characteristics of individual patients (22, 23). However, no current protocol predicts the patients’ responses to primary chemotherapeutics for GC. For primary and recurrent tumors, clinical treatments are still based on standard regimens, including first- and second-line chemotherapies (24). Therefore, there is an increasing need for more accurate and precise preclinical models to predict individualized therapeutic responses.

In a previous study by Koerfer et al. (25), a culture model of human gastric and esophagogastric junction cancer using a tissue chopper was established. However, a tissue chopper is not common in most hospitals, and this process is time-consuming and depends on potentially error-prone tissue sectioning. Therefore, we investigated a novel and convenient culture system that did not require the use of a tissue chopper. Our 3D culture system retained the intact tumor microenvironment, reflected real tumor heterogeneity, was comparable to native tumor tissues, and maintained cell viability similar to the in vivo status for at least 72 h.



Materials and Methods


Patients and Tumor Tissue Collection

The study was approved by the ethics committee of the Second Affiliated Hospital of Wenzhou Medical University. Tissue was collected from 25 patients with GC during their surgeries. The characteristics of the 30 cases of GC are listed in Table S1. The GC samples were cultured and further examined on a daily basis. Normal regions near the cancer were rejected by the surgeon and confirmed by a board-certified pathologist. Tissue pieces were collected and immersed in 20 ml phosphate buffered saline (PBS, Gibco, Grand Island, NY, USA, 10010049) containing 1% penicillin/streptomycin (100×, Gibco, Grand Island, NY, USA, 10378016), and transported to the laboratory within 10 min for further processing.



Tissue Preparation and Culture

Continuous and accurate collection of the patient-derived tumor tissues is the decisive factor for reliable parameter comparison in the culture process (26). To ensure continuity of the GC tissue, each sample was accurately trimmed to remove the necrotic tissue and unrelated mucosa (27), which are unsuitable for culturing.

For preparation, tissues were washed twice with PBS to remove the blood and necrotic surface residues. They were then cut into pieces in a 4 ml tube using ophthalmic scissors, on ice. Tissues (0.8–1.2 mm in diameter) were picked up under a binocular stereo microscope and transferred into six-well plates (four to six tissues per well and one well per group). Each well contained 1 ml of culture medium, with the lower parts of the tissues submerged and the upper parts exposed to air. No scaffold was used to support the tissue pieces in the wells (Figure 1). The complete medium was supplemented with RPMI-1640 (Gibco, Grand Island, NY, USA, 31870082), 10% fetal calf serum (Gibco, Grand Island, NY, USA, 10099141C), 50× B-27™ (Gibco, Grand Island, NY, USA, 17504044), 1% l-glutamine (Gibco, Grand Island, NY, USA, 25030081), and 1% penicillin/streptomycin (Gibco, Grand Island, NY, USA, 10378016). Tissues were incubated in a humidified incubator at 37°C and 5% CO2 for 1 to 3 days. The culture medium was changed daily. Tissues fixed on the preparation day were labeled as Day 0 of isolation.




Figure 1 | Tumor tissue collection, preparation, and culture.





Drug Responses

We used Oxaliplatin (10.0 μg/ml, MedChemExpress, Monmouth Junction, USA, HY-17371) and 5-Fluorouracil (5-FU, 10.0 μg/ml, Aladdin Shanghai, China, F100149) to test drug responses. The medium was changed every day and the drug concentration was maintained consistently. After 3 days of culture, tissues were fixed, paraffin-embedded, and sectioned (5 μm). Hematoxylin and Eosin (H&E) staining and immunohistochemical staining were carried out as described below. The cell proliferation and apoptotic indices of tissues cultured with chemotherapeutics were quantitatively evaluated and compared with the indices of tissues cultured in parallel without exposure to chemotherapeutics (control).



Tissue Fixation and H&E Staining

On the day of surgery and on days 1–3 of the culture process, small pieces of tissue were taken, fixed in 4% paraformaldehyde for 24 h, and labeled as Day 0, 1, 2, and 3 of isolation, respectively. Fixed tissues were embedded in paraffin, sectioned, and stained with an H&E kit (Scientific Phygene, Fuzhou, China, PH0516). The tissue structural and morphological changes were compared and recorded daily.



Immunohistochemistry Staining

Cell type and distribution were determined by H&E staining and immunohistochemical staining. The specific experimental steps refer to the previous literature of our team (28). Primary and secondary antibodies are listed in Table S2. For antigen retrieval, the paraffin tissue sections were immersed in citrate buffer (pH 6.0), and placed in a pressure cooker until steam was generated for 3 min. To block non-specific peroxidase, a 3% hydrogen peroxide and methanol solution was applied to tissue sections for 10 min, following incubation in goat serum (Solarbio Life Science, Beijing, China, S9070) for 30 min. Tissue sections were then incubated with diluted primary antibody (Table S2) at 4°C overnight and washed twice with PBS. Fluorescent dye-labeled or HRP-labeled secondary antibodies were applied to the tissue sections for 30 min, followed by three PBS washes. The nuclei were counterstained with 2-(4-amidinophenyl)-6-indolecarbamidine dihydrochloride (DAPI) (Solarbio Life Science, Beijing, China, C0065) or DAB (Dako, Glostrup, Denmark, 20052898) and hematoxylin (Scientific Phygene, Fuzhou, China, PH1464). Images of all sections were captured using a Leica DM2500 microscope.



5-Ethynyl-2’-deoxyuridine (EdU) Incorporation

Tissues were collected and cultured in medium containing 50 μM EdU for 2 h at 37°C before fixation. Detection of incorporated EdU was performed with the Cell-Light EdU Apollo 488 kit (RiboBio, Guangzhou, China, C10310-3), according to the manufacturer’s protocol.



Analysis and Statistics

After H&E staining, the histopathological classification and cell type were confirmed by a board-certified pathologist. During the culture process, to evaluate cell viability in tissue, H&E staining was performed to determine the total cell counts every day. Cas3 was used as an immunohistochemical marker of apoptosis and Ki67 was used as an immunohistochemical marker of proliferation. The tumor cell fraction tissue integrity was determined with Keratin20 and CD133 staining. The positive cells were counted using Image Pro Plus software (Media Cybernetics, v6.0), and reconfirmed by manual counting, and the positive area was also calculated with the Image Pro Plus software. Due to the difference in proteins expression position, CD133, p53, HIF-1α, EdU, and Ki67 positive rates were calculated as follows: positive cell number of immunohistochemistry/total cell number of immunohistochemistry. Keratin20, Fibronectin, Collagen1, α-SMA. and Cas3 positive rates were calculated as follows: positive area of immunohistochemistry/(positive area of immunohistochemistry + negative area of immunohistochemistry). All the indices (positive rates) were calculated with at least four random fields for each slide.

All results were reported as means ± SD. All statistical analyses and comparisons were done by student’s t-tests in GraphPad Prism (v6.0, GraphPad Software, Inc., San Diego, CA, USA). Statistical significance was set at P < 0.05.




Results


Cell Diversity in GC Tissue Culture

Tissue structural integrity is the fundamental basis of oncology research, as it maintains the cellular diversity in cultures (29). Fibronectin is widely found in animal tissues and tissue fluids. The most basic and important function of fibronectin is to promote the growth of cell adhesion, which is necessary for the maintenance of the tumor microenvironment and the completion of cancer cell growth. Collagen-I is the structural protein of the ECM, forming its skeleton, and anchoring and supporting tumor cells. It also provides an appropriate microenvironment for their proliferation and growth. Alpha-smooth muscle actin (α-SMA) is an isoform that is typically expressed in vascular smooth muscle cells.

Fibronectin, collagen-I, and vascular α-SMA are tumor stromal components. Hence, we labeled them using antibodies (fibronectin, mAb; collagen-I, mAb; α-SMA, mAb) to detect changes in the tumor stroma during culture (Figure 2A). As shown in Figure 2A, after 3 days of culture, a large number of α-SMA positive cells still could be found within the tumor tissue. There were no statistical differences in α-SMA expression between the native tumor and cultured tissues (Figure 2B). Thus, after 3 days of culture, a large number of vascular smooth muscle cells still existed in the tumor microenvironment.




Figure 2 | Cell diversity in GC tissue culture. (A) After 3 days culture, the patient-derived GC tissues (Case3) were stained with α-SMA, fibronectin, collagen, and counterstained with DAPI. Scale bars are all 100 μm. (B–D) Quantitative analysis of α-SMA, fibronectin, and collagen expression during the 3 days culture.



Similar to the results of α-SMA expression, there were no statistical differences in fibronectin and collagen-I expression between the native tumor and cultured tissues (Figures 2C, D). The morphological structures of fibronectin and collagen-I also did not change. These data suggest that in this 3D system, tumor tissues maintained structural integrity throughout the culturing periods.



GC Cell Proliferation, Apoptosis, and Hypoxia in Culture

To determine whether the number of cells in the tissue remained stable during culture, H&E staining was used to count the total cell numbers daily (Figure 3A). Based on this, we calculated the cell density (cell number/area) at different times and found no statistical changes in cell numbers prior to and after culturing (Figure 3B).




Figure 3 | GC Cell Proliferation and Apoptosis during the culture. (A) Hematoxylin staining of Case13 before and after 3 days of culture. Cas3 staining of Case15 before and after 3 days of culture. Ki67 staining of Case16 before and after 3 days of culture, scale bar, 100 μm. (B) Quantitative analysis of hematoxylin in 20 cases of GC tissues. (C) Quantitative analysis of Cas3 in 20 cases of GC tissues. (D) Quantitative analysis of Ki67 in 20 cases of GC tissues.



To determine the cell viability ratio before and after the culture (Day 0, Day1, Day2, Day3), Ki67 and Cas3 immunohistochemistry staining was used on all collected tissues to determine the cell proliferation and apoptosis indices (Figure 3B). Figures 3C, D show the overall levels of Ki67 and Cas3 expressed in five GC tissues on Day 0, Day1, Day2, and Day3. In all specimens, the majority of cells were highly proliferative prior to culturing. The proportion of apoptosis cells in almost all of the cases was less than 10%. Therefore, these tissues were considered to be suitable for culture and further drug response research.

In order to more rigorously detect the proliferation of tumor cells in the tissue, we collected an additional sample and incubated the tissue in EdU-containing medium for 2 h before they were fixed. The results showed that the EdU levels of tumor cells in tissues didn’t change during the culture compared to the tissues which were not cultured (Figures 4A, B). This indicates that the tumor tissue was still in a proliferative state immediately after isolation, and its proliferation state was not affected by our 3D ex vivo culture system.




Figure 4 | EdU incorporation and hypoxia of GC cell during the culture. (A) EdU incorporation of Case29 before and after 3 days of culture, scale bar, 50 μm, and HIF-1α staining of Case30 before and after 3 days of culture, scale bar, 50 μm. (B) Quantitative analysis of EdU in Case29. (C) Quantitative analysis of HIF-1α in Case30.



In addition, we also tested hypoxia in the tumor tissue during the culture process. We used HIF-1α antibodies to detect the expression of HIF-1α in tissues at different time points of the culture process. The results showed that the proportion of HIF-1α-positive cells was low in the tumor tissue that was just isolated, and the proportion of HIF-1α-positive cells did not change even after the tissues were cultured (Figures 4A, C). This result shows that our three-dimensional ex vivo culture system did not hinder the gas exchange between tumor tissue and the outside world and did not affect the tissue’s absorption of oxygen.



Cancer Cellular and Structural Integrities Within GC Tissue

To reveal the GC cell variations in culture with time, we used cytokeratin-specific (Keratin20, a marker expressed in most of GC cells) (30, 31) and CD133 (a marker of cancer stem cells) staining. These parameters enabled us to determine the composition of GC tissues.

Figure 5A shows the results of Keratin20 staining in GC tissues before and after 3 days of culturing. Quantitative results demonstrated that there were no significant differences of Keratin20 in tissues isolated on Day 0 and cultured for up to 3 days (Figure 5C). Quantitative analyses revealed that Keratin20 expression remained unchanged throughout the whole culture period (Figure 5C). In most cases, Keratin20 expression was relatively stable in GC tissues during the whole culture process (Figure 5C), which suggested that the cancer cells can be maintained at a reasonable level during the culture period.




Figure 5 | Cancer cellular and structural integrities within GC tissue. (A) Keratin20 staining of Case1 before and after 3 days of culture, scale bar, 100 μm. CD133 staining of Case4 before and after 3 days of culture, scale bar, 100 μm. (B) Case13 was intestinal type carcinoma and Case17 was diffuse gastric carcinoma, and the H&E staining at different time points were laid out. Compared with results before culture (day0), the cancer cell distributions and structure integrities were not changed a lot after 3 days of culture. All images are the same magnification, scale bar, 100 μm. (C) Keratin20 quantitative analysis of Case1-Case5 before and after 3 days of culture. (D) CD133 quantitative analysis of Case1-Case5 before and after 3 days of culture.



At the same time, we used the CD133 staining to detect GC stem cells before and after culturing (Figure 5A). Our quantitative results showed that the number of GC stem cells remained stable at all points of time (Figure 5D). These data demonstrated the reliability of our system in estimating drug response tests.

According to Lauren classification, patient-derived GC tissues can be defined as intestinal type carcinoma and diffuse gastric carcinoma; Case 13 was intestinal type carcinoma and Case 17 was diffuse gastric carcinoma. H&E staining showed that the different types of GC maintained their unique morphological structures during culturing. Figure 5B shows that even after 3 days in culture, the different types of GC maintained their unique morphological structures. Our classifications were confirmed by board-certified pathologists.



Drug Responses in Culture

During the 3 culture days, we did not find significant differences in the cell distribution or structural changes between the center and edge zones of the tissue cubes. Due to the small sizes of (1–2 mm) and continuous supply of nutrients and oxygen (tissues were transplanted into 6-well plates with 1 ml culture medium with the lower segments submerged in the medium) to the tissue cubes, slight differences in nutrient diffusion and growth factor/drug permeation between the middle and peripheral parts can be ignored to some extent (32, 33). With our protocol, the ideal cell morphology and intact tissue integrity can be preserved for at least 3 days in culture, ensuring increased reliability of drug response tests.

A total of five tissues were obtained and cultured in this study. Administration of chemotherapeutics revealed that almost all specimens had decreased expression of Ki67, accompanied by varying degrees of increased Cas3 expression in culture. However, the effects of the drug were different from case to case.

We selected and presented histochemical pictures of the two most resistant and sensitive tissues (Case22 and Case24). And the remaining three cases’ pictures were showed in the Supplementary Figure 1. Taking Case22 and Case24 as examples, Figures 6A, B show the drug responses of the two patients. In Case22, Ki67 expression greatly decreased following treatment with oxaliplatin, whereas Cas3 expression increased (Figure 6C). This suggests that oxaliplatin was a more effective chemotherapeutic agent for Case22. For Case24, Ki67 expression was maintained (only minor change) after the administration of chemotherapeutics, whereas Cas3 expression increased a little (Figure 6D). These results suggest that tumors from different patients have varying sensitivity to chemotherapies and that our culture system can effectively reflect this variance. These findings demonstrate the potential utility of our system in studying personalized therapies in GC. Future studies should focus on incorporating a larger patient cohort to better understand the relationships between the cell types and drug sensitivity.




Figure 6 | Results of drug response tests to oxaliplatin based on 3D GC tissue culture. (A) The tumor tissues of Case22 and Case24 were stained with Cas3 after 3 days of culture and oxaliplatin treatment. (B) The tumor tissues of Case22 and Case24 were stained with Ki67 after 3 days of culture and oxaliplatin treatment. All images are the same magnification, scale bar, 100 μm. (C, D) Quantitative analysis of Ki67 and Cas3 in tissues of Case21-25. (E) The tumor tissues of Case22 and Case24 were stained with p53 after 3 days of culture and oxaliplatin treatment. All images are the same magnification, scale bar, 100 μm. (F) Quantitative analysis of p53 in tissues of Case22 and Case24.



Studies have shown that platinum drugs promote tumor cell apoptosis by activating P53 production (34, 35). Therefore, we tested the p53 protein levels in the tissues treated with oxaliplatin. The results showed that after treatment, the level of p53 protein in the tissues sensitive to oxaliplatin (such as Case22) was higher compared to the level of p53 protein in tissues resistant to oxaliplatin (such as Case24) (Figures 6E, F). The results of the remaining three cases are in the Supplementary Figures 1C, D. This also proved that oxaliplatin enters tumor cells to play a role in suppressing cancer.

In addition, we also performed 5-FU drug sensitivity tests on three other cases. For Case26, Ki67 and Cas3 expression were maintained after the administration of chemotherapeutics, and Cas3 expression didn’t change (Figure 7). In Case27, the Ki67 expression greatly decreased following treatment with 5-FU, whereas Cas3 expression increased (Figure 7). This suggested that 5-FU was an effective chemotherapeutic agent for Case27. Case28 showed partial response to 5-FU treatment (Figure 7).




Figure 7 | Results of drug response tests to 5-FU based on 3D GC tissue culture. (A) The tumor tissues of Case26, Case27, and Case28 were stained with Cas3 after 3 days of culture and 5-FU treatment. (B) The tumor tissues of Case26, Case27, and Case28 were stained with Ki67 after 3 days of culture and 5-FU treatment. All images are the same magnification, scale bar, 100 μm. (C, D) Quantitative analysis of Ki67 and Cas3 in tissues of Case26-28.






Discussion

At present, GC prognosis and neoadjuvant treatments remain ineffective in the peri- and post-operative periods (36). Patient variabilities, and endogenous tumor tissue heterogeneity highlight the need for more precise and individualized treatment strategies. Especially for postoperative treatment, traditional and standardized chemotherapy regimens are not completely effective in all patients, and often contribute to severe side effects (37, 38). Even so, only 5% of patients experience a 5-year survival benefit, with most experiencing poor prognostic outcomes (5, 6).

Clinically, there is a need for the development of protocols that have high stability, shorter turnaround times, and increased accuracy in predicting treatment efficacies in individual patients. A prerequisite for a more accurate prediction is an easy-to-use laboratory protocol that can maintain cell viability, heterogeneity, and a relatively intact stroma composition, and demonstrate personalized results of drug susceptibility in a short time period following surgery (29). Currently, popular methods of investigating drug responses include the use of 2D primary cell cultures, PDX models, and organoid models. 2D primary cell culture mainly uses primary tumor cells in the culture process (39), and rarely correlates with the matrix components within primary tissue. When the system was constructed, cells other than tumor cells and extracellular matrix were excluded. This system cannot precisely reflect the subtle interactions among the cells and cell-matrices. At the same time, not all primary tumor cells can survive; only cell populations suitable for a specific culture medium can be expanded. A mouse PDX model is used for validation of novel therapies (40). However, the establishment of the model takes a long time (perhaps more than 3 months), and the success rate is low, approximately 30%. Even if a tumor is formed, the phenotype of the tumor before and after tumor formation or after passage may also change. The intrinsic time-consuming nature of PDX establishment often results in the loss of original characteristics of the primary tumor microenvironment (41). Therefore, data derived from PDX models do not reliably predict patient outcomes (42). In recent years, the construction technology of organoid models has become more advanced. However, the organoid model has problems similar to those of PDX models. The tumor formation process of the PDX model and the process of organoid establishment have a screening effect. Tumor cells that adapt to their internal environment or culture environment can proliferate, while tumor cells that cannot adapt are eliminated. This problem can be reflected in the success rate of PDX and organoid modeling.

Here we demonstrated a simple and steady ex vivo 3D culture protocol using patient-derived tissues and assessed the drug response to the first-line medication oxaliplatin and 5-FU. Due to the limited conditions in most hospitals, we abandoned the tissue chopper method and chose to use random dicing and grouping to build a three-dimensional culture platform. We placed the tumor tissue at the air-liquid interface for culture, so that the tumor tissue could have a sufficient oxygen supply while absorbing nutrients in the culture medium. Our data suggested that the unique specimen processing and original culture conditions accounted for tumor and patient variabilities, providing a robust system for assessing drug responses before administration. Almost all patient-derived GC tissues maintained their original viability for at least 72 h in our system. Moreover, during the process of culturing the tumor tissue, tumor cells, interstitial cells such as fibroblasts, extracellular matrix proteins such as collagen-I, and other components such as micro vessels, all maintained their original proportions, and their morphology remained unchanged. Importantly, in a small cohort, we successfully evaluated different responses to a drug regimen in different patients. Our cost- and time-effective 3D culture platform can provide personalized drug response predictions within 3 days. Our system enables reliable data acquisition and maximizes the time frame for research of resistant mechanisms. Our 3D culture platform may provide an alternative solution for assessing the outcomes of empirical medications.

However, this model also has some shortcomings that need to be clarified. The heterogeneity in tumor tissue has long been the focus of attention of scholars. In our system, heterogeneity still exists. Although we used random groupings and randomly selected fields of view for data collection and analysis to reduce the impact of heterogeneity on the results, the effect is still indelible and is reflected in the error bars in the bar graphs.

Overall, our findings demonstrated a new route for GC research. Our system is suitable for earlier prediction of drug responses and may be used for individualized treatment of GC. In addition, our new model can also be used for the development and promotion of new drugs, as well as for deeper mechanism research. Certain specific clinical studies can also be tested on this model in advance. Use of our system may also potentially decrease unnecessary side effects in patients. We believe that our 3D culture system will become a useful and effective method for future oncology research and clinical treatment.



Conclusions

We established an innovative ex vivo protocol for 3D culturing patient-derived GC tissues to perform cost-effective personalized drug screening with short turnaround times. During the 3 culture days, we demonstrated the preservation of structural integrity in the tumor matrices and cell viability of all tissues. We administered different chemotherapeutic agents to cultured tissues and derived responses that were able to reliably guide treatment course for patients. Our system can be scaled for laboratory use and can be used in the determination of clinically translatable treatment plans for patients with GC.
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Supplementary Figure 1 | Results of drug response tests to oxaliplatin based on 3D GC tissue culture. (A, B) The tumor tissues of Case21, 23, and 25 were stained with Ki67 and Cas3 after 3 days of culture and oxaliplatin treatment. All images are the same magnification, scale bar, 100 μm. (C) The tumor tissues of Case21, Case23, and Case25 were stained with p53 after 3 days of culture and oxaliplatin treatment. All images are the same magnification, scale bar, 100 μm. (D) Quantitative analysis of p53 in tissues of Case21, Case23, and Case25.
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Purpose

Hypodensity of pancreatic ductal adenocarcinoma (PDAC) during contrast-enhanced computed tomography (CECT) examination is common, but a minority of PDAC patients exhibit hyperdense images. The present study examined the clinical characteristics and protein landscape of PDAC with hyperdensity.



Materials and Methods

A total of 844 pathologically confirmed PDAC patients who underwent CECT before surgery were included. During the parenchymal phase of CECT, patients were assigned to the hyperdense or hypodense group based on CT values. Clinical and CT characteristics for predicting relapse-free survival (RFS) and overall survival (OS) were analyzed using the Kaplan–Meier method and Cox proportional hazards model. The expression of the tumor angiogenesis marker CD31 and stroma-related protein CTHRC1 were analyzed using immunohistochemistry (IHC) assay to evaluate differences between the two groups. Proteomics was performed to compare the possible mechanisms underlying the differential enhancement on CT scans.



Results

Based on CECT, 43 and 801 PDAC patients had hyperdense and hypodense lesions, respectively. All 43 patients presented a hyperdense lesion in the parenchymal phase. The mean CECT values of the hyperdense group were higher than the hypodense group (102.5 ± 17.4 and 53.7 ± 18.7, respectively, P < 0.001). The hyperdense group had a better prognosis than the hypodense group (median RFS, 19.97 vs. 12.34 months, P = 0.0176; median OS, 33.6 vs. 20.3 months, P = 0.047). Multivariate analysis showed that age, higher CA19-9 levels (> 300 U/ml), tumor stage, tumor differentiation, tumor CT density, and adjuvant chemotherapy were significant independent prognostic factors for OS. CD31 immunohistochemical staining showed that the hyperdense PDACs had a higher microvessel density than the hypodense group (P < 0.001). CTHRC1 expression was higher in the hypodense group (P = 0.019). Sixty-eight differentially expressed proteins were found using the tandem mass tag labeling-based quantification of the proteomes of PDAC tissue samples, and 7 proteins (POFUT1, PKP2, P0DOX4, ITPR1, HBG2, IGLC3, SAA2) were related to angiogenesis.



Conclusion

Patients who presented with a hyperdense mass on CECT had a higher microvessel density and better prognosis. Anti-angiogenic therapy may be suitable for these patients.





Keywords: pancreatic ductal adenocarcinoma, hyperdense, CT imaging, overall survival, protein landscape



Introduction

Pancreatic cancer is a lethal disease with a dismal prognosis, and its mortality rate is almost equal to its morbidity rate (1). The 5-year survival remains at 5%–8%, and it is expected to become the second leading cause of cancer-related death in 2030 (1, 2). Surgical resection is the only curative treatment, but less than 20% of patients are candidates for surgery at the time of diagnosis, and less than 20% of these patients survive 5 years after surgery (1). Therefore, early diagnosis and treatment are essential.

Computed tomography (CT), especially multidetector-row CT (MDCT) with a specific pancreatic protocol, is now performed routinely in most specialized hospitals for the diagnosis of pancreatic tumors. The National Comprehensive Cancer Network (NCCN) clinical practice guidelines in oncology have also recommended MDCT for the prediction of resectability and potential for reconstruction (3). Imaging examination plays a significant role in the treatment of patients with pancreatic adenocarcinoma (PDAC) (4). Hypo- or isoattenuation with main pancreatic duct dilation, abrupt cut-off of the pancreatic duct, and distal pancreatic atrophy can aid in the diagnosis of pancreatic cancer (5). The precision of the diagnosis and prediction of resectability is more than 85% (6).

Normal pancreatic tissue has a plentiful supply of blood, while cancerous pancreatic tissue has a decreased supply. Therefore, pancreatic adenocarcinoma often presents as a hypodense or isodense lesion compared to normal pancreatic tissue on contrast-enhanced CT (CECT) (7). However, we found that several patients with surgically confirmed PDAC presented hyperdense lesions on CT imaging. In addition, this group of patients had a better prognosis. This study aimed to investigate the differences between these two groups and try to identify the potential mechanism explaining the long survival time of patients with hyperdense pancreatic lesions.



Materials and Methods


Patients

A retrospective analysis was performed on PDAC patients with R0 resection from April 2008 to July 2017 in Fudan University Shanghai Cancer Center (FUSCC). None of the patients received neoadjuvant therapy before surgery. During this period, most of the patients received at least one pancreatic CT examination. PDAC patients were included if they met the following criteria: (a) patients who underwent CECT according to a specific pancreatic protocol within one week before surgery; (b) patients with high-quality imaging images (8); (c) patients with complete clinical data. We excluded 145 patients without follow-up among the 1229 eligible patients. Finally, 844 patients were enrolled. The flow diagram is presented in Figure 1. The Ethics Committee of FUSCC approved this retrospective study. Tissue samples were collected from patients who had provided written informed consent before the study.




Figure 1 | Flow diagram of patient enrollment.





CT Technique

Patients were instructed to fast for more than 8 h prior to the CT scan. To better distinguish the gastrointestinal tract, most patients without contraindications drank 500 ml of water before the examination. Helical CT detections were performed at the radiology department of FUSCC (n=844) with MDCT scanners according to the pancreatic protocol. Three phase-contrast CT scans were performed at different time points. Iohexol was used at a high concentration as the intravenous contrast agent at an injection speed of 3 ml/s. The scan acquisition time windows were 30–35 s (arterial phase), 40–55 s (parenchymal phase), and 65–70 s (portal venous phase) after iohexol was administered. The axial section thickness ranged from 1 mm to 5 mm. Coronal, sagittal, and cross-sectional plane images were available for all patients.



Image Analysis

CT images were reviewed independently by two pancreatic surgeons (HX and SS, > 5 years of pancreatic surgery experience) and one experienced abdominal radiologist (XW, > 10 years of experience reading abdominal CT images). The surgeons evaluated all the CT images as follows: When the difference between the maximum enhancement part of the tumors at the parenchymal phase and the surrounding normal pancreas was greater than 0 Hounsfield units (HU), the patients were assigned to the hyperdense group. Patients with other enhancement levels, including those with isodense tumors, were assigned to the hypodense group. The radiologist reviewed the images again to ensure that the patients in each group met the inclusion criteria. CT values for each lesion were measured three times, and the mean value was calculated. The final outcome was the mean of measurements of the 3 doctors. The tumor border and growth pattern data were not collected because this study mainly focused on the mass density in radiology.



Clinical, Pathologic, and Follow-Up Data Collection

Features including age, sex, tumor location, tumor size, CA19-9 level, adjuvant chemotherapy, tumor stage, carcinoma embolus, perineural invasion, and CT values were collected from the patient medical records at FUSCC. Tumor-node-metastasis (TNM) stage was assessed according to the American Joint Committee on Cancer (AJCC), 8th edition. All enrolled patients were diagnosed with PDAC based on routine postoperative pathological reports. The patients were regularly followed-up by telephone or face-to-face interviews. Surgeons and radiologists were blinded to the patient information before data collection.



Immunohistochemistry (IHC)

Paraffin wax specimens were selected from 78 patients (hyperdense group vs. hypodense group, 39 vs. 39) for IHC staining. There was no statistically significant difference in the baseline data between the two groups. All tumor samples were obtained during radical surgical resection. Each specimen was fixed in 10% formalin for 24 h before paraffin embedding. Each tissue sample was stained with hematoxylin-eosin (HE) to assess morphological changes. The IHC protocol was as follows: (a) deparaffinization of xylene and rehydration of gradient ethanol; (b) microwave-mediated thermal repair for 10 min in pH 6.0 citric acid (BL604A, Biosharp, China); (c) 3% H2O2-mediated blocking of endogenous peroxidase at 37°C for 20 min; (d) incubation with a CD31 antibody (11265-1-AP, 1:1,000, Proteintech, China) or a CTHRC1 antibody (16534-1-AP, 1:50, Proteintech, China) at 4°C overnight; (e) incubation with anti-rat/rabbit immunohistochemical detection antibody (GTVisionTM III Detection System/Mo&Rb, GK500710, Gene Tech, China) at 37°C for 1 h; (f) DAB coloration and hematoxylin counterstaining; and (g) dehydration in gradient ethanol and xylene.

Digital microphotographs (200×) were taken using a microscope (Olympus, Japan). The area of positive cells was scored as 0 (<10%), 1 (10 ≤ positive cells < 25%), 2 (25% ≤ positive cells < 50%), 3 (50% ≤ positive cells < 75%), or 4 (≥ 75%). The intensity was scored as 0 (negative), 1 (low), 2 (moderate), or 3 (strong). The product of these two scores represented the final expression level. Scores ≥ 6 were considered high expression, and scores <6 indicated low expression. The final scores were the mean of two experts in pathology.



Proteomics Sequencing and Bioinformatics Methods

A total of 10 tissue samples (hyperdense vs. hypodense, 5 vs. 5) were used for proteomics sequencing. The samples were ground in liquid nitrogen into cell powder and digested with trypsin. After digestion, the peptides were desalted on a Strata X C18 SPE column (Phenomenex) and vacuum dried. Peptides were reconstituted and processed according to tandem mass tag (TMT) labeling. The labeled peptides were analyzed by liquid chromatography-mass spectrometry (LC-MS), and the resulting LC-MS data were processed using the MaxQuant search engine. For Gene ontology (GO) enrichment analysis, proteins were classified into three categories via GO annotation: biological process, cellular compartment and molecular function. For each category, a double-tailed Fisher’s exact test was designed to test the enrichment of the differentially expressed protein against that of all identified proteins. GO terms with a corrected P value < 0.05 were considered statistically significant.



Statistical Analysis

All statistical analyses were performed with SPSS (version 25.0, IBM, NY, USA). The values are presented as the mean ± standard deviation. Differences between groups were calculated by Pearson χ2 test, Fisher’s exact test or Mann-Whitney U test. Kaplan-Meier curves and log-rank tests were analyzed for survival comparison. Univariate or multivariate analyses for overall survival (OS) were evaluated using a Cox proportional hazards model. Differences were considered statistically significant at a two-sided P < 0.05.




Results


Clinicopathological Features

A total of 844 patients (498 males, 59.0%; 346 females, 41.0%) with surgically and pathologically confirmed PDACs were enrolled in this study. The median age of onset was 61 years old (range, 29–84). Forty-three patients presented with high-density lesions when compared to normal pancreas tissues on parenchymal phase CT images. These 43 patients were regarded as the hyperdense group. The mean tumor size in this group was 3.3 ± 1.4 cm (range, 1.0–11.2 cm). No statistically significant differences were found in terms of age, sex, adjuvant chemotherapy, CA19-9 level, tumor stage, or carcinoma embolus between the hyperdense and hypodense groups (Table 1). However, the hyperdense group had a higher percentage of carcinomas at the head of the pancreas (P < 0.001) and a higher perineural invasion percentage (P = 0.036) than the hypodense group. Patients in the hyperdense group had a better RFS and OS than those in the hypodense group (median RFS, 19.97 vs. 12.34 months, P = 0.0176; median OS, 33.6 vs. 20.3 months, respectively, P = 0.047, Figure 2).


Table 1 | Patients and tumor characteristics.






Figure 2 | Kaplan-Meier curves of patients in the hyperdense and hypodense groups. (A) Comparison of RFS between the hypo- and hyperdense groups. (B) Comparison of OS between the hypo- and hyperdense groups.





Prognostic Factors for Resected Pancreatic Cancer

Table 2 shows the relationship between clinicopathologic features and RFS. Table 3 shows the relationship between clinicopathologic features and OS. Univariate analysis revealed that RFS was significantly related to tumor stage, tumor differentiation, adjuvant chemotherapy, perineural invasion, carcinoma embolus and CA 19-9 level, and OS was significantly related to tumor stage, tumor differentiation, adjuvant chemotherapy, perineural invasion, and CA 19-9 level. The hyperdense group patients tended to have a better RFS (P = 0.0176) and OS (P = 0.047). The multivariate analyses showed that the following features are independent prognostic factors for OS: age > 65 years (hazard ratio [HR] = 1.209, P = 0.040), no adjuvant chemotherapy (HR = 1.481, P < 0.001), CA19-9 level > 300 U/ml (HR = 1.509, P < 0.001), tumor stage (HR = 1.415, P < 0.001, stage II; HR = 2.512, P < 0.001, stage III), and tumor differentiation (HR = 1.902, P = 0.011, moderate; HR = 2.656, P < 0.001, poor). Additionally, density classification was an independent prognostic factor (HR = 1.772, P = 0.017). RFS and OS had the same trends in multivariate analyses.


Table 2 | Univariate and multivariate analyses for the RFS.




Table 3 | Univariate and multivariate analyses for the OS.





Imaging and IHC Features

Sample CT images of hyperdense and hypodense PDAC are shown in Figures 3A–D. The mean CT value in the parenchymal phase of these pancreatic cancers was 56.2 HU (3 HU - 140 HU, range). The tumors of patients in the hyperdense group had a higher mean CT value than those in the hypodense group (102.5 ± 17.4 HU vs. 53.7 ± 18.7 HU, respectively, P < 0.001). Of all the hyperdense group patients, 39 patients had paraffin wax specimens. We randomly matched these patients to 39 patients in the hypodense group. There were no significant differences in age, sex or tumor stage between the two groups. HE and CD31 staining were also performed on the serial sections. Twenty-six patients (67%, 26/39) in the hyperdense group exhibited high expression. However, only 7 patients (18%, 7/39) in the hypodense group exhibited high expression. The difference in CD31 expression between the two groups was statistically significant (P < 0.001, Figures 4A, B).




Figure 3 | Presentive CECT images of PDAC. (A, B) CECT revealed a lesion in the head of the pancreas. The tumor [(B), white arrow] showed higher density in the parenchymal phase. (C, D) Typically, hypodense PDAC tumors present in the tail of the pancreas [(D), white arrow].






Figure 4 | CD31 and CTHRC1 IHC staining in PDAC. (A) Representative images of PDAC samples according to CD31 expression (scale bar: 20 μm). (B) Statistical results of the CD31 expression comparison between the hypo- and hyperdense groups using the Mann-Whitney U test. (C) Representative images of PDAC samples according to CTHRC1 expression (scale bar: 20 μm). (D) Statistical results of the CTHRC1 expression comparison between the hypo- and hyperdense groups using the Mann-Whitney U test.





TMT Outcomes of Patient Characteristics

According to the proteomics results, 318,938 secondary spectrograms were obtained by mass spectrometry. After the theoretical protein data were searched, the number of available effective spectrograms was 59,113, and the utilization rate of spectrograms was 18.5%. A total of 5,548 proteins were detected (Supplementary Table 1).When the P value was < 0.05, a change in differential expression over 1.3-fold was used as the threshold for significant upregulation, and a fold change of less than 1/1.3 was used as the threshold for significant downregulation. In total, 68 differentially expressed proteins (42 upregulated vs. 26 downregulated; Figure 5 and Supplementary Table 2) were found. GO classification, Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway, and protein domain enrichment analyses were carried out for the differentially expressed proteins in each comparison group, with the aim of determining whether the differentially expressed proteins showed significant enrichment of specific functions. Based on the enrichment analysis results, the P values from Fisher’s exact test and the identified enriched functions of the different groups were assessed by the hierarchical clustering method and illustrated as a heatmap. Finally, we found that seven differentially expressed proteins (POFUT1, PKP2, P0DOX4, ITPR1, HBG2, IGLC3, and SAA2) were related to angiogenesis, seven differentially expressed proteins (MAOB, MARCKS, PKP2, RBM3, COL11A1, ITPR1, POLB) were related to perineural invasion, and three differentially expressed proteins (PCOLCE, COL11A1 and CTHRC1) were associated with stroma (Supplementary Table 2). CTHRC1 was selected to verify the results of TMT sequencing. The expression of CTHRC1 was significantly higher in the hypodense group (P = 0.019, Figures 4C, D), which was the same as the TMT sequencing.




Figure 5 | Total protein TMT labeling was used to quantify the proteomes of pancreatic cancer tissue samples. (A) Differential protein expression between hyperdense patients and hypodense patients. (B) Heat map of cluster analysis based on GO classification.






Discussion

With limited progress in the treatment of PDAC, the most promising strategy for improving patient survival is early detection and effective drug therapy. CT is the most popular noninvasive examination for the primary diagnosis and treatment of PDAC (9) and has played a central role in the decision-making process for PDAC treatment (10). Compared to magnetic resonance imaging (MRI), CT scans are more popular due to their low cost and convenience. Typical PDAC often presents as a hypodense or isodense lesion in the pancreas. Some indirect signs, such as main pancreatic duct dilation, abrupt cut-off of the pancreatic duct, distal pancreatic atrophy, and enlarged lymph nodes, aid in pancreatic cancer diagnosis (6, 11). However, a small group of PDACs present as hyperdense lesions, in contrast with the typical observation. Our data have revealed that patients with hyperdense lesions may have a better OS than those with hypo- or isodense lesions. Therefore, we anticipate a greater focus on identifying these individuals, determining the differences between these patients and those with hypodense lesions, exploring the potential mechanisms of lesion hyperdensity and, ultimately, seeking individualized treatment strategies.

In this study, we retrospectively collected all the CT reports that were made available as a part of routine radiological work at our hospital. The CT review showed a high concordance rate (100%) in CT density between pancreatic surgeons and radiologists, enabling us to confirm the quality of the research. A total of 5.1% of patients (43/844 in parenchymal phases) presented with pancreatic lesions that had a higher density than that of the normal pancreas, and these patients were selected as the hyperdense group. Compared to the hypodense group, the 43 PDACs in the hyperdense group had smaller diameters (hyperdense group vs. hypodense group; 2.9 ± 1.1 cm vs. 3.3 ± 1.5 cm; P = 0.041). This may be one reason why the hyperdense group had a better prognostic trend.

CT density plays a significant role in the diagnosis and prognostic prediction of PDAC (12, 13). However, to the best of our knowledge, this research is the first to discuss the features of hyperdense PDACs. According to the multivariate analyses, our study demonstrated that patients in the hyperdense group had a better prognosis than those in the hypo- or isodense groups. The hyperdense PDACs from these 43 patients were variable in terms of tumor stage. We found that 39.5% (17 of 43) were stage I, 46.5% (20 of 43) were stage II, and 14.0% (6 of 43) were stage III. On the basis of the enhancement of PDACs, our outcomes are in concordance with previous research on PDACs, which showed that 75% (15 of 20) of PDACs exhibit hypodensity on dynamic CT (4). Age, tumor differentiation and stage, adjuvant chemotherapy, and CA19-9 levels were also identified as independent prognostic risk factors. CA19-9 is currently the best tumor marker for diagnosing patients, monitoring therapy, determining resectability and assessing the prognosis of pancreatic cancer (14, 15). Further mechanistic studies on CA19-9 assessment combined with CT imaging evaluation may improve the early diagnosis of pancreatic tumors.

The density of lesions manifested on contrast CT is the main feature used for the diagnosis of pancreatic tumors. Different density patterns may point to different diseases. Usually, PDAC presents as a hypo- or isodense lesion, while pancreatic neuroendocrine tumor (pNET) presents as a hyperdense lesion. However, previous studies have proven that pancreatic tumors do not manifest in the typical manner for many reasons (8, 16). At this time, improving the methods used for differential diagnosis is very important for pancreatic surgeons. This study urges surgeons and radiologists to pay more attention to hypervascular pancreatic lesions to avoid misdiagnosis.

In 1971, Folkman et al. proposed the hypothesis that tumor growth depends on angiogenesis (17). This claim was subsequently confirmed and is now considered to be one of the major features of cancer (18). In general, the more blood supply one tissue has, the higher CT values it presents. Our CD31 IHC staining results confirmed this statement. CD31 is a well-known vascular endothelial marker. Studies have shown that high expression of CD31 in tumors, such as pNETs, is related to a worse prognosis (19). However, the results of our study led to the opposite conclusion. Patients with high CD31 expression had a better OS than those with low CD31 expression. Typically, hypovascular tumors with a relatively high microvessel density are associated with a better prognosis. This is consistent with previous bioinformatics reports (20). Tumor stroma is a key component of pancreatic cancer. An increase in stroma reduces the efficacy of chemotherapy drugs (21). The present study showed that the expression of CTHRC1, a stroma related protein, was higher in the hypodense group. Further studies are needed to verify whether the stroma affects CT density in PDAC.

For a deeper understanding of the different manifestations of the two groups of patients, we performed proteomic analysis. In total, 68 differentially expressed proteins were found, seven of which were related to blood vessel formation. This may account for the difference in vessel density between the two groups. High vascularity is known to be related to malignancy in many tumors (19, 22, 23). Increased expression of CD31 is significantly associated with increased tumor size and lymph-vascular invasion in Merkel cell carcinoma (22). Anti-angiogenic therapy is an established treatment approach for many solid tumors. However, in this study, patients with relatively high vascular density had a better prognosis than those with low vascular density. This may correlate with changes in the tumor microenvironment, such as inevitably diminished drug delivery caused by a reduction in tumor blood vessels. The differentially expressed proteins POFUT1 (24) and PKP2 (25) correlate with angiogenesis and fibrosis in other cancer species. Anti-angiogenic therapy may be more effective for hyperdense PDAC patients than for hypodense PDAC patients. Furthermore, we may examine how these proteins and genes affect angiogenesis in PDAC in the future. Promoting vascular normalization in hypodense PDAC patients is a promising therapeutic strategy that could complement traditional antiangiogenic therapies.

There are several limitations to this study. First, the hyperdense group was small, and further large-scale studies are required to confirm the outcomes. Second, the mechanism behind the prognostic value of hyperdensity remains unclear. Further studies and additional clinical research are needed.

In conclusion, we demonstrated that the hypervascular presentation on CT was positively associated with OS. Anti-angiogenic therapy may be suitable for these patients. This novel finding would be helpful in the diagnosis of pancreatic cancer. Additional studies might be beneficial for supporting our conclusions and for illuminating the underlying mechanisms.
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Background

The prognosis of patients with pancreatic neuroendocrine tumors (PanNET), the second most common type of pancreatic cancer, varies significantly, and up to 15% of patients develop metastasis. Although certain morphological characteristics of PanNETs have been associated with patient outcome, there are no available morphology-based prognostic markers. Given that current clinical histopathology markers are unable to identify high-risk PanNET patients, the development of accurate prognostic biomarkers is needed. Here, we describe a novel machine learning, multiclassification pipeline to predict the risk of metastasis using morphological information from whole tissue slides.



Methods

Digital images from surgically resected tissues from 89 PanNET patients were used. Pathologist-annotated regions were extracted to train a convolutional neural network (CNN) to identify tiles consisting of PanNET, stroma, normal pancreas parenchyma, and fat. Computationally annotated cancer or stroma tiles and patient metastasis status were used to train CNN to calculate a region based metastatic risk score. Aggregation of the metastatic probability scores across the slide was performed to predict the risk of metastasis.



Results

The ability of CNN to discriminate different tissues was high (per-tile accuracy >95%; whole slide cancer regions Jaccard index = 79%). Cancer and stromal tiles with high evaluated probability provided F1 scores of 0.82 and 0.69, respectively, when we compared tissues from patients who developed metastasis and those who did not. The final model identified low-risk (n = 76) and high-risk (n = 13) patients, as well as predicted metastasis-free survival (hazard ratio: 4.71) after adjusting for common clinicopathological variables, especially in grade I/II patients.



Conclusion

Using slides from surgically resected PanNETs, our novel, multiclassification, deep learning pipeline was able to predict the risk of metastasis in PanNET patients. Our results suggest the presence of prognostic morphological patterns in PanNET tissues, and that these patterns may help guide clinical decision making.





Keywords: metastasis risk assessment, deep learning, histological image analysis, pancreatic neuroendocrine tumors, computational pathology



Introduction

Pancreatic neuroendocrine tumors (PanNETs) represent a subset of pancreatic neoplasms. Though traditionally considered a rare subset, recent studies suggest that PanNETs comprise approximately 10% of all pancreatic malignancies (1). PanNETs originate from neuroendocrine epithelial cells, often resembling the cells of the islets of Langerhans. Notably, PanNETs can also secrete hormones (e.g., insulin) into the bloodstream; these hormones producing PanNETs are known as functional PanNETs. According to the WHO classification system, PanNETs are classified as well-differentiated (WDNETs or “ordinary”) or poorly differentiated (PDNEC) subtypes. Recent evidence suggests that these tumors are not in a continuum and should, thus, be regarded separately (2, 3). PDNEC risk stratification is less ambiguous, and PDNEC patients often have poor outcomes (median survival typically under 2 years) (4). In contrast, the overall survival of patients with WDNET (hereinafter referred to as PanNET) is relatively high (10-year survival rate of 60%–70%); nevertheless the risk of metastasis is high (up to 15%), even for small lesions (4).

The lack of robust biomarkers remains the most significant clinical hurdle for accurate prognosis prediction in PanNET patients. The mitotic count and the Ki-67 index are currently the only prognostic biomarkers routinely used clinically (5, 6). Nonetheless, these two indexes are prone to quantification errors. For instance, cells expressing mitotic mimics (such as cells undergoing pyknosis) compromise mitotic count accuracy, and depending on the counting methodology used Ki-67 can show poor concordance (7). In addition to technical issues in these scoring systems, the lack of consensus in scoring cutoffs further limits their ability to provide accurate patient stratification (8). Recently developed models based on Ki-67 scoring (5) or linear pathological combinative approaches (6) failed to improve metastasis risk prediction in PanNET patients (5, 6). Thus, robust and accurate models to predict the risk of metastasis are unmet clinical needs.

Histologic alterations, such as necrosis, variations in nuclear shape (atypia), chromatin clumping, and reduction in the tumor stroma, are high-risk components in PanNETs (9). Despite significant variation in the morphological characteristics of PanNETs and recent reports suggesting a link between morphological features of PanNETs and aggressive behavior (9–11), there are no morphology-based tools for outcome prediction.

Herein, we present a novel convolutional neural network (CNN)-based multiclassification pipeline for morphological analysis of whole-slide images (WSIs) ultimately tailored toward predicting outcome. CNNs have emerged as a powerful tool to identify morphologically distinct areas on digitized slides (12) and correlate image patterns, even subtle ones, to patient prognosis (13). The models presented here provide a machine learning-based approach to identify relevant tissue regions within whole tissue slides and predict the risk of metastasis based on the morphological features of PanNET and the surrounding stroma (Figure 1).




Figure 1 | Diagram representing the whole-slide image (WSI) processing pipeline used to stratify PanNET patients into high- and low-risk metastasis groups. (A) H&E-stained tissues from surgical resections are split into image tiles using a sliding window approach and are classified into different tissue types: cancer (stromal poor/clearly delineated), cancer (stroma-rich), stroma without cancer, normal parenchymal, and fat. (B) Image tiles classified as cancer and adjacent stromal regions are further classified into “metastasis” or “non-metastasis” groups depending on the presence of metastatic lesions in the patient. (C) The tile-based metastasis association scores from a WSI are used to determine a set of WSI features fitted to a collection of machine learning algorithms (“zoo”) to determine the overall risk of metastasis (high vs. low).





Methods


Study Population

Tissue samples were obtained from surgical resections of PanNET patients treated at Emory University hospital between 2002 and 2017 (Table 1). Patients presenting with metastasis during surgery and those lost to follow-up within a year after surgery were omitted from the analysis. In total, we analyzed samples from 89 cases in the study, 20% of which developed metastasis (detected by biopsy or imaging). Patient records were reviewed to obtain follow-up, demographic, and clinicopathological data. Grade was computed through the Ki-67 index, when available, based on the WHO criteria thresholds (14). Most patients (77.5%) were categorized as Grade I/II (Ki-67<20) and considered “low grade.” Metastasis-free survival was measured from the time of surgery to the time of metastasis or last follow-up.


Table 1 | Clinicopathological characteristics of the PanNET cohort.





Tumor Slide Selection

Representative (based on tumor tissue and morphological variability) H&E-stained whole slides were selected from archived formalin-fixed paraffin-embedded tumors. Our analyses included an average of 1.17 slides per patient, with review and scanning of a single representative slide in the majority (n = 75) of patients. The slides were digitized using Aperio AT Turbo scanner (Leica Biosystems, Vista, CA) with high-resolution image settings (40×, magnification 0.24 µm/pixel size). Images of low quality were re-scanned or omitted from further analysis.



Automated Full Slide Annotation

We used the pre-trained GoogLeNet (Inception V1) CNN model (15) with a modified terminal softmax layer and classified tissues into cancer (stromal poor/clearly delineated), cancer (stroma-rich), stroma without cancer, normal parenchymal, and fat. Pathologist-annotated ground-truth regions from 11 partially annotated slides for each class were extracted using the MATLAB Image Labeler (Supplementary Figure 1) (16). Aside from the cancer/stroma class determined by any cancer cluster within a stromal rich region (fibrous stroma, fibrovascular stroma, fibrous septa, or loose or hyalinized stroma), training tiles came almost exclusively from non-mixed ground-truth regions. The intersection of annotations (edges) was labeled with the predominant class in the image tile.

WSIs were down-sampled four times for tissue classification, allowing for computational feasibility while providing clear visual discrimination of the gross scaled annotation regions. Each tile (for both training and classification) was color-normalized (17) to ensure H&E staining consistency and improve machine learning performance (18). Additionally, a thorough augmentation of training tiles (12) was performed to improve the robustness of the CNN classifier and reduce the risk of overfitting, without compromising the image quality (19). For CNN training data, tiles were adjusted for image orientation and hue/blur/noise/contrast as previously described (12), to expand the training set of tiles by a factor of 46. This process resulted in a final training set of 466,072 tiles. CNN training was optimized using the stochastic gradient descent (SGD) algorithm with a momentum of 0.9, batch size of 35 tiles, and learning rate of 1e-4. The training tiles were reshuffled after each epoch, and model accuracy was measured at the end of each epoch. Model training was continued until the multiclass accuracy for each label was over 99%. The trained model was then tested using tiles from four external slides. Overlapping tiles (50%) from the validation slides were extracted (without augmentation) to produce a validation cohort of 42,976 tiles.

WSI annotation was performed by fully partitioning slides into non-overlapping 150 × 150 tiles, with background “non-tissue” regions omitted from classification. These segmented tiles were independently classified with the trained CNN to produce a five-dimensional output, with each dimension representing the probability of the tiles belonging to one of the five classes. To assess the WSI classification performance, we overlaid CNN-annotated cancer areas onto pathologist-annotated areas and calculated the Jaccard index.



Metastasis Association Classifier

After WSI annotation, two GoogLeNet (Inception V1) classifiers were trained to predict metastasis for tiles classified as cancer or stroma. For classifier training, we selected only tiles classified with a high probability (95%) as either cancer or stroma. Through this tile filtering step, we excluded 20% of all stromal and cancer tiles. Subsequently, WSIs (89 patients/104 slides) were subjected to a five-fold cross-validation. WSIs from different tumor blocks of the same patient (n = 14) were kept together in the same training or validation fold to ensure that each validation contained tiles from WSIs that the classifier was not trained with. During training, the patient’s distant metastasis status was used as the ground-truth label for all tiles selected from the respective WSIs. Each metastasis association classifier was trained for 15 epochs (using SGD with a momentum of 0.9 and an initial learning rate of 0.0001 decreased by a factor of 0.1 after five epochs) and subsequently used for the respective validation fold. The risk of overfitting to the training data was reduced by applying an L2 regularization of 0.0001. The predicted metastasis association labels (and softmax class probability scores) for tiles within each validation fold were used for further analysis. Confusion matrices (comparing true vs. predicted labels of tiles labeled with metastasis vs. no metastasis) were obtained at different CNN output probability scores (starting at the classification default of >50% to restricting analysis to > 99.99% class probability) to assess the classification performance of the tile probability score. Moreover, we performed uniform manifold approximation and projection (UMAP) for dimension reduction (20, 21) using pooling layer features before the final CNN layer to further validate the discriminatory ability of these classifiers. This reduction step reduced the vector of activations from 1024 to 2. Bivariate kernel density estimators were fitted with a Gaussian kernel to visually determine UMAP cluster densities.



WSI Feature Extraction and Metastasis Prediction

Metastasis probabilities for cancer and stromal tiles were combined to obtain a WSI risk score. Tiles without sufficient, directly adjacent, similarly annotated neighbors (tissues) were considered artifacts and filtered out (n = 8 for cancer; n = 3 for stroma). The distribution of the metastasis association score (0–100%) for the remaining tiles within each slide was the basis for the extraction of 150 “full slide” features (75 from cancer and 75 from stromal; Supplementary Table 1). These features were derived from histogram metrics of both individual image tiles within the WSI and after aggregation within a 10 × 10 tile area. Metrics were derived from the metastasis risk score histogram and included the statistical moments (mean, standard deviation, skewness, and kurtosis) and the tile counts/proportions. These metrics were obtained for each WSI within a) all metastasis probability tile distributions and b) within only the high (>90%) and low (<10%) probability tails of the tile distribution. The features derived from 10 × 10 tile areas were bin counts of “spatially clustered” metastasis-associated groups assuming that clusters of high-risk areas possess potential prognostic value beyond single regions. Missing values were imputed using Multivariate Imputation by Chained Equations (mice) with 10 iterations (22).

The 150 whole-slide features extracted from WSIs were grouped into three subsets: 1) cancer-only features 2) stromal-only features and 3) stromal and cancer features. These feature subsets were used as input variables for 18 different machine learning models (Supplementary Table 2) alongside the patient’s metastatic status (n = 18 metastasis, n = 71 no metastasis) as the labels. The models were trained through leave-one-out cross-validation (LOOCV), wherein each left-out set composed of all the slides from a single patient. Patients with multiple slides (n = 14) were given a “high-risk” prediction if any of their slides were predicted to metastasize. An ensembling approach was also tested by combining the outputs of the models trained with stromal features to those trained with cancer features; patients were considered at high-risk if either approach predicted metastasis.

To improve accuracy (23) and reduce data dimensionality, we performed a filtering-based feature selection. For each training fold within the leave-one-out cross-validation, a two-sample (Welch) t-test was performed comparing all features of patients who developed metastasis to those who did not. Each t-test provided the feature with a t-score which signified the magnitude of the mean difference between that feature with patients who metastasized versus those which did not. Multiple filtering thresholds were tested to optimize the feature set by removing features which did not have large enough t-scores, or significance. This model was further analyzed univariately using Kaplan-Meier survival analysis and multivariately (alongside tumor size, patient age, and sex) using Cox Regression on all patients and low (I/II) grade patients only. SHAP (Shapley additive explanation) values were used to interpret the output of the selected models (24, 25) and assess feature importance (26). Calculation of SHAP values was performed for each left-out test set and then aggregated because of the LOOCV nature of the results.



Pipeline Generalization

To analyze the pipeline’s generalizability with a stronger control for overfitting, a nested LOOCV approach (Supplementary Figure 2) was tested. The nested LOOCV approach consists of an outer loop which splits the data into a training set and a patient left out test set, and an inner loop with a 10-fold CV for feature selection through t-test filtering. For the inner loop, for each CV, a t-test is applied to all features to determine the magnitude of the average difference (t-score) for those features coming from slides of patients who metastasized versus those that did not. Sorting features by this t-score allowed for a filtering approach which, at each increasing t-score threshold, retained increasingly significant variables. By progressively increasing the t-score threshold for filtering, and then training the inner loop CV models, an optimized feature (or t-score threshold) set can be selected by identifying what model resulted in the best average performance (through log-loss) in the inner CV loop.

The random forest in the outer loop was then trained with features derived from the selected t-score filtering threshold in the inner loop and used to predict the risk group for patients in the left-out test set. This cycle is repeated until every patient slide had a metastasis risk prediction. The number of features for this analysis was restricted by the t-score thresholds. In this feature set, only binary (>50% class probability) and a single broad representation of high (>90%) or low (<10%) metastasis risk scores were included (Supplementary Table 3).



Statistical Analysis

Accuracy, sensitivity/recall, specificity, precision, negative predictive value, balanced accuracy, Matthews Correlation Coefficient, and F1 score were calculated based on confusion matrices. The tissue classification accuracy of the WSI annotation pipeline was evaluated by the Jaccard index. The significance of survival difference was assessed with the log-rank test for Kaplan Meier curves or the Wald chi-square test for Cox regression analysis. P-values <0.05 were considered statistically significant. Statistical analyses were performed using the SAS 9.4 software (Cary, NC, USA), Python, and MATLAB R2018b (The MathWorks, MA, USA).




Results


Deep Learning WSI Analysis Discriminates Different PanNET Tissues

A total of 10,132 non-overlapping 150 × 150-pixel, pathologist-annotated, ground-truth regions were extracted (Figure 2A) and augmented, providing the 466,072 tiles used to train the annotation CNN. Nine epochs provided an accurate classification of the training data. For the validation data, the CNN provided an overall accuracy of 92.8% and greater than 90% sensitivity and specificity for all annotated classes (Figure 2B). Importantly, the CNN provided an F1 score of 0.95 for the validation tiles (n = 42,976) of cancer and normal parenchymal regions. The least precise classification was obtained for cancer/stroma mixed tiles, with an F1 score of 0.68 and a precision value of 0.53, indicating false positive classification, especially toward normal regions (Supplementary Figure 3). High concordance was observed between CNN-based and pathologist-based WSI classification (Figure 2C and Supplementary Figure 4), with a median Jaccard index of 0.79 in cancer regions (Figure 2D). Cancer regions were accurately identified, with false-positive areas predominantly in sparse edges/interface areas (less common in the training dataset). These false-positive areas had a low probability (<95%), and, thus, were excluded from subsequent analysis.




Figure 2 | Tile and whole slide performance of the CNN-based tissue annotation. (A) Examples of the tissue annotation classes and (non-augmented) ground-truth tile counts used for training. (B) The multiclass sensitivity (recall), specificity, precision, F1 score, and accuracy for the validation tiles. (C) Representative pathologist-based annotations (solid green line) for cancer regions and automated whole-slide annotation (blue: cancer, red: cancer with stroma, purple: normal parenchymal, green: stroma, yellow: fat, major cancer regions outlined with a white dashed line). (D) Box plot showing the Jaccard score for 11 slides demonstrating the overlap in CNN-based and pathologist-based annotation of cancer regions.





Prognostic Value of the Model

CNN-based WSI analysis provided 430,318 cancer and 211,361 stroma tile annotations with a greater than 95% probability and allowed for the creation of a full slide metastasis probability map (Supplementary Figure 5). CNN training using these tiles (and the patient’s metastasis status as labels) provided an overall classification test set F1 score of 0.64 and 0.60 for cancer and stroma tiles, respectively. Projection of the final CNN pooling layers from all cross-validated test sets provided a better delineation between cancer tiles and adjacent stroma tiles in patients who developed metastasis than in those that did not (Figures 3A, B and Supplementary Figures 7–9). Analysis of tiles with higher softmax output probability scores improved the performance for both cancer and stroma regions. That is, classification performance generally increased when analyzing tiles with increasing class probability (going from the default >50% probability output to restricting analysis to those tiles with at least a 99.99% output for either class). For cancer tiles with a maximum analyzed probability score (99.99% softmax output for either the metastasis or non-metastasis class), the F1 score was 0.83, whereas stromal tiles with a 99.9% probability score had an F1 score of 0.72 (Figure 3C).




Figure 3 | Risk of metastasis in different tiles. (A) UMAP clustering of the final CNN pooling layer of the first test-fold cancer tiles across two dimensions. Each point (n = 65,126) represents a different tile, and different colors indicate whether the patient developed metastasis (yellow) or not (blue). The inserts show the density of clustered tiles for each metastasis group. (B) UMAP clustering of adjacent stromal tiles (n = 33,555). (C) CNN-based prediction performance and CNN probability thresholds for the risk of metastasis in cancer and stroma tiles. The adjacent confusion matrix shows the comparison of the true versus predicted tile labels (M0: no metastasis, M1: metastasis) at the maximum probability (99.99%). (D) Selected features based on SHAP analysis of all test samples from the aggregated leave-one-out test sets. The colors represent the feature value, and the SHAP values indicate the importance of each feature in determining a high (>0 SHAP value) or low (<0 SHAP value) risk. For brevity, truncated explanatory titles were used for the feature names: “# High Prob Cancer Met tiles” = “Count Cancer Metastasis Probability Tiles With Prob >=0.9999 and <0.99999”, “# Sparse Cancer Mets Hotspots” = “# of 8 to 9 Met (≥50% probability) Cancer tile clusters,” “# Medium Cancer Mets Hotspots” = “# of 10 to 11 Met (≥50% probability) Cancer tile clusters,” “# Dense Cancer Mets Hotspots” = “# of 16 to 17 Met (≥50% probability) Cancer tile clusters,” “#Dense Highest Risk Mets Hotspots’ = “# of 6 to 7 Met (≥99% probability) Cancer tile clusters.”



Next, we used the whole-slide features to predict the risk of metastasis and found that the use of a decision tree classifier trained using cancer-only features significant above a t-score of 1.2 (when comparing the features values between patients who metastasized versus those who did not in the respective training data) provided the best leave-one-out cross-validation accuracy of 80.77%, properly predicting 84 of 104 slides (Supplementary Figure 10 and Supplementary Table 4. This accuracy was only slightly marginally better than that provided by a model built with all features (slide level accuracy: 78.84, predicting 82 of 104 slides; Supplementary Figure 11) or stroma-only features (slide level accuracy: 79.81, predicting 83 of 104 slides; Supplementary Figure 12). Furthermore, the model provided concordant predictions for nine of the 14 patients with multiple tissue slides. A high probability of cancer tiles (>0.9%) had the largest impact on the model (Figure 3D and Supplementary Figure 13). When aggregated from a slide to a patient level, almost 70% of patients determined as high risk developed metastasis within 10 years, whereas this number was only 22% for patients determined as low risk (Figure 4A and Supplementary Table 4). Importantly, the model predicted metastasis-free survival after adjusting for clinical variables, even in low grade (I/II) patients (Figure 4B).




Figure 4 | Univariate and multivariate analyses of the PanNET metastasis risk prediction model for: (A) all patients and (B) Low-grade (I/II) patients. Our ultimate model was the decision tree selected from other models based on the performance of LOOCV on test slides.



Testing the pipelines generalizability through nested cross validation and a reduced, more broadly thresholded, feature set resulted in equally sized high and low risk groups, although with different patient stratifications by our final model. For the full cohort of patients, the pipeline retained significant stratification, even when controlling for other clinopathological variables, although with slightly slower prognostic value (Supplementary Figure 11A). Low grade patients, however, did by a small margin lose statistical stratification significance (p = 0.0717) (Supplementary Figure 14B).




Discussion

PanNET is characterized by variable prognosis. Although some patients with metastatic PanNET are treated with surgical resection (27), surgery is only considered a “curative” option for patients with localized disease. In approximately 35% resected PanNET tumors with local disease, metastasis eventually develops (27). Therefore, metastasis remains a concern even in patients with localized, early-stage PanNET (4). Additionally, the relationship between many clinicopathological characteristics and long-term survival after surgery is controversial (1). Although proliferation markers (e.g., Ki67 and mitotic index) have shown a prognostic value, their use suffers from various limitations (28–30). Furthermore, early tumor stages (I/II) have limited prognostic value between themselves in PanNET (31–34). Therefore, the development of novel models to predict outcomes in patients with non-metastatic PanNETs undergoing surgery is of high clinical importance, especially for patients with low-grade tumors.

In this study, we investigated the prognostic value of a novel nested deep learning-based computational pathology model. Deep/machine learning has been demonstrated to outperform humans in various diagnostic tasks, including the interpretation of histologic images of tumors (35), and can identify textural features hidden to the human eye (36). Nested/cascading machine learning approaches have also shown significant discriminatory value (37, 38). Tile-based, segmented/annotated areas have been shown to accurately represent the whole-slide (39–41). Deep learning-based WSI analysis has also been shown to predict patient outcomes (13). Our novel deep learning-based WSI analysis pipeline aggregates metastasis-specific features from relevant tissue areas. Therefore, our model provides useful information on the morphological properties of different tumor regions, which have significant prognostic value in PanNETs (3, 42). Further, our model provides a powerful tool to investigate the surrounding tumor stroma, which has previously been shown to affect PanNET outcomes (43, 44). Automated image analysis pipelines provide a robust characterization of alterations in the tumor stroma (41, 45).

Consistent with previous findings (35), our deep learning-based pipeline provided accurate tissue annotation in PanNETs. Despite some issues with false positive classification of some cancer/stroma tiles, especially toward true normal regions, the overall tissue classification was very good. In over 40,000 validation tiles, the CNN provided an overall annotation accuracy of over 92% for five different tissues. Even in more ambiguous tumor areas, CNN-based WSI annotation was largely in line with the pathologist’s annotation (~80% overlap). Unsurprisingly, CNN-based WSI analysis provided a poor discriminatory power for low-confidence metastasis-associated areas (<50-80% probability), in sharp contrast to its excellent discriminatory ability for high-confidence areas (>99% probability). These findings indicate that stromal and cancer tiles possess morphological features, which are “translated” into a risk of metastasis by the deep learning pipeline. Notably, the model provided higher F1 scores indicating a superior predictive performance when only cancer tiles were analyzed. This cross-validated model identified high-risk patients, who had an over 4.5 times higher risk of developing distant metastasis. Importantly, the model was also able to identify high-risk patients with low-grade PanNET regardless of other clinicopathological variables. Further, using a restrictive nested cross validation and a small feature set to better inspect model generalizability confirmed promising results. Though preliminary, these results demonstrate the ability of our multi-structured deep learning-based model to provide metastasis risk stratification, and potentially facilitate clinical decision making. Additionally, the pipeline described here can help identify patients who might benefit from adjuvant therapy (46) or candidates for clinical trials, as well as enable personalized treatment (47).

Despite these encouraging findings, the study has limitations. First, our cohort was from a single institution, and given the relatively low incidence of PanNETs and high incidence of distant metastasis (48), our findings require comprehensive external validation. Second, it is important to increase the size of training data to better fit the prognostic model. This is also vital to increase the model sensitivity and capture a higher proportion of metastatic patients. When controlling through a nested cross-validation approach, low-grade patients had a significant stratification group suggesting additional work toward developing a more generalizable model. Furthermore, our pipeline did not consider important clinicopathological variables, such as tumor stage components (outside of tumor size). Although the CNN provided satisfactory discrimination of the different tissues in the validation sets, further investigation is required to determine the influence of false positives and true negatives on whole-slide annotation. Metastasis association scores we calculated separately for cancer and adjacent stromal tiles. However, CNNs could be trained to identify metastatic signatures in other tissues, such as the normal parenchymal (49). Finally, although our analysis involved investigating a robust selection of algorithms, the implementation of additional methods, such as survival trees, could further improve model interpretability. More extensive CNN training and implementation is justified. More complex, state of the art networks could further improve model performance whereas simpler models could potentially retain classification performance with significantly improved training speed (50).

In conclusion, our findings provide initial evidence that our novel, multiclassification, deep learning pipeline can predict the risk of metastasis in PanNET patients, by using H&E sections of surgically resected tissue. Our results also suggest that prognostic morphological patterns exist among PanNETs, both within the tumor as well as the adjacent stromal regions. Future studies, in a larger cohort with available outcome and treatment data, are warranted to further investigate the potential value of such morphological markers in guiding clinical decision making.
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Introduction

Human exhaled volatile organic compounds (VOCs) are being extensively studied for the purposes of noninvasive cancer diagnoses. This article was primarily to assess the feasibility of utilizing exhaled VOCs analysis for gastrointestinal cancer (GIC) diagnosis.



Methods

PRISMA-based system searches were conducted for related studies of exhaled VOCs in GIC diagnosis based on predetermined criteria. Relevant articles on colorectal cancer and gastroesophageal cancer were summarized, and meta analysis was performed on articles providing sensitivity and specificity data.



Results

From 2,227 articles, 14 were found to meet inclusion criteria, six of which were on colorectal cancer (CRC) and eight on Gastroesophageal cancer(GEC). Five articles could provide specific data of sensitivity and specificity in GEC, which were used for meta-analysis. The pooled sensitivity, specificity, diagnostic odds ratio (DOR), and area under the curve (AUC) were calculated based on the combination of these data, and were 85.0% [95% confidence interval (CI): 79.0%–90.0%], 89.0% (95%CI: 86.0%–91.0%), 41.30 (21.56–79.10), and 0.93, respectively.



Conclusion

VOCs can distinguish gastrointestinal cancers from other gastrointestinal diseases, opening up a new avenue for the diagnosis and identification of gastrointestinal cancers, and the analysis of VOCs in exhaled breath has potential clinical application in screening. VOCs are promising tumor biomarkers for GIC diagnosis. Furthermore, limitations like the heterogeneity of diagnostic VOCs between studies should be minded.
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Introduction

Gastrointestinal cancer is of the leading causes of cancer deaths, approximately accounting for 22.2% of worldwide cancer related deaths (1). Till now, histological biopsy under endoscopy is still the predominant diagnostic method for gastrointestinal cancer. Since the early symptoms of gastrointestinal cancer are not specific, endoscopy yields unsatisfactory diagnostic rates, which also have shortages of being costly, painful and unsuitable for gastrointestinal cancer screening. Convenient, non-invasive and low-cost diagnostic methods are urgently needed for early cancer diagnoses and screening. Fecal occult blood testing, serum biomarkers and gastrointestinal barium angiography are commonly used in gastrointestinal cancer diagnosis, and fecal occult blood test is the most widely used and evaluable tests for current colorectal cancer screening. However, its clinical value is limited because of high false positive and negative rates. Serum biomarkers for gastrointestinal cancer, such as carcinoembryonic antigen (CEA) and Cancer antigen 19-9 (CA199) cannot play the expected diagnostic roles due to their poor accuracies. Gastrointestinal barium angiography can understand the overall location and size of the lesion, and the anatomic relationship with the entire organ, but there is a certain amount of radioactivity, and the procedures are troublesome. Therefore, noninvasive biomarkers are especially needed to be found for the purpose of diagnoses of gastrointestinal cancer.

Under normal physiological conditions, the concentrations of exhaled VOCs produced by the body’s metabolism were approximately 10-12 mol/L to 10-9 mol/L (2). In pathological conditions, metabolic abnormalities occurred and the production of VOCs increased significantly (3). Therefore, abnormal metabolic and pathological changes in vivo can be deduced by detecting increased VOCs. In the past decades, there have been extensive clinical studies to explore the relationship between the chemical compositions of the patients’ exhaled breath and clinical status of the patients. It is encouraging that exhaled VOCs have been used to diagnose some clinical conditions (4–6). As a new type of non-invasive examination method, it has shown broad application prospects in diagnosing pulmonary diseases (7–11), infections (12–16) and cancers (17–21), etc. It is generally believed that the production mechanism of VOCs is related to the excessive oxidative reactions taking places in cancer cells (22, 23), then spreading through the blood to the lung and respiratory tract.

Exhaled VOCs as a diagnostic tool for gastrointestinal cancer are of growing interest to scientists. However, most of the current researches are in the early stages lacking unified conclusions. Here, we systematically summarized the current knowledge on their potential clinical usages in early detection of gastrointestinal cancer and conducted a meta-analysis to evaluate their diagnosis power, hoping to build a stepping stone for future researches.



Methods


Search Strategies

This systematic review was completed in accordance with the Preferred Reporting Items for Systematic Reviews and Meta-Analysis (PRISMA) statement. PRISMA-based system searches were conducted (24) until 23 December 2018 in PubMed, EBSCO, ELSEVIER ScienceDirect, Wiley Online Library, and The Cochrane Library. At the same time, the references were followed for related reviews to obtain relevant information undiscovered. The terms “cancer OR tumor OR neoplasm OR malignant OR carcinoma”, “exhaled” and “VOCs” or “volatile organic compounds” were considered as keywords searching for related articles.



Inclusion and Exclusion Criteria

The inclusion criteria of related studies about exhaled VOCs in GIC diagnosis were as below: (i)pathologically confirmed gastrointestinal cancer; (ii) trials that analyzed endogenous VOCs within exhaled breath to diagnose or assess cancer; (iii) clinical studies.

The exclusion criteria were as below: (i) no specific experimental details were provided; (ii) commentary articles rather than research articles. (iii) VOCs were analyzed not in exhaled breath but in breath condensate or other biofluid, including urine, serum, feces, and gastric content. In addition, articles that presented sensitivity and specificity data were included as criteria for meta-analysis.



Data Extraction and Quality Assessment

Two reviewers independently screened and extracted data based on inclusion and exclusion criteria, discussed and resolved in case of disagreement. General Information such as authors, countries, participants, methodologies, techniques and experimental conclusions included in the study was extracted. Sensitivity and specificity that could be used for meta analysis was also extracted. The quality of included studies for meta-analysis was assessed using QUADAS-2 which was used for the quality assessment of diagnostic accuracy studies specially (25).

Methodological quality and risk of bias of included studies was determined by combining the Newcastle–Ottawa Scale (26) (NOS)。In this scale, each study was divided into three groups based on eight items: selection of study groups, comparability between groups, and determination of outcomes. The maximum score for each item was 1, but proportionality allowed for a score of 2. Total scores ranged from 0 to 9, with higher scores indicating better quality. The quality assessment was conducted independently by two authors (LJX and CYB) based on the Newcastle Ottawa Scale. The implementation of this assessment tool is discussed by both authors. The degree of agreement between the two authors was calculated by the other author (SHW). For the current study, we considered studies with a score of 7 or higher as high quality studies. Low-quality studies (Newcastle Ottawa score equal to or less than 4) were excluded.



Statistical Analysis

META-DISC software(version 1.4) was adopted to evaluate the diagnostic values of articles included in meta-analysis. The source of heterogeneity was first evaluated, including threshold effects and non-threshold effects. The threshold effect was checked by the SROC curve plan: if it was in the “shoulder arm” shape, it indicated that there was a threshold effect; otherwise the opposite. Heterogeneity between studies was evaluated by applying the chi-square and I2 test, if P<0.05, I2>50%, which indicated the existence of statistical heterogeneity. As for the combination of effect quantities, when there was a threshold effect, the best method for data combination was to fit SROC curve and calculate AUC, or to apply other statistics such as Q index. If the heterogeneity was due to non-threshold effect, the analysis could be attempted in homogeneous subgroups. The publication bias of the included studies was assessed using the Deeks’ funnel plot of stata12.0. An asymmetric funnel plot was obtained when publication bias was present, i.e., a slope P <0.05.




Results


Description of Included Studies

A total of 2227 articles were found using the search strategy described before among which 1,959 articles remained after removing duplicate articles. 1,932 studies were excluded from the title and abstract for using irrelevant papers, reviews and non-English papers. Thus, 27 studies were selected for full-text browsing. 13 studies were excluded for not meeting the inclusion and exclusion requirements. Thereby, 14 studies were included in the systematic description, including six in CRC and eight in GEC (shown in Figure 1). Five studies in GEC were able to conduct meta-analysis.




Figure 1 | Flowchart of study selection for this meta analysis.



Data of the 14 studies on gastrointestinal cancer diagnoses by exhaled breath VOC were summarized comprehensively. Various techniques had been described to collect and analyze exhaled VOCs. Exhaled gas samples were usually collected temporarily in inert bags (including tedlar bags, mylar bags, nalophan bags and steel breath bags) or cans, volume varied between 20 ml and 4 L, and then analyzed directly; some of them used sorbent tubes to trap the exhaled gas before analysis because the gas could be stored in them for a long time without loss. The most commonly used detection technique was Gas Chromatography-Mass Spectrometer (GC-MS, n=8), usually combined with nano-sensor (n=5), and one combined with a probabilistic neural network (PNN). Four studies were analyzed using selected ion flow tube mass spectrometry (SIFT-MS), whilst one study used self-made proton transfer reaction mass spectrometry (PTR-MS). There were seven of the 14 reviewed studies used an leave-one-out cross-validation, but only two (27, 28) used an additional data set to verify the model. Basic information about the included studies of CRC and GEC was summarized in Tables 1 and 2, respectively. The potential biomarkers found in the exhalation of CRC and GEC patients are detailed in Tables 3 and 4. No consistent markers were found in the CRC study. It is worth noting that 10 VOCs appeared in two or more Gastroesophageal cancer studies, as shown in Figure 2, which partly reveals the repeatability of exhaled VOCs in the Gastroesophageal cancer field. Moreover, five studies capable of meta-analysis were evaluated with QUADAS-2 (Figure 3). The average Newcastle Ottawa score was 7.2 for all included studies (Table 5).


Table 1 | Characteristics of included studies on exhaled VOCs for CRC diagnosis.




Table 2 | Characteristics of included studies on exhaled VOCs for GEC diagnosis.




Table 3 | Expiratory biomarkers between CRC patints and healthy patients.




Table 4 | Expiratory biomarkers between GEC patients andnon-cancer patients.






Figure 2 | VOCs appeared in two or more GEC studies.






Figure 3 | Graphical display for the Quality Assessment of Diagnostic Accuracy Studies-2 tool results: review authors’ judgements about each domain presented as percentages across included studies.




Table 5 | Newcastle–Ottawa Scale scores.





Exhaled VOCs for CRC

The first reported attempt to identify CRC with exhaled VOCs was Peng et al. (30), the results showed that six VOCs could be used to distinguish colon cancer from healthy controls (HC). They also studied the relationship of exhaled VOCs between lung, colon, breast, prostate cancers and HC by GC-MS and nanosensor. Both techniques could distinguish “healthy” and “cancerous” by breathing, and furthermore, nano-arrays could also be used in differentiation among different cancer types. Amal et al. (29), also used GC-MS and nanosensor techniques to screen CRC. Four VOCs (Acetone, ethylacetate, ethanol, and 4-methyl octane), identified by GC-MS, showed significant differences between CRC group and control group in both studies. Additionally, this study also included adenoma patients as an independent group for comparative analysis, which were also found that could be effectively distinguished from either the cancer group or the control group.

In a clinical study, Altomare et al. (27) used thermal-desorber (TD) GC-MS and a probabilistic neural network (PNN) to analyze exhaled VOCs in 37 people with CRC and 41 controls. After the exclusion of unusual compounds and removal of ineffective variables, 15 potentially high discriminate power compounds were left behind. The pattern of applying PNN with 15 compounds showed significant performance with an accuracy of over 75%. Similar promising results were shown by Wang et al. (31) using solid-phase microextraction (SPME)-GC/MS, which was used to discriminate between 20 CRC patients and 20 HC with high diagnostic performance through nine significant VOCs. Markar et al. (28) analyzed exhaled breath samples from 50 CRC, 50 positive controls, and 50 negative controls patients using SIFT-MS. Seven compounds were shown to be statistically different between the cancer group and the control group, of which only propanal (NO+) had a meaningful increase in the cancer group related to the control group. When using a threshold of 28 ppbv, the sensitivity and specificity of CRC diagnosis were found to be as high as 96% and 76%, respectively. Beyond that their research group also explored the VOC changes associated with CRC recurrence after surgical resection. After surgery, propanal reduced to the desired levels consistent with the control patients, and with CRC recurrence, its levels significantly increased. Altomare et al. (39) picked 48 patients which belonged to the CRC group of 52 patients already monitored in their previous study, and 55 HC also confirmed the potential application of VOCs pattern in CRC patients for clinical follow-up. Eleven compounds were selected for discriminating disease-free patients after curative surgery from CRC patients before surgery with a sensitivity of 100% and a specificity of 97.92%. Disease-free follow-up patients could also be well recognized from HC by the same VOCs pattern. This study further suggested the potential association of exhaled VOCs with cancer screening and secondary prevention.

At the same time, a reliability assay of commercial electronic nose (PEN3 e-nose) as a screening tool for CRC and polyp patients found that it was impossible to discriminate the tested groups by using supervised or unsupervised statistical methods (32). They analyzed that the sensor’s unspecific response to the presence of defined exhaled VOC may be the reason for random classification of subjects to each group.



Exhaled VOCs for GEC

A few of studies found that an accurate Gastroesophageal cancer diagnosis was possible using profiles of VOCs (Table 2). Kumar et al. (35) applied SIFT-MS to quantify the exhaled VOCs in three groups of patients, GEC, benign disease of the esophagus or stomach, and healthy cohort, 17 VOCs had been investigated in this study. Four of 17 VOCs were found to be in statistically significant different between cancer and positive control groups. Comparison of VOC profiles between cancer and HC also revealed a similar differential pattern. ROC analysis was used for the combination of the above four VOCs to discriminate the Gastroesophageal cancer group from positive controls, with an integrated AUC of 0.91. Similar to the previous study, Kumar et al. (33) performed breath analysis on two groups of patients with esophageal (N=48) or gastric adenocarcinoma (N=33) group, noncancer control group including Barrett’s metaplasia (N=16), benign upper gastrointestinal diseases (N=62) and a normal upper gastrointestinal tract (N=51) by SIFT-MS analysis, twelve VOCs were revealed in these two groups with significant higher concentration differences. The results showed that differentiated exhaled VOCs could distinguish esophageal or gastric adenocarcinoma patients from noncancer patients satisfactorily.

Durán-Acevedo et al. (36) utilized GC-MS and nanosensors to analyze breath samples from 14 gastric cancer (GC) and 15 positive control. A significantly higher concentration of six VOCs was found in the cancer group compared to the control. And the nanosensors were able to discriminate gastric cancer patients from controls achieving a sensitivity of 100% and a specificity of 93%. Xu et al. (19) analyzed breath samples from 37 gastric cancer, 32 ulcers, and 61 less severe conditions, and found that five VOCs of gastric cancer and/or peptic ulcer patients were significantly increased compared with less severe gastric conditions. The nanomaterial-based sensors analysis results shown that it could well separate gastric cancer, gastric benign disease, gastric ulcer and less severe conditions. And the results were not affected by confounding factors. In addition, early stages GC (I and II) and late stages GC (III and IV) could also be distinguished (89% sensitivity; 94% specificity). A similar study was conducted by Amal et al. (37, 40), and 968 breath samples from 484 patients (including 99 with GC) were analyzed by GC-MS and nanosensors, respectively. It was found that cancer patients and high risk patients had distinctive respiratory markers. GC-MS revealed eight of 130 different VOCs differed in various groups. The combination of cross-reactive nanoarrays and pattern recognition methods found that the gastric cancer group and the control group (OLGIM 0-IV) could be distinguished with a sensitivity of 73% and a specificity of 98%. And the subgroups also could be distinguished effectively.

Markar et al. used the previous published data sets to create a 5-VOCs diagnostic model with a diagnostic accuracy of 90%. In this study, they utilized GC-MS and SIFT-MS to verify the feasibility of OGC patients and controls detection by measuring VOCs in the exhaled breath. The result showed certain volatile components of exhalation had potential for non-invasive OGC with a diagnostic accuracy of 0.85 (35). Schuermans (38) analyzed the exhaled VOC profiles from 16 GC and 28 HC with electronic nose (It is manufactured by eNose in Zutphen, The Netherlands. It contains three micro hot plate metal oxide sensors and a pump). The results showed the e-nose were able to discriminate patients from controls achieving a sensitivity of 81% and a specificity of 71%, with an accuracy of 75%.

Zou et al. (33) utilized home-made PTR-MS to compare breath samples from 29 esophageal cancer patients and 57 healthy people. It had been found that seven kinds of ions in the breath mass spectrum could better distinguish between the two groups of patients with a sensitivity of 86.2% and a specificity of 89.5%, respectively. Five of the seven ions reduced and the rest two increased when esophageal cancer patients compared with the healthy people. The AUC of ROC analysis was 0.943.



Data Analysis of Meta-Analysis

Five of the eight studies on the diagnostic Gastroesophageal cancer provided gastric cancer diagnostic study data, which met the quantitative analysis criteria. Sensitivity and specificity were extracted from the five studies (Table 6). The methodology of analysis technique used had no effect on the results because they only used different means to analyze the same class of substances to diagnose the same disease.


Table 6 | Studies included in the meta-analysis.



A pooled analysis of the included five studies showed no heterogeneity in sensitivity (chi-squared=6.77, p=0.1485; I2 of 40.9%) or specificity(chi-squared=7.04, p=0.1337; I2 of 43.2%). Therefore, the fixed effect model was applied. The pooled results reported a mean (95%CI) sensitivity of 85% (79% to 90% CI) and specificity of 89% (86% to 91% CI). The mean (95% CI) pooled positive likelihood ratio (PLR) was 6.65 (4.41–10.02), which indicated that GC patients are approximately six times more likely to have a GC-related exhaled VOC profiles than individuals without GC. And the mean (95% CI) pooled negative likelihood ratio (NLR) and diagnostic odds ratio (DOR) was 0.19 (0.14–0.26) and 41.30 (21.56–79.10), respectively. The area under the SROC curve (AUC) was 0.93. More information was available in Figure 4.




Figure 4 | The pooled sensitivity, specificity, diagnostic odds ratio and SROC curve of exhaled VOC profiles in GC diagnosis. (OR, odds ratio; CI, confidence interval; DOR, diagnostic odds ratio.) (A) The pooled results reported a mean sensitivity of 85% (79% to 90% CI) and specificity of 89%(86% to 91% CI). (B) The mean (95% CI) pooled DOR was 41.30(21.56–79.10). The area under the SROC curve(AUC) was 0.93.





Publication Bias and Heterogeneity

As a result of the Deeks funnel plot, there was no published bias (P=0.362>0.05) (Figure 5), although this result was limited by the small number of studies included in the meta-analysis. One of the main causes of heterogeneity in diagnostic studies was the threshold effect. To evaluate the diagnostic threshold, ROC curve plan and the Spearman’s correlation coefficient between sensitivity and 1-specificity was calculated. ROC curve plane scatter chart was not “shoulder arm” distribution and the correlation coefficient was 0.100, (p = 0.873), suggesting that there was no heterogeneity from the threshold effect.




Figure 5 | Deeks funnel plot of studies included in the meta-analysis. There was no published bias in Deeks funnel plot of studies included in the meta-analysis.






Discussion

Measurement of VOC signal profiles in exhaled gases is intended to identify a unique fingerprint/odor bolt associated with certain diseases potentially contributing to early diagnosis and improving survival rate. The principle behind exhaled VOCs in cancer detection is that cancer-associated VOCs in the tissue are released into the bloodstream and eventually exhaled by alveolar gas exchange (41). Researches mentioned in this review suggested that certain possible VOC biomarkers could be used to identify GIC with considerable sensitivity and specificity, which will make up for the deficiency of current GIC screening methods and shed light on the current development of GIC diagnosis. Additionally they are also expected to play a role in monitoring cancer recurrences. Our meta-analysis showed that VOCs were used to distinguish between GC and nonmalignant gastric conditions with sensitivity of 85%, and specificity of 89%. And GC patients were approximately six times more likely to have a GC-related exhaled VOC profiles than individuals without GC. DOR and AUC values were 41.30 and 0.93, respectively. These data indicate that exhaled VOC fingerprint analysis may be a promising approach for GC diagnosis. In addition, studies using VOCs to identify CRC and healthy patients displayed a diagnostic accuracy greater than 80% (27–29).


The Possible Biochemical Origin

Next, we focus on the possible biochemical origin of the VOCs markers that has been identified in two or more studies of GEC. Among the 10 VOCs, we found that phenol and its derivatives were significantly elevated in exhaled breath of GEC patients, namely phenol, methyl phenol and ethyl phenol. Phenol is one of the decomposition products of tyrosine (42), so we speculate that the increased demand and overuse of amino acids in tumor tissue may be responsible for the increase of phenol in exhaled breath of GEC patients. Studies had shown that plasma tyrosine levels were significantly reduced in patients with GEC (43–45), to some extent indicate the credibility of the results. In addition, changes in the concentration of phenolic compounds were also observed in gastric cancer urine (46) and gastric contents (47). However, the corrupting effect of intestinal bacteria on protein products also produces phenols. The study of Ahmed WM et al. (48) further confirmed that the metabolism of commensal microbes and pathogenic bacteria are likely to affect the composition of exhaled VOCs. Therefore, it is necessary to analyze the potential biological sources of volatiles.

Xu et al. (19) and Amal et al. (40) both found that 2-acrylonitrile significantly increased in the exhaled breath of GEC patients, compared to the non-GEC group. Mochalski P et al. found that the levels of 2-propenenitrile was related to the occurrence of H. pylori through an ANOVA test on non-cancerous tissue samples (49). Pylori infection, as one of the important causes of gastric cancer, which providing clues to the production mechanism of this compound. As a class 2B carcinogen, 2-acrylonitrile can be produced from tobacco combustion or automobile exhaust. Despite studies showing that smoking, diet and other confounding factors do not affect the experimental results (28, 29, 37). But it cannot be ignored that the composition of exhaled breath was susceptible to indoor air pollutants. So confounding factors should be controlled as much as possible.

Studies showed that the production of exhaled VOCs was associated with lipid peroxidation (22, 23); alkanes are mainly produced by peroxidation of polyunsaturated fatty acids (PUFAs), which contain multiple conjugated double bonds and methylene-CH2- groups (50) provides the basic conditions for the production of alkanes. Therefore, it is possible to detect the increase in hexadecane relative to non-cancerous tissues in exhalation of GEC patients.

The above is just a tentative explanation of the increased VOCs in GEC exhaled breath. The specific mechanism needs to be further studied.




Research Limitations

Although the above studies on the use of exhaled VOCs for the diagnosis of GIC have all achieved positive results, there is great heterogeneity among the diagnostic VOCs obtained. Next we will analyze the possible reasons.


Influence of Detection Technique

The preference of instrument detection range may be one of the reasons for the large heterogeneity of the analyzed VOCs. The traditional method of VOC analysis is mainly GC-MS, which can give qualitative and quantitative information about exhaled VOCs (19, 35, 37). However, there are certain restrictions on the use of this technology, which is expensive and complicated. Inevitably, the use of VOCs for clinical diagnosis and monitoring requires more feasible technical support. Nanomaterial-based sensors, also called electronic noses, a new analysis method has been used for diseases diagnosis research due to their smaller size, easier to use, less expensive, as well as the advantages of sensitive, fast, and responsive. The commonly used electronic nose consists of a nonselective electrochemical sensor arrays and an appropriate pattern recognition software. This technology records distinct patterns of different VOCs present in a gas mixture in response to an unknown component, excluding the need to chemically separate or identify individual components. However, the possible detection limitations of the sensor system must take into account.



Influence of Collection Method

It is worth noting that those studies reviewed are diverse in the use of procedures for collection and anatomical collection sites. A study showed that expiratory flow rate and breath holding time could affect the level of exhaled breath significantly (51). Unfortunately, most studies lack consistency in these parameters. Furthermore, common techniques for sample storage include the use of containers, such as inert bags, glass bottles, will also introduce contaminants and cause the loss of volatile organic compounds during storage (52, 53), although it turns out that Tedlar bag is superior to the rest of the polymers in terms of background emissions, especially stability and reusability. It is also important to note that the exhaled gas includes the alveolar gas exchanged with blood, and the respiratory dead space air, that which is, gas present on the airway or on the top of the alveoli that cannot exchange with blood. Should respiratory dead space air be removed during gas collection? Four research groups (29, 30, 37) filtered the dead space air and only collected the alveolar breath to analysis, but most research groups used mixed gases directly. Further research is needed to determine whether it is necessary to filter the dead space air.



Influence of Endogenous and Exogenous Volatile Organic Compounds

Since exhaled breath includes a variety of endogenous and exogenous VOCs, we need to confirm that these VOCs are related to cellular metabolism itself, not to the microenvironment of indirect metabolic pathways in cancer or other in vivo (human or animal). A study showed that the composition of exhaled breath was susceptible to indoor air pollutants, and at the same time, as many as 86 substances were detected in exhaled breath, which were significantly associated with smoking habits (54). So confounding factors should be controlled as much as possible. Moreover, the metabolism of commensal microbes and pathogenic bacteria are likely to affect the composition of exhaled VOCs (48). So It is necessary to analyze the potential biological source of volatiles. Studies showed that H. pylori uses host cholesterol to defend against antibiotics (55), which leads to an increase in cholesterol biosynthesis, and isoprene as an intermediate in cholesterol biosynthetic pathways will increase accordingly, which may explain the observed higher levels of exhaled isoprene in patients with gastric ulcers (19). In addition to the above, more complicated situations need to be considered. Some gases are found to be exchanged in the airways or alveoli according to their blood solubility. Blood high solubility gases are exchanged in the airways, while low exchanges in the alveoli (56–59). Therefore, we should re-evaluate the diagnostic value of vocs with significant differences.

Additionally, the more commonly encountered shortcomings are the small sample size and the relatively single disease currently studied. there are certain limitations in the clinical complexities. Most research is still limited to the study of exhaled breath biomarkers, showing the potential of breath analysis in the field of gastrointestinal diagnosis. Lack of further large-sample clinical validation studies.




Conclusion

Gastrointestinal cancer is one of the common malignant tumors with a high mortality rate. Therefore, early diagnosis and screening are the key to improving their prognosis. As a non-invasive tool, exhaled VOCs have shown great potential in gastrointestinal cancer diagnosis. which will make up for the shortcomings of current GIC screening methods and provide inspiration for the current development of GIC diagnosis. However, most of the volatiles detected by the current researches have large heterogeneity, so it is particularly important to establish a standard gas collection process and find a portable and accurate detection platform. At the same time, it is necessary to analyze the possible biochemical origin of these volatiles and clarify some endogenous and exogenous interference factors.

At present, the origin of the acquired diagnostic volatiles is mostly in the stage of analysis and inference, and the specific molecular metabolism mechanism is not clear, resulting in a lack of sufficient theoretical support. In addition, to use these volatiles as early tools for clinical diagnosis, large-scale multi-center clinical validation studies are still needed.
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Purpose

This study was designed to evaluate the predictive performance of contrast-enhanced CT-based radiomic features for the personalized, differential diagnosis of esophagogastric junction (EGJ) adenocarcinoma at stages T3 and T4a.



Methods

Two hundred patients with T3 (n = 44) and T4a (n = 156) EGJ adenocarcinoma lesions were enrolled in this study. Traditional computed tomography (CT) features were obtained from contrast-enhanced CT images, and the traditional model was constructed using a multivariate logistic regression analysis. A radiomic model was established based on radiomic features from venous CT images, and the radiomic score (Radscore) of each patient was calculated. A combined nomogram diagnostic model was constructed based on Radscores and traditional features. The diagnostic performances of these three models (traditional model, radiomic model, and nomogram) were assessed with receiver operating characteristics curves. Sensitivity, specificity, accuracy, positive predictive value, negative predictive value, and areas under the curve (AUC) of models were calculated, and the performances of the models were evaluated and compared. Finally, the clinical effectiveness of the three models was evaluated by conducting a decision curve analysis (DCA).



Results

An eleven-feature combined radiomic signature and two traditional CT features were constructed as the radiomic and traditional feature models, respectively. The Radscore was significantly different between patients with stage T3 and T4a EGJ adenocarcinoma. The combined nomogram performed the best and has potential clinical usefulness.



Conclusions

The developed combined nomogram might be useful in differentiating T3 and T4a stages of EGJ adenocarcinoma and may facilitate the decision-making process for the treatment of T3 and T4a EGJ adenocarcinoma.
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Introduction

In 1996, Siewert et al. defined esophagogastric junction (EGJ) adenocarcinoma as tumors with a center located within 5 cm proximal and distal to the anatomical cardia (1). In recent decades, the incidence of EGJ adenocarcinoma has shown a significant increasing trend (2). A study conducted in China also showed that the incidence of EGJ adenocarcinoma increased from 22.3 to 35.7% from 1988 to 2012 (3). A histological transition is observed at the junction of the esophagus and stomach, and its pathological changes and biological behavior are different from the esophagus and stomach (4). EGJ is therefore defined, staged, and treated as a unique zone. According to the American Joint Committee on Cancer (AJCC) Cancer Staging Manual 8th edition, the anatomical boundary of EGJ tumors was defined as follows: “tumors involving the EGJ with the tumor epicenter no more than 2 cm into the proximal stomach are staged as esophageal cancers; EGJ tumors with their epicenter located greater than 2 cm into the proximal stomach are staged as stomach cancers” (5). According to the manual, Siewert type III EGJ adenocarcinoma uses gastric cancer staging, while type I and type II EGJ adenocarcinoma still uses esophageal cancer staging (6).

Accurate preoperative clinical staging plays an important role in determining the treatment strategy for patients. The American Joint Committee on Cancer/Union for International Cancer Control (AJCC/UICC) recommended computed tomography (CT) of the chest and abdomen with oral and intravenous contrast as an important modality for the clinical Tumor-Node-Metastasis (TNM) staging of advanced upper gastrointestinal tumors. However, it also suggests that CT plays a limited role in determining the primary tumor category (cT), while the identification of cT3 and cT4 is the major limitation (5). The accuracy of preoperative CT in the discrimination of T3 and T4a disease in patients with Siewert II EGJ adenocarcinoma was 74.4% (32/43) using the UICC/AJCC criteria (7). The total accuracy of multislice spiral CT (MSCT) for determining the T stage of Siewert type II and III EGJ adenocarcinoma was 63.5% (8). The degree of tumor invasion is an important prognostic factor for EGJ adenocarcinoma, particularly locally advanced cancer classified as T4a according to the TNM classification. For T4a EGJ adenocarcinoma, neoadjuvant chemotherapy is beneficial to reduce the tumor grade before resection and micrometastasis treatment (9). Therefore, the accurate differentiation of T3 and T4a will aid in the selection of a better treatment strategy.

An urgent need is to find new methods to improve the differentiation between T3 and T4a EGJ adenocarcinoma. The application of artificial intelligence radiomics as a bridge between medical imaging and individualized medicine has the potential to solve existing problems associated with a subjective imaging diagnosis (10, 11). Radiomics transforms imaging data into high-dimensional minable feature sets through a series of data characterization algorithms to explore tumor heterogeneity and the microenvironment (12, 13). This approach has been shown to be useful in evaluating and predicting the histopathological features, treatment response, and prognosis of tumors (12, 14).

In this study, we hypothesized that the CT radiomic features of preoperative EGJ adenocarcinoma may provide valuable information for the differentiation of T3 and T4a disease. We performed a radiomic analysis of CT images from 200 patients with surgically confirmed T3 and T4a EGJ adenocarcinoma. The objective of this study was to establish a reliable radiomic model for differentiating T3 and T4a EGJ adenocarcinoma.



Materials and Methods


Study Design

The main objective of this study was to evaluate the predictive performance of contrast-enhanced CT-based radiomic features for the personalized, differential diagnosis of T3 and T4a EGJ adenocarcinoma. This study further explored whether the combination of radiomic and traditional features would further improve the accuracy of model performance. Radiomic features were obtained from the segmentation area of CT images. The data were divided into training and test sets for model training and independent validation, respectively. A series of feature selection methods were used to mine the most valuable radiomic features. Finally, a logistic regression method was used to build a predictive model. This study included five parts, including CT image acquisition, image analysis, volume of interest (VOI) segmentation, feature extraction, and model building. A detailed description of the radiomic model and analysis workflow is shown in Figure 1.




Figure 1 | Radiomic model and workflow of the analysis performed in this study.





Patients

The Institutional Review Board of Heping Hospital Affiliated to Changzhi Medical College approved this retrospective study and waived the requirement to obtain informed consent. All methods were performed in accordance with the guidelines and regulations of this ethics board. The inclusion criteria were as follows: (a) EGJ adenocarcinoma confirmed by postoperative pathology (according to AJCC Cancer Staging Manual 8th edition diagnostic criteria of EGJ cancer); (b) an electronic gastroscopy examination and contrast-enhanced abdominal CT examination performed within 2 weeks before surgery; and (c) radical resection of the tumor within 2 weeks after the contrast-enhanced CT examination. The exclusion criteria were as follows: (a) neither stage T3 nor T4a EGJ adenocarcinoma was determined by postoperative pathology; (b) any local or systematic treatment before surgery, such as neoadjuvant chemotherapy; (c) no complete thin-slice images; (d) poor image quality, such as poor visualization of the peristaltic motion, insufficient distention of the stomach, or hiatal hernia; and (e) the edge of the tumor was difficult to define.



CT Image Acquisition

The following specifications of the stomach protocol were used in this study: the patients were asked to fast for 8 to 12 h before the examination; the patients were also encouraged to drink 750–1,000 ml of warm water 10 min prior to the CT scan and an additional 250 ml of warm water prior to image acquisition. A Siemens dual-source CT system (SOMATOM Definition) was used in this study. The scanning range was from the superior diaphragmatic 5 cm (inferior pulmonary vein) to the lower margin of both kidneys or the superior margin of the pubic symphysis. After the unenhanced scan was completed, 1.5 ml/kg of an iodine contrast agent (Omnipaque, GE Healthcare, 100 ml:35 g) was injected through the anterior elbow vein at a flow rate of 3.0 ml/s using a high-pressure syringe (German Ulrich Missouri double-barrel high-pressure syringe). The automatic trigger mode was used to scan the arterial phase, and the trigger threshold was 100 HU. After the completion of the arterial-phase scanning, dynamic enhanced scanning was performed in the venous phase and delayed phase for 25 s and 180 s, respectively. The following scanning parameters were used: tube voltage, 120 kVp; tube current, 220 mA; automatic millisecond technology, on; pitch, 0.8; collimator layer thickness, 0.6 mm; and rotation time, 0.33 s.



Image Analysis

The data were transferred to a syngo.via for Oncology, Siemens workstation (VB20) after the scan was completed, and the contrast-enhanced images were reconstructed with 1.00-mm-thick cross-sections. Two radiologists (CX and GX with 4 years and 20 years of experience, respectively, in clinical abdominal CT diagnosis) with expertise in picture archiving and communication system (PACS) retrieval blindly and independently read the T3 and T4a staging signs without knowing the pathological results. According to the AJCC Cancer Staging Manual 8th edition diagnostic criteria of EGJ cancer, tumors involving the EGJ with the tumor epicenter extending no more than 2 cm into the proximal stomach were staged as esophageal cancers and tumors with the epicenter located greater than 2 cm into the proximal stomach were staged as stomach cancer (5). T3 and T4a staging was performed according to the Chinese Society of Clinical Oncology (CSCO) gastric cancer guidelines 2019 (15): T3—conventional reference signs (highly enhanced cancer invasion in the whole layer of the gastric wall, smooth serosa surface, or a few short cords), auxiliary reference signs (blurred serosa or short stripes <1/3 the total lesion area) (16, 17); T4a—conventional reference signs (irregular or nodular shape of the serous surface, dense burr, or banded infiltration of the surrounding fat space), auxiliary reference signs (serous high enhancement line sign, fault zoning method) (18, 19), as shown in Figure 2. The traditional CT signs were evaluated as follows (1): smooth serous surface; (2) a few short cords of the serous surface; (3) the fat space around the tumor was clear; (4) blurred serosa or short stripes <1/3 the total lesion area; (5) irregular or nodular shape of the serous surface; (6) dense burr or banded infiltration of the surrounding fat space; (7) disappearance of the fat space between the serosa and peripheral vessels; (8) cyst degeneration or necrosis: low-density cystic degeneration or necrosis in the tumor tissue; (9) tumor thickness: measurement of the maximum thickness of the tumor, namely, the maximum vertical distance from the surface of the lesion to the deepest infiltration; and (10) longest diameter: the longest diameter in the multiplanar reconstruction (MPR) was measured from the top of the highest lesion to the bottom of the lowest lesion.




Figure 2 | T3 and T4a EGJ adenocarcinoma. (A–D) Axial unenhanced, arterial-phase, venous-phase, and delayed-phase CT images, respectively, of T4a EGJ adenocarcinoma with a nodular shape of the serous surface and infiltration of surrounding fat (arrows). (E) The histopathological analysis under light microscope showed that the tumor invaded the serosa (arrows). (F–H) Axial, coronal, and sagittal venous-phase CT images of T3 EGJ adenocarcinoma with a smooth serous surface (arrows). (I) The histopathological analysis under the light microscope showed that the tumor invaded the subserosal connective tissue (arrows).



In the event that the two diagnostic radiologists recorded different subjective EGJ adenocarcinoma characteristics, they negotiated a repeated evaluation and reached a consensus. The average thickness and longest diameter of the tumor measured by the two doctors were used.



Tumor Segmentation

The tumor lesions of the EGJ were segmented manually on venous-phase images with a slice thickness of 5 mm using ITK-SNAP software (www.itksnap.org, version: 3.8.0). The gastric cancer (GC) lesions were manually identified by a radiologist (CX with 4 years of abdominal imaging diagnosis experience) and confirmed by another abdominal radiologist (GX with 20 years of abdominal imaging diagnosis experience). Neither radiologist had access to the clinicopathological characteristics of the patient. GC was defined as focal thickening of the gastric wall with a thickness of at least 6 mm and significant enhancement (20). The region of interest (ROI) profile was segmented along the boundary of the tumor in each slice and a fixed soft tissue window (window width, 400 HU; window level, 40 HU) was set to avoid artifacts, perigastric vessels, and the gastric cavity. Thirty cases were randomly selected and segmented again for use in the analysis of intragroup correlation consistency. The whole tumor segmentation process was completed layer by layer, and the 3-dimensional (3D) model of the lesion and VOI was obtained. Figure 3 shows an example of the manual segmentation of EGJ adenocarcinoma. Finally, each VOI was examined by GX.




Figure 3 | An example of manual segmentation of EGJ adenocarcinoma. (A) A localized mass with heterogeneous enhancement is observed at the EGJ on the venous-phase CT image. (B) Segmentation of the same axial slice. (C) 3D volumetric reconstructions of the tumor generated from ITK-SNAP.





Radiomic Feature Extraction

The data were divided into a training set and test set at a ratio of 7:3 with a stratified sampling strategy. PyRadiomics (open source imaging toolbox) was used to extract the features of the segmented images. In addition, two image filters of Laplacian of Gaussian (LoG, sigma value: 3, 5) and wavelet were applied to the original image, and the corresponding derived images were generated. All categories of radiomic features, except shape features, were extracted from the original images and 10 filtered images. Eighteen first-order histogram features, 14 shape (3D morphological) features, 24 gray co-occurrence matrix (GLCM) features, 16 gray-level run length matrix (GLRLM) features, 16 gray-level size zone matrix (GLSZM) features, 5 neighboring gray tone difference matrix (NGTDM) features, and 14 gray-level dependence matrix (GLDM) features were obtained. Because of the deviation in the sample size between patients with T3 and T4a tumors, which may influence the performance of classifier, the synthetic minority oversampling technique (SMOTE) algorithm with default parameters was used to improve the imbalance in the data, where minority instances were generated along a line joining a minority instance and its nearest neighbors (21). Original data and SMOTE amplification data distributions are shown in Supplemental Table 1.

The following radiomic feature preprocessing steps were performed: (1) the missing value was replaced with the median value; and (2) each feature was standardized by the z-score method. The following feature selection method was performed to reduce the redundancy of features: (1) retain the features with good intragroup correlation coefficient (ICC) consistency; (2) remove the features with a correlation greater than 0.7; (3) remove the features with p > 0.05 in the univariate logistic regression analysis; and (4) select the important features using the least absolute shrinkage and selection operator (LASSO) method.



Model Building

A univariate analysis was used to evaluate the traditional CT signs related to the differential diagnosis of T3 and T4a EGJ adenocarcinoma. A multivariate logistic regression analysis was used to build traditional model and radiomic model. A combined nomogram that integrated both the radiomic score (Radscore) and the traditional features in the training set was further built. The Radscore was calculated based on the radiomic model in the training set, and a box plot was used to show the distribution of the Radscores. The test set was used to validate those models.



Statistical Analysis

The statistical analysis was performed using R (www.r-project.org, version: 3.6.1). The SMOTE method was performed with the “DMwR” R packages. The ICC was calculated to evaluate the consistency of the radiomic features after different VOI segmentations. An ICC >0.75 indicated good consistency. The diagnostic performance of the three models was evaluated by constructing the receiver operating characteristic curve (ROC). Optimal cutoff points were obtained by calculating the Youden index. Then, the area under the ROC curve (AUC), accuracy, sensitivity, specificity, positive predictive value, and negative predictive value were calculated (22). The Wilcoxon signed rank test was used to compare the discrimination efficiency of the Radscore for T3 and T4a EGJ adenocarcinoma. A decision curve analysis (DCA) was employed to evaluate the clinical utility of the three models. The DeLong test was used for statistical comparisons of the ROC curves (23, 24). ROC curves and Delong tests were generated and performed with the “pROC” R package. Two-tailed p-values less than 0.05 were considered statistically significant.



Clinical Characteristics of the Patients

Two hundred patients were included in this study, including 44 and 156 patients with T3 and T4a EGJ adenocarcinoma confirmed by surgical pathology from December 2017 to March 2019, respectively. The demographic data and T stages of the patients with T3 and T4a EGJ adenocarcinoma are listed in Table 1. The median (range) ages of the two sets were 64 (49–87) years and 63 (43–82) years, respectively, and the proportion of males was 16.5 and 63.5%, respectively. The coincidence rate of clinical T stage and pathological T stage in T3 and T4a EGJ adenocarcinoma was 9.5 and 66%, respectively. Notably, 12% of patients with T3 tumors were overestimated as having T4a tumors, and 12.5% of patients with T4a tumors were underestimated as having T3 tumors based on the clinical stage.


Table 1 | Features obtained after preprocessing.





Traditional and Radiomic Features

The univariate analysis showed that a few short cords on the serous surface and a clear fat space around the tumor were independent predictors of T3 and T4a among the 10 traditional CT signs (Table 2). The statistics of traditional CT signs between the training and test groups are shown in Supplemental Table 2. Overall, 1,037 radiomic features were extracted from each VOI, and 921 features with an ICC >0.75 were retained by the consistency analysis. Eleven important radiomic features were retained after dimension reduction (Supplemental Table 3). The 11 retained important radiomic features included five first-order features (median, uniformity, mean, kurtosis, and 90th percentile), two shape features (flatness and sphericity), and four GLSZM features (low gray-level zone emphasis, LGLZE; size-zone non-uniformity normalized, SZNN; zone entropy, ZE; and gray-level non-uniformity, GLN). Supplemental Table 4 shows the radiomic features in the original data and SMOTE radiomic data and beta values (regression coefficient) of the features. Supplemental Table 5 lists the equations of the 11 features, and Figure 4 shows the weights of the retained radiomic features.


Table 2 | Univariate logistic regression analysis of traditional features between T3 and T4a EGJ adenocarcinoma in the training and test sets.






Figure 4 | Weights of 11 retained radiomic features in the radiomic data.





Combined Nomogram Construction

Figure 5 shows the difference in the Radscore distribution between the training and test sets, with a low value for T3 and a high value for T4a. The statistical results obtained from the test set showed a significant difference in the Radscore between T3 and T4a (p = 0.00037). Figure 6 shows the weights of the features included in the combined nomogram, and the feature weight of the Radscore was significantly higher than that of serosa cords and fat. We further visualized the results of the multivariate analysis of the identification of stage T3 and T4a EGJ adenocarcinoma using a combined nomogram model, as shown in Figure 7. The variables in the combined nomogram model included the Radscore, a few short cords on the serous surface and a clear fat space around the tumor. The risk indicated in the nomogram represents the probability of a T4a tumor.




Figure 5 | Box plots of Radscore distributions in the training set (A) and the test set (B) using the radiomic model.






Figure 6 | Weights of the Radscore, Serosa Cords, and Fat Clear. Serosa Cords: a few short cords on the serous surface; Fat Clear: the fat space around the tumor was clear.






Figure 7 | Combined nomogram to identify T3 and T4a EGJ adenocarcinoma. For instance, for a patient with Fat Clear, Serosa Cords, and Radscore of −2, the total points were 0 + 0 + 30 = 30. The score of 30 is decreasing compared with the risk of 0.4, indicating that the T stage of this patient is more likely to be T3. Serosa Cords: a few short cords on the serous surface; Fat Clear: the fat space around the tumor was clear.





ROC Curve Analysis and DCA

A ROC curve analysis was conducted to evaluate the sensitivity and specificity of the combined nomogram model {AUC: 0.845 [95% confidence interval (CI), 0.772–0.918] and 0.812 [95% CI, 0.669–0.954]; sensitivity: 0.835 and 0.936; specificity: 0.839 and 0.692}, the radiomic model [AUC: 0.839 (95% CI, 0.767–0.911) and 0.812 (95% CI, 0.670–0.953); sensitivity: 0.817 and 0.915; specificity: 0.839 and 0.538], and the traditional feature model [AUC: 0.645 (95% CI, 0.550–0.741) and 0.613 (95% CI, 0.467–0.759); sensitivity: 0.862 and 0.851; specificity: 0.419 and 0.385] in the training and test sets and to substantiate the value of radiomics in the differential diagnosis of stage T3 and T4a EGJ adenocarcinoma. The combined nomogram model exhibited the highest accuracy, as shown in Table 3. Supplemental Figure 1 shows the ROC curves for the four models. The data were more balanced with the SMOTE algorithm, and the efficiency of the SMOTE radiomic model was better than the original model.


Table 3 | Performance of the four models.



Decision curves for the three models are presented in Figure 8. The DCA showed that when the threshold was greater than 0.7 in the training set, the net benefit of clinical decision-making provided by the combined nomogram model was higher than the other models. The combined nomogram model also produced the largest AUC and best clinical practicability. All the results were verified in the test set.




Figure 8 | Decision curves for the three models in the training set (A) and the test set (B). The x-axis of the decision curve is the threshold of the predicted probability obtained using the three models (traditional model, SMOTE radiomic model, combined nomogram) to identify T3 and T4a EGJ adenocarcinoma, and the y-axis reflects the clinical decision of a net benefit for patients based on the classification result at this threshold. The decision curves for the “all discrimination” scheme and the “no discrimination” scheme were used as references in the DCA. The area under the decision curve shows the clinical practicability of the three models.






Discussion

In this study, we extracted and validated the feasibility of a preoperative non-invasive differential diagnosis of T3 and T4a EGJ adenocarcinoma based on the Radscore obtained from the radiomic model. The Radscore had good predictive performance. Its capacity to distinguish T3 and T4a EGJ adenocarcinoma was significantly better than the other traditional features. The Radscore is often used to evaluate the prognosis of tumors in a texture analysis but has rarely been used for differential diagnosis in previous studies (25).

Tumors are heterogeneous at the tissue and cellular levels, as well as genetic and phenotypic levels, and are spatially heterogeneous in terms of cell density, angiogenesis and necrosis. This type of tumor heterogeneity may be related to the biologically invasive behavior (26, 27). Texture analysis provides an objective and quantitative assessment of tumor heterogeneity by analyzing the distribution and interrelationship of pixel or voxel gray levels in the image (28, 29). This method was applied to tumor samples, but the selected samples should represent tumor heterogeneity as much as possible. Based on the spatial heterogeneity of tumor growth and the evaluation of the degree of invasion, a whole-tumor analysis was used in this study. However, a recent study showed that models constructed with 2D radiomic features displayed comparable performances with models constructed with 3D features in characterizing GC (30).

In the current study, we extracted 11 radiomic features to identify T3 and T4a EGJ adenocarcinoma. First-order features describe the distribution of voxel intensities within the ROI. The median refers to the intermediate gray-level intensity within the ROI. Uniformity is a measure of the sum of the squares of each intensity value, which is a measure of the homogeneity of the image array. Greater uniformity implies greater homogeneity in the tumor. In our study, uniformity was positively correlated with the differentiation of EGJ adenocarcinoma into stages T3 and T4a. The LGLZE measures the distribution of lower gray-level size zones, with a higher value indicating a greater proportion of lower gray-level values and size zones in the image. A lower LGLZE value may indicate liquefaction and necrosis in the tumors, while a higher SZNN value may indicate less homogeneity among zone size volumes in the VOI. The LGLZE and SZNN values were negatively correlated, and these two features had the largest weight among the 11 features. The Radscore effectively distinguished between T3 and T4a EGJ adenocarcinoma. The diagnostic efficiency of the combined nomogram generated from the Radscore and traditional features was significantly better than the traditional model in both the training and test sets.

One of the highlights of the 8th edition of the AJCC/UICC staging guidelines was the first mention of the importance of MPR in the clinical T staging of GC (5). A study conducted by Chen et al. showed that the accuracy of T staging can be improved by 10 to 20% by combining axial, coronal, and sagittal images (31). In addition, tumor staging at the EGJ includes observing the infiltration of adjacent organs and the bare area of the stomach. EGJ cancer often grows along with the cardiac wall; therefore, multiplane observation is beneficial for comprehensively observing the depth of tumor invasion into the gastric wall and objectively evaluating GC invasion in the surrounding organs. In the present study, the evaluation of traditional signs was reconstructed by 1.00 mm in MPR. Currently, an authoritative guide to recommend the thickness of reconstruction is unavailable. The choice of a 1.00 mm layer thickness was based on the reconstruction habits of our department.

The AJCC proposed preoperative clinical TNM staging to guide attending physicians in making preliminary treatment decisions, but a lack of consistency in the initial clinical evaluation has been documented, including non-standardized radiological reports (5). Kim et al. reported that the accuracy of CT in distinguishing T3 and T4 GC was only 60%, similar to the diagnostic accuracy of the traditional model in the present study (ACC: training set, 0.764; test set, 0.750) (18). In a multicenter prospective study, the preoperative clinical stage and postoperative pathological diagnosis of 4,534 cases of GC were compared. The coincidence rate of T3 and T4 GC was 36.1 and 57.6%, respectively (32). Another study showed coincidence rates of T3 and T4 of 38.2 and 55.9%, respectively (33). In our study, T3 and T4a stages were diagnosed according to the 8th edition of the AJCC/UICC staging guidelines, and the consistency of T3 was 9.5%. The consistency of T4a was 66.0%, excessive staging was 12.0%, and staging was less than 12.5%. In this study, only T3 or T4a was interpreted, which may be the reason for the high consistency of T4a.

Liu et al. explored the correlation between CT texture parameters and TNM staging of GC (34). When early GC was compared to advanced GC, the maximum frequency of the arterial phase and venous phase showed good deviation (AUC: 0.810, 0.752, 0.822, all p < 0.05), and the enhanced information obtained in the venous phase was more closely related to the invasiveness of GC. A recent study showed the powerful diagnostic ability of a nomogram for the evaluation of serosa invasion in advanced GC in the training, internal and external validation sets, with AUCs of 0.90 (95% CI, 0.86–0.94), 0.87 (95% CI, 0.82–0.92), and 0.90 (95% CI, 0.85–0.96), respectively (35). Another study of primary EGJ adenocarcinoma showed that the shape compactness based on a radiomic texture analysis and pathological grade differentiation has great potential for pretreatment risk classification to guide surgical resection in patients with locally advanced diseases (36). In our study, the nomogram had its highest diagnostic ability in the training set and test set, with AUCs of 0.845 (95% CI, 0.772–0.918) and 0.812 (95% CI, 0.669–0.954), respectively. To date, few radiomic studies of GC and EGJ adenocarcinoma have been conducted. Therefore, we hope our research will provide some assistance to researchers in related fields.

In our study, good variable control was performed for all the patients in the group. The VOI was manually segmented based on tumor heterogeneity and repeatability. Segmentation was first performed by a radiologist and then confirmed by a senior radiologist, and the consistency of the results was evaluated before and after segmentation. After SMOTE amplification, we obtained the Radscore from the radiomic model, which performed well in the identification of T3 and T4a EGJ adenocarcinoma. We generated a combined nomogram model that integrated the Radscore and traditional CT features to provide a clinical method for the personalized differentiation of T3 and T4a EGJ adenocarcinoma. The performance of the nomogram was further verified in the test set.

Our study has several limitations. (1) The total number of patients was insufficient, and the number of T3 cases was relatively small. Although the data were amplified by statistical processing to avoid data offset in feature extraction, more samples are still required to further verify the findings. (2) For EGJ cancer, we were unable to completely follow the classifications recommended by the AJCC/UICC because of the difficulties in establishing the EGJ line and the tumor center. In addition, a unified standard for the clinical TNM staging of EGJ cancer has not been established according to the guidelines and determining the tumor center, EGJ line, and distance of EGJ at 2 cm on CT images. (3) This study only included venous-phase images and did not perform the same histological analysis of arterial-phase, delayed-phase, or unenhanced images. The Siemens dual-source CT automatic trigger mode was used to verify the tissue-level drug concentration. The use of contrast agents substantially improves recognition of the tumor edge (24). Digestive tract tumors display the best contrast in the venous phase. Liu et al. showed that the enhanced information obtained in the venous phase was more closely related to the invasiveness of GC (34). Therefore, the accurate depiction of the tumor in other phase images may be difficult, which in turn may affect the ROI delineation and ultimately affect the calculation of radiomic features (4). EGJ adenocarcinoma can be evaluated using ultrasound gastroscopy, contrast-enhanced CT, MRI, and PET/CT. This study only examined CT images, and other imaging methods should be added to establish the corresponding models of various imaging methods in future studies. This study collected data from only one center and failed to compare data from multiple centers. Thus, the generalization of the results should be investigated.

In conclusion, we identified and validated the Radscore as a powerful tool for differentiating T3 and T4a EGJ adenocarcinoma. We also proposed and verified a combined nomogram model integrating the Radscore and traditional CT features that can be easily used to accurately identify T3 and T4a tumors. Our results may facilitate the decision-making process for the treatment of T3 and T4a EGJ adenocarcinoma.
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We developed a novel technology capable of detecting early-stage pancreatic cancers using high-resolution three-dimensional endoscopic optical coherence tomography (Endo-OCT), and treating them using high dose rate brachytherapy (HDR) under the Endo-OCT image guidance. This technology integrates our custom-built ultra-high resolution endoscopic three-dimensional OCT diagnostic imaging device with a commercial high dose rate brachytherapy system (HDR), resulting in a compact, portable, easy-to-operate, and low-cost Endo-OCT image-guided high dose rate brachytherapy (OCT-IGHDR) system. The system has the dual functions of diagnosis and treatment that can precisely detect and measure the location and size of the early-stage pancreatic cancer or premalignant lesions and then treat them from the inside of the pancreatic duct with an accurate and focused dose while greatly reducing the radiation toxicity to the neighboring tissues and organs. This minimally-invasive treatment technology could avoid the potential complications from surgery and reduces the high operation cost. This technology could also be applied to treat diseases of the esophagus, rectum, bronchus, and other aerodigestive organs that are suitable for use with an endoscopic device. In this article, we describe the concept of this technology and the preliminary experiments that could demonstrate the concept by using this homemade Endo-OCT machine to image the pancreatic duct for diagnosis of early-stage pancreatic cancer or premalignant lesions and to perform Endo-OCT image-guided brachytherapy. 
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Introduction


Reason for Early Detection of Pancreatic Cancer

More than 57,600 estimated new pancreatic cancer cases were diagnosed in the United States in 2020, and the estimated deaths are more than 47,050 (1). The 5-year overall survival rate for pancreatic cancer is 9% and on average the survival time is less than 12 months after diagnosis (2). The 5-year survival rate strongly links to the disease stages at diagnosis thus making it important to develop methods to aid in earlier diagnosis (Figures 1A, B) (1). The poor survival rate is mainly due to the late diagnosis of the cancer which advances very aggressively leaving few options for treatment. Early detection and treatment of the disease is the key to prolonging patients’ lives but in current clinical practice there are still no satisfactory techniques available for early detection.




Figure 1 | (A) Pancreatic cancer survival rate strongly depends on the stage of disease. (B) Percentage of patients diagnosed versus the stage when diagnosed.





Why We Need Endoscopic OCT Imaging

Major research efforts in early detection of pancreatic cancer have come from different avenues, from new biomarker identification to imaging modalities. For example, a screening method to detect early-stage pancreatic cancer was recently developed by Melo et al. (3) and L.D. Mellby et al. (4). No biomarker has been found to reliably diagnose pancreatic cancer and only Ca 19-9 is used clinically. Biomarkers also lack the ability to localize the cancer without the assistance of imaging. Most of the imaging modalities such as MRI, CT, PET-CT, or ultrasound have difficulty detecting small, early-stage or premalignant lesions. A recently developed imaging technique, Optical Coherence Tomography (OCT), has spatial resolution on the level of micrometers (µm) and thus may play a role in the early detection of pancreatic cancer compared to traditional cross-sectional imaging.

OCT is an imaging modality that was first developed by D. Huang et al. in the early 1990s (5, 6). It obtains images of the object of interest by reconstructing profiles of the optical coherence between the lights from the reference arm and the lights from the sample arm that are originally split from the same light source (usually a near-infrared light source). Lights from the sample arm irradiate the object to be imaged and then are refracted and scattered. A spectrometer collects the coherence signals, the interferences between the lights from the reference arm and the lights from the sample arm, and sends the coherence signals to the computer to analyze and reconstruct the images. The spatial resolution of OCT image is at the µm level. The current applications of OCT are mostly focused on the imaging of biological tissues, especially of the human eyes (7, 8), skin (9), and cardiovascular tissue (10, 11) while the clinical practice of using OCT for cancer detection is still uncommon, especially for pancreatic cancer.

Considering that about 90% of pancreatic cancers initially arise from the epithelial lining of pancreatic ducts (12, 13) (Figure 2), we believe that the endoscopic imaging approach may be an improved method for early detection of pancreatic cancers (14, 15). Endoscopic imaging has been widely used in the field of medicine. Traditional endoscopy uses endoscopic cameras to photograph disease areas by placing the endoscopic camera inside the aerodigestive organs such as esophagus, trachea and bronchi, intestines, rectum, and stomach. However, the images obtained by traditional endoscopy can only see the surface of these organs and lack the ability to detect abnormalities that may occur under the mucosa and not readily visible to the eye. Endoscopic ultrasound (EUS) combines the technology of endoscopy and ultrasound to obtain images of the digestive tract and has been applied in clinical practice for imaging pancreatic cancer. However, the spatial resolution of EUS is much less than that of OCT (millimeter vs. µm), thus an endoscopic OCT will be complementary and possibly superior in detecting early-stage cancers or premalignant lesions. Based on this idea we need to build an endoscopic type and catheter-based OCT (Endo-OCT) for early diagnosis of pancreatic cancer.




Figure 2 | Cartoon of ductal pancreatic cancer.





Reason for Endo-OCT Guided Brachytherapy

Early diagnosis of pancreatic cancer will be followed by its treatment. Currently the only curative treatment for pancreatic cancer is surgery. Although surgery for pancreatic cancer has become much safer over the last several decades it still carries significant morbidity and mortality. With an imaging modality that has the ability to detect earlier disease local treatments that preserve the pancreas could be very useful. Radiation therapy may be one such good option for local treatment.

Radiation therapy has been successful in treating many types of cancers but its utility in pancreatic cancer has been debated (16–19). Many clinical trials of radiation therapy on pancreatic cancer are based on image-guided external beam radiation therapy (EBRT): 3D conformal radiation therapy, Stereotactic Body Radiation Therapy (SBRT), and Intensity Modulate Radiation Therapy (IMRT) (20–23). The results of these previous trials are mixed, with some showing increased survival but also with severe toxicity related to the radiation. The main problem with EBRT is that radiation beams have to pass through healthy critical organs surrounding the pancreas before they can reach and deposit radiation on the tumors inside the pancreas. Pancreatic cancer is also more radiation -resistant compared with other types of tumors, requiring higher radiation doses to kill the tumor cells. Strong evidence has indicated that a focused high radiation dose to the disease site can greatly improve the treatment efficacy (24). Higher dose to the tumor will result in higher toxicity to the surrounding healthy critical organs. In addition, precisely targeting small pancreatic cancers with EBRT has remained difficult due to organ motion and the poor resolution of the conventional image modalities (CT, ultrasound, and MRI). Endo-OCT may help solve some of the current clinical problems in treating patients with pancreatic cancer at the early stages without going through surgery to remove or partially remove the pancreas. The endoscopic setup allows for possible delivery of a radioactive source to the location of the tumor to perform a localized brachytherapy with a highly focused radiation dose to the tumor through the catheter after imaging for diagnosis while minimizing the dose, and hence toxicity, to the surrounding normal tissues/organs.

Here as a proof of concept, we report the Endo-OCT technology that we have been developing not only for the early diagnosis of early-stage pancreatic cancers or premalignant lesions such as Intraductal Papillary Mucinous Neoplasms of the pancreas (IPMNs) (25), but also for the treatment of them with the Endo-OCT image-guided HDR brachytherapy (Endo-OCT IGHDR). We will first describe our custom-built 3-D endoscopic OCT imaging device dedicated to diagnostic applications, then the proposed technology to integrate the Endo-OCT imaging device to perform Endo-OCT IGHDR (26). We will also present the preliminary experiments and results to demonstrate the feasibility of this technology.




Methods and Materials

Using our proposed technology and the funding supported by Pelotonia Idea Grant Award (15), we built an ultra-high-resolution three-dimensional endoscopic OCT imaging device to possess the dual functions of 1) detection of early-stage pancreatic cancer or premalignant lesions and 2) OCT-guided HDR brachytherapy for such lesions.


The Physics of Optical Coherence Tomography

The physics principles of OCT are straightforward. When two coherence optical waves meet and overlay, at a point of interest where the detector measures if the optical path difference between these two waves is close to zero or integer numbers of the wave length, there will be interference fringes on the amplitude of the composed wave. Figure 3A shows incoming sources of optical wave interfering with the refractive optical wave and the phase difference between them inducing the coherence of these two waves. Figure 3B shows the incoming laser light penetrating into tissues and being refracted to reach the detector. The phase difference between the incoming and refracted lights will determine the amplitude of the coherence between them. Figure 3C depicts how the OCT system creates a coherence interference from the incoming light and the refractive light: the Superluminescent Diode (SLED) emits a low coherence light, and the light is split into the reference arm and the sample arm. The light in the reference arm is directly reflected by a mirror (M2) while the light in the sample arm goes into and is refracted by the tissue to be imaged before reflected by another mirror (M1). The tissue’s refractive index and the depth of the light going through determine the optical path length in the sample arm and hence the path difference between the sample arm and the reference arm, which compose a spectrum of optical interference that is associated with the density and structure of the tissue (Figure 3D). The interference signals are collected by the OCT detector. By reconstructing the spectrum of the optical interference using Fast Fourier Transform (FFT) technology (27), we obtain the images of the tissue.




Figure 3 | The physics principle of Optical Coherence Tomography (OCT). Top left (A) The optical path difference and the phase difference between the incoming and the refracted lights. Top right (B) The incoming laser light interacting with tissues and being refracted and collected by a detector. Bottom left (C) the optical coherence interference generated in the OCT system. Bottom right (D) the OCT signal being formed and detected.





Endoscopic OCT Imaging System

The 3-dimensional (3D) ultra-high-resolution non-invasive Endo-OCT imaging device includes five components as shown in Figure 4: (1) the OCT probe that includes the OCT detector (diameter: 0.8 mm, length: 1.2 mm) attached to an optical fiber that transfers the illuminating light and signal between the source and the receiving optical spectrometer, Figure 4A; (2) broad bandwidth NIR light source, Figure 4C; (3) the soft and transparent OCT catheter tube (inner diameter: 1 mm; outer diameter: 2 mm) that allows the OCT probe to move through to the disease site for imaging, Figure 4A; (4) the optical spectrometer that acquires optical information with optimum imaging depth, Figure 4B; (5) the console computer that processes the signals, reconstructs raw data into images, displays real-time or offline OCT images, and controls the operation of the imaging system, Figures 4C, D.




Figure 4 | Our custom-built 3D ultra-high resolution OCT system. Top left (A): OCT probe (detector, optical fiber, and catheter). Top right (B): OCT spectrometer hardware system. Bottom left (C): OCT light source and raw data process system. Bottom right (D): OCT image display system.



The OCT probe (Figure 4A) is composed of an OCT detector/camera that attaches to the tip of an optical fiber which moves inside a soft and flexible transparent catheter to the region of interest to image. When the Endo-OCT system is in operation, first the catheter is inserted into the patient’s pancreatic duct. Then the OCT detector/camera attached to the optical fiber slides inside the catheter. The other end of the optical fiber connects to the optical system. When imaging, the OCT detector is pulled back by set intervals. At each interval the detector rotates 360° to take a full image in the radial direction, a slice corresponding to that step which is essentially the longitudinal position in the duct. The pullback and rotation of the detector are operated through a programmed motor controlled by the computer of the Endo-OCT system. Images of all the slices together will compose the 3D image of the pancreatic duct. Figure 4B shows the spectrometer composed of mirrors and prisms. The interference of optical signals collected by the detector is processed through the spectrometer (Figure 4B) and then is reconstructed into images using the computer shown in Figure 4C. The figure on the bottom right (Figure 4D) shows the two computer monitors that display synchronously the live OCT images while the OCT detector moves through the pancreatic duct to image. The monitors can also display offline images saved from previous scans.

When imaging, the 0.8 mm diameter OCT detector attached to the flexible optical fiber is inserted through the side port of an endoscope and into the human pancreatic duct to acquire high-resolution tomographic cross-sectional 3D images of biological tissue microstructure in vivo and in real-time. The time to acquire the full duct’s images is only a few minutes depending on the intervals and the speed of the pullback. The imaging rate is 91,911 lines per second as determined by the line scan camera, 1024-LDH2 92KHz InGaAs, equipped in the system.

To make sure the system worked properly, we first used it to image a quality assurance (QA) phantom—a simple small device that we fabricated for testing the imaging ability and functionality of the Endo-OCT system. After the phantom test passed and we confirmed the Endo-OCT imaging system worked on the phantom, we used the imaging system to perform some clinical studies on evaluating the pancreatic duct in resected pancreas specimens.



Endo-OCT Guided Brachytherapy of Pancreatic Cancer

After early pancreatic cancer is detected and located, the next step is to treat it. Brachytherapy, also known as internal radiotherapy, treats a patient by placing a radiation source inside or next to the tumor. This allows delivery of much higher focused doses to the pancreatic cancer while keeping the organs at risk (OARs) at significantly low toxicity. We had performed a simulation of treatments with HDR brachytherapy and EBRT and compared the toxicity to OARs from HDR and EBRT. The results of the simulation study showed the superiority of brachytherapy over EBRT in terms of the toxicity to OARs while delivering the same dose to tumors (Figure 5). There was a study using low dose rate brachytherapy (LDR) to treat advanced- and late- stage pancreatic cancers, where low dose rate radioactive sources were implanted inside the pancreatic duct and tumors (28). However, LDR is a complicated and time-consuming invasive procedure. Its treatment time is long, varying from several days for most cancers to up to months for treatments like permanent seed-implants for prostate cancer. Unlike LDR, HDR allows the radioactive source to move easily into and out of the treatment site which is controlled by a computer. Because of this, HDR has become popular in radiation therapy due to its easy delivery and the short treatment time.




Figure 5 | Comparison of dose volume histograms for the organs at risk for EBRT (triangles) and HDR (squares): sky-blue for kidney, red for liver, purple for stomach, and yellow for bowel.



In HDR brachytherapy, the source delivery through a transparent catheter tube to the treatment site to treat a tumor is very similar to the Endo-OCT imaging system sending the OCT camera through a transparent catheter tube to the disease site to image the region of interest. Because of this feature we adapted an existing commercially available HDR system (GammaMedplus iX, Varian Medical Systems, Inc. Palo Alto, California) to deliver the high-rate radioactive source to treat lesions, and integrated it into the Endo-OCT imaging system to create the Endo-OCT image-guided high dose rate brachytherapy system (26). The HDR was easily coupled to our Endo-OCT imaging system without needing any modifications to the HDR system itself. The commercial catheter used as a source tube in the HDR system is the same in diameter as the one we used in the Endo-OCT system to send the OCT detector in for imaging. This means that either the OCT detector or radioactive source can move inside the source catheter of HDR. However, the commercial HDR source catheter is produced and provided by the manufacturer of the HDR machine, which is specifically used in clinic for HDR brachytherapy. Its connector only works for the HDR machine and can only be plugged into the source channels of the HDR machine to deliver the radioactive source for treatments. It cannot be directly plugged into the Endo-OCT machine or connected to the OCT imaging catheter. We built an OCT-Brachy connector (OBC) to use it as a switch to connect the catheter inside the pancreatic duct to the Endo-OCT system for imaging and to connect the catheter to the HDR system for HDR brachytherapy. The catheter inserted inside the patient’s pancreatic duct to hold the OCT probe for imaging is the same pathway used to deliver the radiation source to the target area. The OCT-Brachy connector allows the system to transition from diagnosis mode to treatment mode easily and promptly.

Figure 6 depicts a cartoon of the anatomical structure of a pancreas and how a catheter is placed inside the pancreatic duct that allows the Endo-OCT detector to go through for imaging as well as the HDR source to be delivered for Endo-OCT IGHDR. In Figure 6, beside the cartoon are the photos of the OCT camera attached to the optical fiber, the catheter, and the camera inserted inside the catheter. Figure 7 shows the schematic work flow chart of the Endo-OCT IGHDR system, and Figures 8A, B displays how to switch between the imaging mode and the treatment mode when the Endo-OCT IGHDR system is in operation. Photos in Figure 8C show the source catheter tube, the OCT detector/camera attached to the optical fiber wire, the OCT catheter tube, and the OBC connector that we built and used for the Endo-OCT IGHDR system.




Figure 6 | The scheme of OCT-guided HDR brachytherapy (OCT-IGHDR) and the photos of the OCT probe and the catheter.






Figure 7 | The flow chart for OCT-guided HDR brachytherapy system (OCT-IGHDR).






Figure 8 | The OCT imaging catheter tube, OCT-Brachy Connector (OBC), source catheter tube, and the display of the switch between the imaging mode and the treatment mode. Top row (A)  for Imaging Mode, middle row  (B)  for Treatment Mode, and bottom row  (C)  for HDR catheter, OCT detector, OCT catheter.



As shown in Figure 7, imaging the pancreatic duct to detect the cancer is first, and then treating the cancer after it is diagnosed and located. Before acquiring OCT images, the source catheter tube is first inserted inside the patient’s pancreatic duct. Then the OBC connector connects the source catheter tube to the OCT catheter tube that attaches the Endo-OCT imaging system (Figure 8A). To acquire images, the Endo-OCT detector moves from the OCT system through the endoscopic OCT catheter tube, passes the OBC, goes into the source catheter tube and reaches the region of interest (ROI) to start imaging. While imaging the ROI, the detector is being pulled back at a preset interval and the detector scans 360 degrees to collect raw imaging data. The image system is calibrated so that the Endo-OCT images have correct coordinates and scale for the ROI being scanned. The reconstructed images are then converted into DICOM format and sent to diagnosis unit for confirmation with a pathologic result and to the HDR treatment planning system for treatment planning if physicians decide to treat the lesion.

To treat the early-stage lesions, the Endo-OCT imaging system is first disconnected from the OBC connector while the source catheter tube is left inside the patient’s pancreatic duct. The process is demonstrated in the cartoon of Figure 8. Then the source catheter is connected to the HDR system through the OBC connector to deliver the radiation source to the target area (Figure 8B). Before delivering an Endo-OCT IGHDR treatment, we need to perform a treatment simulation, referred to as treatment planning, in the treatment plan computer by using the acquired diagnostic OCT images of the lesion. The treatment plan determines how much dose the lesion needs to receive, where the source is delivered to and how long the source will stay in position. Figure 9 shows an example of treatment planning based on a set of Endo-OCT images using Varian’s BrachyVision software. According to the treatment plan, the computer-controlled HDR treatment unit knows exactly where to deliver the radiation source and how long it will stay there to treat the lesion according to the prescribed dose. With the Endo-OCT IGHDR system we are able to deliver an Endo-OCT guided radiation therapy for early-stage pancreatic cancer, just like what we do for other HDR treatments nowadays in clinic.




Figure 9 | The display of an example of the OCT-guided HDR brachytherapy (OCT-IGHDR) treatment plan and the dose distribution.






Results


Imaging on the QA Phantom to Test the Endoscopic OCT System

We made a small, simple phantom that can be used to perform the QA for the Endo-OCT imaging system. This phantom is a wrap of 24 layers of Scotch Magic tape to mimic a pancreatic duct or any tubular organs (Figure 10). The axial view of the OCT image of this phantom acquired using the Endo-OCT imaging system is shown in Figure 11. The thin layers of Scotch Magic tape are clearly seen in the image.




Figure 10 | The Endo-OCT test phantom—Scotch Magic Tape phantom.






Figure 11 | The OCT image of the Endo-OCT test phantom—Scotch Magic Tape phantom.





Imaging on Patients’ Resected Pancreas Using Endo-OCT System

To safely evaluate the ability of the Endo-OCT system to image the pancreas a pre-clinical trial was performed using resected pancreas specimens after they were removed from the patient at surgery. IRB approval was obtained at the Ohio State University. To operate the machine and use it to image a pancreas duct, we first inserted a transparent catheter tube into the pancreas duct. Then the OCT detector moved through inside the catheter to the region of interest and imaged the area. Photos in Figure 12 demonstrate the process of this experiment. The Endo-OCT device was manipulated to image the pancreatic duct and to detect abnormalities in the ducts in patients undergoing surgery. The catheter’s inside diameter is 1 mm, outside diameter 2 mm, which allows the computer-controlled 0.8 mm diameter OCT detector to move through inside the catheter to take images of the pancreatic duct. The imaging results of background (no signal, Figure 13A), normal region (white uniform area indicates a normal duct wall, Figure 13B), and cancerous region (white protuberant area indicates an abnormal structure inside the duct wall, Figure 13C) of the pancreatic duct is shown in Figure 13. The diagnostic result from the imaging was later confirmed by the pathologic and biopsy examinations. Figure 14 shows another patient’s clinical trial result, where there are three abnormal structures appearing at three different locations underneath the surface of the pancreatic duct. For this case, the duct wall had been invaded by tumor cells.




Figure 12 | OCT imaging on a human patient’s resected pancreas (specimen).






Figure 13 | OCT images for the human patient’s resected pancreas (specimen): background (A), normal duct region (B), cancerous region (C).






Figure 14 | Endo-OCT images show three abnormal structures appearing at three locations underneath the surface of a patient’s pancreatic duct.





Progress on Endo-OCT Guided Brachytherapy of Pancreatic Cancer 

Based on the concept and design of our Endo-OCT guided radiation therapy (15, 26), we have successfully built major parts such as the OBC connector to connect the endoscopic OCT imaging catheter for imaging and the source catheter for HDR treatment (Figure 8). We tested and verified this work flow in dry runs using a phantom by following the work flow showed in Figures 7 and 8, starting from imaging to the completion of HDR brachytherapy. It worked successfully and smoothly.




Discussion

In this paper, we present a promising catheter-based application of endoscopic OCT to aid the early detection and treatment of pancreatic cancer or premalignant lesions. This application of using OCT on pancreatic cancer is significant as pancreatic cancer is one of the most lethal cancers that would benefit from early diagnosis and treatment. Conventional cross-sectional imaging has not been successful in the detection of early-stage cancer, thus the use of OCT could be an important addition. Given that most pancreatic cancers arise in the luminal epithelium of the pancreatic duct, a machine that could identify abnormalities in the duct down to the µm level would aid the early diagnosis and then possibly treatment of such cancers via focused radiation would be beneficial to the patients.

From the diagnostic side, we have successfully built the Endo-OCT imaging machine and used it on the first clinical trial on resected human pancreas and confirmed its ability to detect abnormalities in the pancreatic duct. Traditional endoscopy visualizes the surface of organs or the lumen of the duct at best, even with newer methods such as SpyGlass (29) or CellVizio (30). The Endo-OCT device is able to penetrate and image up to 3 mm deep into tissues depending on the density, and give a 3D image of the object with a resolution of ~7 µm. This resolution is hundredfold better than other standard imaging modalities in clinic. Using this µm-level spatial resolution imaging device we can detect precancerous lesions or early-stage cancers developing along the pancreatic duct as small as the µm-level in size. By studying the morphology of the observed lesions and analyzing brushings and biopsies collected with this tool, early diagnosis of pancreatic cancer becomes feasible. A clinical trial using this homemade Endo-OCT to image surgically resected pancreas with high risk pancreatic cancer (31) is ongoing.

We have also proposed and tested the idea of integrating the Endo-OCT imaging system with the commercial HDR system to compose an Endo-OCT image-guided radiation therapy system, Endo-OCT IGHDR, to treat early-stage cancers from within the pancreatic duct. This preliminary research confirms the possible utility of this novel imaging device. The feature of this technology is that the catheter tube used for Endo-OCT imaging stays temporarily inside the patient’s body and plays a role as the common pathway to deliver a localized treatment such as brachytherapy that focuses on the discovered lesion. When the Endo-OCT system is used for diagnostic imaging, the connector OBC is used as a bridge to connect the OCT imaging catheter to the source catheter tube that has already been inserted into the pancreatic duct. The OCT detector moves starting from the OCT catheter and passes through the bridge connector to the source catheter then arrives at the possible disease site to take the OCT images. As soon as the cancer is found, located, and decided to be treated with radiation therapy, the Endo-OCT detector will be pulled out from the source catheter. Then the Endo-OCT catheter is disconnected from the source catheter which will still stay at the original position for use in treatments. After the treatment plan is completed by using the acquired Endo-OCT images, the source catheter is connected to the HDR unit to perform the treatment. Switching from the diagnosis mode to the treatment mode is easy and convenient. The imaging system and the HDR system are portable and easy moved around. Endo-OCT IGHDR has another advantage in that organ motion will not affect the accuracy of dose delivery similar to EBRT. This is because the radioactive source along with the catheter inside the pancreas would move together with the organ if there is any motion caused by the patient’s breathing or movement.

Further research confirming the ability to accurately detect abnormalities or cancer in the pancreatic duct are needed as well as the ability to safely deliver radiation. Many possible risk factors need to be considered in using the modality, especially the safety of placing the catheter in the pancreatic duct, risks of bleeding, pancreatic duct stricture and pancreatitis (32). To evaluate the safety of the Endo-OCT the next step of our project is to apply this technology to live animals. If this imaging technology is proven effective, it could also be used in diseases of other organs including the lungs, esophagus, and GI tract.

This endoscopic OCT imaging and therapy dual-function system that we proposed and designed accommodates the need to deliver drugs aside from radioactive sources locally to the disease site, albeit it requires further research and financial investment. We have to emphasize that the radioactive sources used in Endo-OCT IGHDR may also be various types of isotopes—this will be determined in our future studies. Our ultimate goal is to apply this patented technology (33) in clinical practice.
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Objective

To explore the computed tomography (CT) features of gastric cancer (GC) patients with DNA mismatch repair deficiency (dMMR).



Materials and Methods

This study reviewed the clinical and CT features of GC patients with dMMR, confirmed by the postoperative results, between September 2017 and December 2019. The expression pattern of MMR major proteins (MLH1, MSH2, MSH6, and PMS2) in immunohistochemistry was used to confirm the MMR status in GC tissues. The correlation between pre-treatment CT features and MMR status was statistically analyzed.



Results

A total of 28 patients with GC were diagnosed as dMMR in our study, and 49 patients were MMR-proficient (pMMR). The tumor locations were significantly different between the dMMR and pMMR groups (p = 0.006). The CT tumor thickness, CT long and short diameters of the largest lymph node, and the number of lymph nodes on CT of the dMMR group were significantly different from the pMMR group.



Conclusion

The dMMR GC exhibited a lower stomach location, smaller tumor thickness and lymph node diameter, and fewer lymph nodes on CT imaging.





Keywords: gastric cancer, computed tomography, mismatch repair deficiency, microsatellite instability, prognosis



Introduction

Gastric cancer (GC) or adenocarcinoma is one of the most common cancers and a common cause of cancer-related deaths worldwide (1, 2). GC is an aggressive disease, and many GC patients have locally advanced disease at presentation in China (3). The Cancer Genome Atlas has identified microsatellite instability (MSI) with or without DNA mismatch repair deficiency (dMMR) as a hallmark of the second molecular subtype of GC. Immunotherapy in solid malignant tumors, including GC, has been rapidly evolving. Immune checkpoint inhibitors, including anti-programmed death-1 (PD-1) and anti–cytotoxic T-lymphocyte-associated protein-4 (CTLA-4) antibodies, were effective for MSI-high or dMMR solid tumors in many trials (4). However, the dMMR status often requires postoperative pathological immunohistochemical results or polymerase chain reaction testing.

Multi-detector computed tomography (CT) is currently the routine modality of choice for preoperative examination of GC (5–10). CT can provide morphological information about primary tumors, lymph nodes, and suspected distant metastases. A previous report found that dMMR GC features included intestinal-type histology, antral location, and good prognosis with a low rate of recurrence (11). However, whether GC with dMMR has characteristic imaging findings on CT is unknown. In our study, we explored GC patients’ CT features with dMMR for early and advanced GC.



Materials and Methods


Patients

This retrospective study was approved by the review board of our institution. The requirement for informed consent was waived. We collected the clinicopathological data of patients with pathologically confirmed GC who underwent radical gastrectomy between September 2017 and December 2019 in our hospital. Some patients underwent two to three cycles of neoadjuvant chemotherapy. All patients underwent baseline contrast-enhanced CT examination of the abdomen. Patients were excluded if they met any of the following criteria: (a) They were detected with distant metastasis in the preoperative examination or during the operation. (b) Patients with poor quality CT images or those who did not undergo preoperative CT due to poor physical condition or other reasons.

Finally, 87 patients (65 males, 22 females, mean age, 58 years; range, 39–85 years) were included in our study, of which 39 patients received radical gastrectomy directly, and 48 patients underwent radical gastrectomy after neoadjuvant chemotherapy (NAC). A flowchart of the study design is presented in Figure 1.




Figure 1 | Flowchart of the study design.





CT Protocol

A CT scanner with 128 rows of detectors was used (Philips Brilliance iCT 256, Royal Dutch Philips Electronics Ltd, Amsterdam, Netherlands). After at least 8 hours of fasting, the patients were given 1,000 ml water for achieving gastric distension. First, the non-contrast CT scan from the diaphragm’s dome to 2 cm below the lower margin of the air-distended gastric body was acquired (collimation: 0.625 mm, peak tube voltage: 120 kVp, tube current-time product: automatic). Next, 100 ml of non-ionic contrast medium (Ultravist, 370 mg/ml; Bayer, Germany) was intravenously administered at 3 ml/s using an automatic injector. Contrast-enhanced CT scans were performed in the arterial phase (30 s) and the portal venous phase (70 s). The portal venous phase was used to evaluate lymph node status. The portal venous phase axial CT images were reconstructed with a 5-mm section thickness and a 5-mm reconstruction interval for clinical interpretation, with a 0.625-mm section thickness for multi planar reformation (MPR) reconstruction.



Image Analysis

The image analysis was jointly performed by two radiologists with more than 10 years of experience, using the PACS workstation on the axial arterial phase and portal phase CT images. Any discrepancies were resolved by consulting another radiologist with 20 years of experience, and the consensus was achieved. The CT features of GC observed and measured were as follows:

Tumor Location: The location of GC in the CT images was determined by the radiologists, including esophagogastric junction, upper stomach, middle stomach, and lower stomach. We have made the correlation between CT images and endoscopy results to confirm the tumor’s location for every case.

Tumor Thickness: The thickest diameter of the gastric tumor on the axial CT image was measured before and after NAC.

CT Attenuation of Gastric Tumor in Arterial and Portal Phases: The region of interest (ROI) was placed in the whole tumor center with a diameter ≥5 mm. The CT attenuation values of the gastric tumor in the same portion of the axial arterial and portal phase CT images were measured.

Long and Short Diameters of the Largest Lymph Node: The largest regional lymph node’s long and short diameters were measured on axial CT images.

CT Attenuation of the Largest Lymph Node: The CT attenuation values with an oval ROI of the largest regional lymph node on the axial portal phase CT image was measured.

The Number of Lymph Nodes: The number of all the short diameters of gastric regional lymph nodes >5 mm in the axial portal phase images were counted.



Pathological Diagnosis

The postoperative histopathological diagnosis was performed by an experienced pathologist. The tumor in the gross specimen, the histopathological Lauren classification, and the pathological stage was evaluated based on the eighth AJCC Cancer Staging Manual (12). The expression patterns of MMR major proteins (MLH1, MSH2, MSH6, and PMS2) in immunohistochemistry were used to confirm the MMR status in GC tissues by the experienced pathologist. The lack of expression of any of the four MMR proteins was defined as dMMR. Tumors with the preserved expression of all MMR proteins were considered MMR-proficient (pMMR).



Statistical Analysis

The continuous and categorical data were presented as mean ± standard deviation and frequency (%). Data processing and analysis were performed using SPSS/PC+ version 22.0 (SPSS Inc, Chicago, IL, USA). The CT features of the dMMR and pMMR groups were compared using the independent-samples t-test and Mann-Whitney U test. A p-value <0.05 was considered statistically significant.




Results


Patient and Tumor Characteristics

Eighty-seven patients were included in this study. The patient and tumor characteristics are summarized in Table 1. Among the patients, 48 received NAC before surgery. The NAC regimens included SOX (S-1 + oxaliplatin), XELOX (oxaliplatin + capecitabine), and mFOLFOX7 (modified regimen of leucovorin, fluorouracil, and oxaliplatin). The remaining 39 patients underwent surgery without NAC. The tumor locations were significantly different between the dMMR and pMMR groups (p =0.006). The age, gender, tumor size, histological differentiation degree, and pathological stage showed no statistical differences between the dMMR and pMMR groups (p > 0.05) (Table 1).


Table 1 | Patient characteristics.





Comparison of CT Features Between the dMMR and pMMR Groups of GC

Univariate analysis showed that several CT features were significantly different between the dMMR and pMMR groups during surgery. The CT tumor thicknesses of the dMMR group (11.89 ± 4.87 mm) were less than the pMMR group (14.41 ± 4.70 mm) (p = 0.024). The CT long diameters of the largest lymph node of the dMMR group (8.71 ± 2.43 mm) were less than the pMMR group (10.61 ± 3.82 mm) (p = 0.018). The CT short diameters of the largest lymph node of the dMMR group (6.21 ± 2.17 mm) were less than the pMMR group (7.44 ± 2.85 mm) (p = 0.047). The mean number of lymph nodes on CT of the dMMR group (1.71 ± 1.41) was less than the pMMR group (2.56 ± 1.98 mm) (p = 0.046) (Table 2). The CT attenuation of the gastric tumor and the largest lymph node after enhancement showed no significant differences between the dMMR and pMMR patients (Table 2).


Table 2 | Comparison of CT image features between dMMR and pMMR patients.






Discussion

A recent study found that anti–PD-1 therapy with pembrolizumab was clinically beneficial in patients with previously treated unresectable or metastatic MSI-H/dMMR non-colorectal cancer (13). In 2017, the Food And Drug Administration of the United States approved pembrolizumab to treat patients with dMMR/MSI-H non-resectable or solid metastatic tumors. The MSI status is currently used as a biomarker for cancer immunotherapy (14). In our study, we examined some common CT features of the primary tumor and lymph nodes in patients with MSI-H/dMMR of GC.

Cristescu R et al. reported that dMMR GC typically has an antral location (11). The results of the present study showed that the tumor locations were significantly different between the dMMR group and the pMMR group. In our study, 53.5% (15/28) dMMR patients were located at the lower stomach. Meanwhile, the main location of the pMMR group was the esophagogastric junction (57.6%, 34/59) (Figures 2, 3). Good prognosis and low recurrence rate were thought to be more common in patients with dMMR GC. Although it has been recognized that the pathological stage was related to prognosis, the tumor size and pathological stage showed no statistical differences between the dMMR and pMMR GC patients in our study.




Figure 2 | (A–H): One MSI-H&dMMR GC case. Female patient, 64 years old. The postoperative pathologic results showed moderately differentiated adenocarcinoma in gastric antrum with stage T3N0M0, with no metastatic carcinoma in lymph nodes. (A) The arterial phase CT value in the enhanced arterial phase of the thickened gastric wall (arrow) in the gastric antrum was 48 HU. (B) The portal phase CT value of the thickened gastric wall (arrow) was 67 HU. (C) There was a slightly enlarged lymph node (arrow) in No. 4d group around the stomach, with a short diameter of 5 mm and CT value of 72 HU on the portal phase. (D) The case of histological analyses by HE staining. (E–H) The patient’s immunohistochemical results showed MLH1-negative (E), MSH2-positive (F), MSH6-positive (G), PMS2-negative (H), MSI-H&dMMR.






Figure 3 | (A–H) One MSS&pMMR GC case. Male, 66 years old, surgical pathology results revealed poorly differentiated adenocarcinoma in the gastroesophageal junction, staging T4aN2M0, with metastatic carcinoma in lymph nodes. (A) The arterial phase CT value of the mass (arrow) in the gastroesophageal junction was 52 HU; (B) The portal phase CT value of the mass (arrow) was 82 HU; (C) Multiple enlarged lymph nodes could be seen in the stomach’s lesser curvature. The largest one had a short diameter of 15 mm (arrow), with the CT value of 88 HU on the portal phase. (D) The case of histological analyses by HE staining. (E–H) The immunohistochemical results showed MLH1-positive (E), MSH2-positive (F), MSH6-positive (G), PMS2-positive (H), MSS, pMMR.



Given that stomach is a hollow organ, the evaluation of tumor size in the stomach is often influenced by gastric peristalsis. Since the most common gross morphological type of advanced GC was the infiltrating ulcerative type, the boundaries of the tumor on CT images were difficult to identify clearly. In our study, each patient was given 1,000 ml of water to achieve gastric distension. The tumor’s thickness on CT seemed more suitable for evaluating tumor size. The CT tumor thickness of the dMMR group was less than the pMMR group. The CT long and short diameters of the largest lymph node of the dMMR group was less than the pMMR group in our study. Fukuya T et al. found that CT attenuation and lymph-node short-long size ratio could aid in the diagnosis of malignant adenopathy (15). Park et al. considered lymph nodes to be metastatic if the longest diameter was >1.0 cm or if the size was between 0.7 and 1.0 cm with hyper-enhancement, a round shape, central necrosis, or perinodal infiltration (16). We thought that smaller diameters of the lymph node in the dMMR group indicated fewer lymph node metastases and a better prognosis. XP Zhang et al. reported that the number of lymph nodes detected by MDCT showed a significant difference between the lymph node metastasis group and no metastasis group in GC (17). The mean number of lymph nodes on CT in the dMMR group was less than the pMMR group in our study. This may suggest a lower probability of lymph node metastasis in the dMMR group.

This study had some limitations. First, it was a retrospective study. The sample size of the study was relatively small. The findings need to be confirmed by large prospective studies in the future. Second, in addition to MMR status, immunotherapy biomarkers of GC, including tumor mutation burden (TMB) and PD-L1 expression, were not analyzed in our study. Simultaneously, there is no confirmed study on whether neoadjuvant chemotherapy might affect patients’ MMR status, which might require further research.

In summary, this study found that the dMMR GC exhibited a lower stomach location, smaller tumor thickness and lymph node diameter, and fewer lymph nodes on CT imaging.
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Background

It is difficult to identify pancreatic ductal adenocarcinoma (PDAC) and mass-forming chronic pancreatitis (MFCP) lesions through conventional CT or MR examination. As an innovative image analysis method, radiomics may possess potential clinical value in identifying PDAC and MFCP. To develop and validate radiomics models derived from multiparametric MRI to distinguish pancreatic ductal adenocarcinoma (PDAC) and mass-forming chronic pancreatitis (MFCP) lesions.



Methods

This retrospective study included 119 patients from two independent institutions. Patients from one institution were used as the training cohort (51 patients with PDAC and 13 patients with MFCP), and patients from the other institution were used as the testing cohort (45 patients with PDAC and 10 patients with MFCP). All the patients had pathologically confirmed results, and preoperative MRI was performed. Four feature sets were extracted from T1-weighted imaging (T1WI), T2-weighted imaging (T2WI), and the artery (A) and portal (P) phases of dynamic contrast-enhanced MRI, and the corresponding radiomics models were established. Several clinical characteristics were used to discriminate PDAC and MFCP lesions, and clinical model was established. The results of radiologists’ evaluation were compared with pathology and radiomics models. Univariate analysis and the least absolute shrinkage and selection operator algorithm were performed for feature selection, and a support vector machine was used for classification. The receiver operating characteristic (ROC) curve was applied to assess the model discrimination.



Results

The areas under the ROC curves (AUCs) for the T1WI, T2WI, A and, P and clinical models were 0.893, 0.911, 0.958, 0.997 and 0.516 in the primary cohort, and 0.882, 0.902, 0.920, 0.962 and 0.649 in the validation cohort, respectively. All radiomics models performed better than clinical model and radiologists’ evaluation both in the training and testing cohorts by comparing the AUC of various models, all P<0.050. Good calibration was achieved.



Conclusions

The radiomics models based on multiparametric MRI have the potential ability to classify PDAC and MFCP lesions.





Keywords: radiomics, magnetic resonance imaging, pancreatic ductal adenocarcinoma, mass-forming chronic pancreatitis, machine learning



Background

Pancreatic ductal adenocarcinoma (PDAC) is a malignancy with an overall 5-year survival rate of less than 10% and is a third-leading cause of death among cancers (1). Radical resection is the only possible curative treatment in patients with PDAC (2). However, radical resection may lead to unnecessary complications and risk of death in benign lesions (3). Mass-forming chronic pancreatitis (MFCP) is condition causing benign lesions to form in the pancreas; these lesions easily mimic PDAC lesions. In clinical practice, MFCP is difficult to differentiate from PDAC due to their similar presentations of abdominal pain, weight loss, pancreatic insufficiency, and overlapping radiologic features (4–7). Overall, 5-11% of patients who underwent a pancreaticoduodenectomy did so because what were considered pancreatic malignancies turned out to be benign lesions of the pancreas (3).Therefore, it is important to discriminate PDAC lesions from MFCP lesions because their prognosis and management are so different (8–10). Although many diagnostic methods for differentiating PDAC lesions from MFCP lesions have been developed (6, 7, 11–13). Differentiation remains the most challenging issue faced by radiologists because of the substantial overlap in imaging findings (14, 15). For example, PDAC and MFCP lesions result in the dilation of the main pancreatic duct and the common bile duct (16). Both PDAC and MFCP lesions are composed of dense fibrous tissue (12). Biopsy is the most reliable diagnostic method for distinguishing PDAC and MFCP lesions. However, there are certain limitations, such as a significant false negative rate and many complications, the negative rate ranges from 46%-80% (17).

Radiomics can noninvasively extract a large number of features invisible to the naked eye from traditional pictures and translate them into high-dimensional data through machine learning methods (18). Based on the nature of texture analysis, radiomics relies on the objective calculation by a computer rather than the subjective diagnosis of radiologist (19). The utility of radiomics has been applied to the discrimination of lesions in the lungs, brain, and breasts (20–22). No study has reported the utility of radiomic-based model in the discrimination of PDAC and MFCP lesions. Compared with CT examinations, a series of previous studies have demonstrated that MRI has a better diagnostic performance for differentiating MFCP lesions from PDAC lesions (12, 23).

The aim of our study was to develop and validate radiomics models that extract features from multiparametric MRI and clinical features to differentiate PDAC lesions from MFCP lesions.



Methods


Patient Selection

Our study was conducted at two institutions in SiChuan province. Ethical approval to perform this retrospective study was obtained from each Institutional Review Board (IRB), and informed consent was waived. Patients with a pathological diagnosis of either PDAC or MFCP from March 2016 to June 2019 were identified by searching the pathology database from the two centers. MFCP is defined as chronic inflammation with focal mass formation confirmed (24). In total, 198 consecutive patients were identified. Patients were included in our study if they met the following criteria: (1) patients had a definitive diagnosis of PDAC or MFCP confirmed by histopathology; (2) patients underwent an upper-abdomen MRI examination before surgery or biopsy. We used the following exclusion criteria: (1) multiple lesions in the pancreas or no definite mass were found with MRI; (2) MRI examination was not performed at our institutions or the image quality was poor; and (3) MRI was performed without contrast enhancement. The final study sample included 119 patients (Figure 1). The dataset from institution 1 was used as the training cohort, and the dataset from institution 2 constituted the testing cohort. Some clinic and imaging characteristics were included, such as sex, age, lesion location, lesion size, the diameter of the largest cross section of the main pancreatic duct (MPD), the diameter of the largest cross section of the common bile duct (CBD) and the presence status of CA19-9. We defined the CA19-9 result as normal at 0 to 34 U/ml, and abnormal when exceeding.




Figure 1 | The flowchart of patient enrollment in our study. MRI, magnetic resonance imaging; PDAC, pancreatic ductal adenocarcinoma; MFCP, mass-forming chronic pancreatitis.





MRI Image Examination

All patients underwent a 3.0-T MR examination (MR 750, GE Medical Systems, Waukesha, WI, USA, and Achieva, Philips, the Netherlands). The general sequences consisted of T2-weighted imaging (T2WI), precontrast T1-weighted imaging (T1WI), and the arterial phase and portal-venous phase of dynamic contrast-enhanced MRI (DCE-MRI). For the DCE-MRI sequence, 20 mL of gadopentetate dimeglumine (Magnevist; Schering, Guangzhou, China) was administered intravenously with a pressure injector (Spectris MR Injection System, MEDRAD, Inc., USA) at 2–3 mL/s, followed by a 20-mL saline solution flush. The scanning times were set to 30 s and 60 s after the contrast agent was injected to obtain the arterial phase and portal-venous phase images, respectively. Detailed information on the acquisition parameters is described in Table 1.


Table 1 | The parameters of the 3.0-T MRI scanners.





Image Interpretation

Two experienced radiologists (with 4 and 8 years of experience in abdominal imaging) processed all the MR images independently and were blinded to the pathological results. They calculated the size of each lesion by measuring the long and short diameters of the largest cross-section of the lesion, measured the diameter of maximal cross-section of MPD and CBD. PDAC was defined an irregular mass was hypointensity on axial T1WI, hyperintensity on axial T2WI, and unobvious enhancement during the artery, portal venous and delayed phases. MFCP was defined a clear boundary mass was hypointensity on axial T1WI, hyperintensity on axial T2WI, and gradual enhancement during the dynamic enhancement (Figure 2). When their results were inconsistent, the final decision was determined as PDAC or MFCP after discussion. We compared the results of radiologist’s evaluation with pathological results and calculated the discrimination such as accuracy, sensitivity and so on.




Figure 2 | A 65-year male patient with PDAC showing an ill-defined mass (arrowhead) in the head of pancreas (2a). A hypointensity mass shows on axial T1WI (A), hyperintensity on axial T2WI (B), and unobvious enhancement during the artery (C) and portal venous (D) phase. A 58-year male patient with MFCP showing an mass (arrowhead) in the head of pancreas (2b). A hypointensity mass shows on axial T1WI (A), hyperintensity on axial T2WI (B), and gradual enhancement during the artery (C) and portal venous (D) phase.





Image Segmentation, Preprocessing and Feature Extraction

Two experienced radiologists manually delineated the region of interest (ROI) based on T1WI, T2WI, the arterial phase (A) and portal-venous phase (P) on the basis of the largest size of the tumors in an axial image slice, corresponding four independent feature sets generated and radiomics models established. To eliminate the volumetric effect of the peripancreatic fat space or normal pancreas, they slightly delineated within the lesion (25). The process was implemented by using IBEX (β1.0, http://bit.ly//IBEXMDAnderson), an open source software program running on MATLAB 2016b (The MathWorks Inc), the workflow of radiomic showed in Figure 3. before extracted features, A Laplacian-of-Gaussian (LoG) filter was applied for imaging preprocessing, which will help improve the efficiency of capturing phenotypic features associated with tumor heterogeneity (26). before feature extraction, all MRI sequences were normalized using Z-scores in order to reduce the potential impact introduced by scanning parameters, protocols, scanners, vendors and eliminate the influence of dimensions (27), was performed in the training and validation data sets to improve the repeatability of the analysis (See Supplemental Material 1, which elucidated the preprocessing methods for the image and data).




Figure 3 | The workflow of radiomic. GLCM, gray level co-occurrence matrix; GLRLM, gray-level run-length matrix.



Then, we selected three group features extracted from IBEX: the intensity histogram using the common fundamental measurement value to reflect the distribution of gray pixels in the image; the gray-level co-occurrence matrix (GLCM), which it reflects the measurements of the texture image by pixels with the same gray level and is mainly used for linear texture analysis; and the gray-level run-length matrix (GLRLM), which reflects the comprehensive information about the change in gray levels in terms of the step size and direction, and reflects the arrangement rules about different pixels. In total, 410 radiomics features were identified in each independent feature set (See Supplementary Table 1).



Intraobserver and Interobserver Agreement

Fifty patients were randomly selected to have the outline of the ROI from T1WI, T2WI, the artery and portal venous phase of multisequence MRI drawn, and the corresponding feature subsets were generated to evaluate the reproducibility of radiomics. To assess the intraobserver agreement, observer 1 delineated the ROI twice, with a time between delineations of more than one week. To evaluate the interobserver agreement, observer 2 independently delineated the ROI once and compared these results with the first results from observer 1. The intra- and interobserver agreement were assessed through intraclass correlation coefficients (ICC), and an ICC score greater than 0.75 indicates a good agreement (28). Not all radiomics features achieved satisfactory conformance due to the nature of the voxel size and gray-level dependence (29). Observer 1 completed all the image segmentations.



Dimensionality Reduction and Radiomics Feature Selection

Dimensionality reduction methods were applied to the training group to avoid dimensional disasters and reduce deviations from the radiomics features. First, independent samples t-test or Mann-Whiney U tests were performed to identify features in each feature set that were significantly different between PDAC lesions and MFCP lesions. To reduce the risk of type I error, a false discovery rate (FDR) was applied to correct the P values. Then, the least absolute shrinkage and selection operator (LASSO) algorithm was performed for dimensionality reduction and feature selection before classification (30). One standard error (1-SE standard, a simple model) was used to adjust the regularization parameters (λ) and feature selection using 10-fold cross-validation.



Development and Validation of the Optimal Radiomics Signature

Radiomics features of each feature subset were selected by the above procedure, and a support vector machine (SVM) with a Gaussian kernel was applied to establish a nonlinear radiomics model. The kernel’s parameter size (γ, gamma,∈ [0.001,1]) and the regularization parameters (C, cost,∈[1,100])) were optimized, and 10-fold cross-validation of the SVM kernel function was performed to select the best-performing models. Four radiomics models were established. An independent clinical model was established using classical imaging and clinical factors, for example, the size of lesion, the diameter of the largest cross section of the MPD and CBD, the status of CA19-9 followed the same tuning procedure described in the development of radiomics models. The performance of the four radiomics and clinical models was calculated by the area under the receiver operating characteristic (ROC) curve (AUC) and other evaluation metrics, such as the sensitivity, and specificity. The radiomics and clinical models were also assessed in the testing cohort. DeLong test was implemented to compare the AUC of four radiomics models, clinical model and radiologists’ evaluation both in the training and testing cohort.



Statistical Analysis

Regarding the clinical data, continuous variables, including the age of the patient and size of the lesion were assessed with independent samples t-test or Mann-Whiney U tests based on their distributions. Categorical variables, including the sex of the patient, the result of CA19-9 and the location of the lesion, were assessed with Pearson chi-square test or Fisher exact test. To assess the radiologist’s evaluation and pathological results, Pearson Chi-square was performed. These data were analyzed by Statistical Package for the Social Sciences (SPSS; IBM SPSS Statistics for Windows, Version 23.0, IBM Corp, Armonk, NY, USA). The dimensionality reduction and model building processes of the radiomics features, including the intensity histogram, GLCM and GLRLM of each model, were implemented in R (Version 3.5.2, https://www.r-project.org/). The LASSO regression, SVM model and ROC curve analyses were performed by means of the “ggplot2”, “e1071” and “pROC” packages, respectively. In all tests of differences, a P-value less than 0.050 was considered a statistical significant.




Results


Clinical Data

In total, 119 patients from two independent institutions were included in the study. When comparing the results between radiologists’ evaluation and pathology, no significant difference was existed (χ2 = 0.152, P=0.076). Radiologists had better accuracy (80.7%), positive predictive value (92.7%) and sensitivity (84.8%) in identifying PDAC and MFCP, however, the specificity (50%) and negative predictive value (30.4%) were poor. The composition of PDAC was higher than that of MFCP in the training and testing cohorts, but no statistically significant differences existed between the two cohorts (P=0.769, χ2 = 0.086). The baseline characteristics of the two cohorts are recorded in Table 2. In both the primary and testing cohorts, there were no significant differences between patients with PDAC and MFCP in terms of age (P=0.707 vs 0.526), sex (P=0.507 vs 0.303), lesion location (P=0.648 vs 0.615), lesion size (P=0.081 vs 0.441), the diameter of the largest cross section of the MPD and CBD (P=0.745 vs 0.07 and P=0.761 vs 0.142). The CA19-9 level was significantly different in the primary cohort (P<0.050) while no significant difference in the testing cohort (P=0.051).


Table 2 | Patient characteristics and MR image findings for the primary and validation cohorts.





Intraobserver and Interobserver Agreement

Regarding the interobserver agreement of radiomics features, the mean values were 0.942 (range: 0.428 to 0.998), 0.943 (range: 0.269 to 0.994), 0.961 (range: 0.505 to 0.999), 0.955 (range: 0.199 to 0.999) for the T1WI, T2WI, A and P feature subsets, respectively. For the intraobserver agreement, the mean values were 0.934 (range: 0.442 to 0.999), 0.943 (range: 0.269 to 0.994), 0.940 (range: 0.378 to 0.999), 0.955 (range: 0.199 to 0.999) for the T1WI, T2WI, A and P feature subsets, respectively. Ultimately, the number of excluded features in the T1WI, T2WI, A, and P feature subsets were 27, 21, 11 and 13, respectively, and the remaining features were analyzed in the next section.



Dimensionality Reduction and Radiomics Feature Selection

The number of selected features of each separate subset after univariate analysis and LASSO algorithm implementation are shown in Table 3. The features selected in each feature set were used in further modeling analysis. Dimensionality reduction was performed through two steps; there were 5, 7, 7, and 9 features included in T1WI, T2WI, A and P models, respectively for models building (See Supplemental Material 2, which elucidate the information for the selected features).


Table 3 | The numbers of features selected through the intraobserver and interobserver agreement tests, univariate analysis and the LASSO algorithm.





Development and Validation of the Optimal Radiomics Signature

The four radiomics models achieved good performance in the training and testing cohorts based on SVM modeling. The AUC of T1WI model, T2WI model, A model and P model were 0.893 [95% confidence interval (CI): 0.780-1], 0.911 (95%CI: 0.823-0.999), 0.958 (95%CI: 0.889-1), 0.997(95%CI: 0.990-1) in the training cohorts, The AUC of T1WI model, T2WI model, A model and P model were 0.882 (95% CI: 0.792-0.972), 0.902 (95%CI: 0.809-0.995), 0.920 (95%CI: 0.821-1), 0.962 (95%CI: 0.907-1) in the testing cohorts. The AUC of clinical model were 0.516 and 0.649 in the training and testing cohorts. The detailed results were shown in Table 4. When comparing the AUC across the four radiomics models via the DeLong test, no significant differences existed between pairs of models (all P > 0.05). Interestingly, the performance of radiomics models were superior to clinical model and radiologists’ evaluation (P<0.050). The ROC curves of five models and radiologists’ evaluation in the primary and validation models are shown in Figure 4.


Table 4 | The performance of the radiomics and clinical models using support vector machine method in the training and testing cohorts.






Figure 4 | The ROC curve for the four radiomics models, clinical model and radiologists’ evaluation for the training (A) and testing (B) cohorts. There was no significant difference among the four radiomics models by comparing the AUC of different models (all P > 0.050). All radiomics performed better than clinical model and radiologists’ evaluation by comparing the AUC of various models, all P < 0.050.






Discussion

In our study, we compared the radiologists’ evaluation and pathological results of PDAC and MFCP, there was no significant difference (P=0.076). Radiologists had a potential ability to assess the lesions. However, the specificity and negative predication value was poor. It may lead to overtreatment of MFCP, which was consistent with previous study (3). We constructed clinical model by combining the size of lesion, the diameter of the largest cross section of the MPD and CBD to identify PDAC and MFCP, however, no good performance was achieved. These results showed it was difficult to make a diagnosis of the two diseases based on the traditional image and clinical data. Interestingly, we develop and validate a multiparameter MRI-based radiomics method for noninvasive differentiation of PDAC from MFCP lesions before surgery, and achieved good performance in both the training and testing cohorts. Every single feature subset extracted from T1WI, T2WI, the artery and portal venous phase performed well. These results suggest that our radiomics model can be used as a quantitative tool to discriminate PDAC from MFCP lesions preoperatively. While this discovery was an encouraging initial step, it is necessary to focus more on a better understanding of the basic biological principles of measurement through radiomic analysis and how to better integrate it with other analytical methods for better clinical application.

Some clinical and imaging characteristics were included in this study. Only the serum CA19-9 level was significantly different between patients with PDAC and MFCP in the training cohort, there was no significant difference in the validation cohort. this may be related with the small number of patients in the validation cohort. It indicates that CA19-9 may be regarded as a serum biomarker to identified PDAC from MFCP, however, serum CA19-9 had a high false negative rate. Ren et al. (31) demonstrated that no statistically significant difference with respect to degree of pancreatic ductal dilatation was observed between PDAC and MFCP. Our conclusion is consistent with theirs. Sandrasegaran et al. (24) demonstrated that there was no significant difference in the lesion size between PDAC and MFCP. The AUC for size of mass and pancreatic duct dilatation in differentiating malignant and benign entities are 0.697 and 0.589-0.622, their results suggested that the clinical and imaging features is poor in differentiate MFCP from PDAC.

In our study, all the A model, P model, T1WI model and T2WI model achieved good performance in the training and testing cohorts(the AUCs were 0.893, 0.911, 0.958 and 0.997 vs 0.882, 0.902, 0.920 and 0.962), The reason for these findings may be associated with the fact that fat-suppressed T1WI, T2WI and dynamic contrast-enhanced MRI had a good diagnostic effect in detecting pancreatic cancer, and the tumor-pancreas contrast was best 40-70 s after injection of the contrast agent (32, 33).

Previous studies have developed several methods for discriminating PDAC from MFCP lesions. Previous studies applied perfusion CT to distinguish PDAC from MFCP lesions, and some perfusion parameters, such as blood flow and blood volume (6, 7), could provide information to identify PDAC and MFCP lesions. However, this method involves high amounts of radiation, and the iodide ion contrast agent is not suitable for patients with renal dysfunction. Ren et al. (31) showed that CT texture analysis demonstrates great potential to differentiate MFCP from PDAC. The combined model based on imaging features and texture features reveal high pooled sensitivity of 94%, specificity of 92%. Some previous studies had demonstrated that MRI is superior to other preoperative imaging techniques in identifying in the diagnosis of MFCP and PDAC. Several studies applied MRI to identify MFCP from PDAC. Some studies suggested that diffusion weighted imaging (DWI) can reflect the differences between PDAC and MFCP lesions; a meta-analysis (13) combined several DWI-related studies and the summary AUC of 0.91. Our study was superior to previous results and robust. Shi et al. (11) used MR elastography to differentiate PDAC and MFCP lesions, and the mass stiffness and stiffness ratio achieved AUCs of 0.882 and 0.955, respectively. Our study developed and validated radiomics models to classify PDAC and MFCP lesions based on multisequence MRI, and these results were consistent with this finding. In addition, the MR elastography technique has a lower resolution than routine MRI.

Radiomics is noninvasive, inexpensive and robust. The high-dimensional imaging features of radiomics provide more detailed information on tumors that are difficult to detect with the naked eye. Our radiomics models achieved good performance; in the training cohorts, the AUC, sensitivity, and specificity performed well in the T1WI, T2WI, A and P models. The discriminative performance of the radiomics model was also remarkable in the validation cohorts.

Some limitations exist in our research. Firstly, the sample size was small. In addition, the composition of the PDAC and MFCP samples are very different; however, there was no difference in the composition ratio between the training and testing cohorts. Multicenter and large-scale study would need to be performed. Last, we performed a two-dimensional analysis of the area of interest for the largest section of the lesion rather than a three-dimensional analysis of the entire lesion volume. This approach is less labor intensive but less sensitive to intratumor variations. however, previous study (34) identified PDAC and autoimmune pancreatitis using two-dimensional analysis and achieved good performance, and our results were satisfactory.



Conclusion

In conclusion, our results show that radiomic models based on multiparametric MRI have the potential to distinguish PDAC lesions from MFCP lesions. This method needs to be validated in a larger sample size for better clinical application.
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Objective

To establish and validate a radiomics nomogram based on the features of the primary tumor for predicting preoperative pathological extramural venous invasion (EMVI) in rectal cancer using machine learning.



Methods

The clinical and imaging data of 281 patients with primary rectal cancer from April 2012 to May 2018 were retrospectively analyzed. All the patients were divided into a training set (n = 198) and a test set (n = 83) respectively. The radiomics features of the primary tumor were extracted from the enhanced computed tomography (CT), the T2-weighted imaging (T2WI) and the gadolinium contrast-enhanced T1-weighted imaging (CE-TIWI) of each patient. One optimal radiomics signature extracted from each modal image was generated by receiver operating characteristic (ROC) curve analysis after dimensionality reduction. Three kinds of models were constructed based on training set, including the clinical model (the optimal radiomics signature combining with the clinical features), the magnetic resonance imaging model (the optimal radiomics signature combining with the mrEMVI status) and the integrated model (the optimal radiomics signature combining with both the clinical features and the mrEMVI status). Finally, the optimal model was selected to create a radiomics nomogram. The performance of the nomogram to evaluate clinical efficacy was verified by ROC curves and decision curve analysis curves.



Results

The radiomics signature constructed based on T2WI showed the best performance, with an AUC value of 0.717, a sensitivity of 0.742 and a specificity of 0.621. The radiomics nomogram had the highest prediction efficiency, of which the AUC was 0.863, the sensitivity was 0.774 and the specificity was 0.801.



Conclusion

The radiomics nomogram had the highest efficiency in predicting EMVI. This may help patients choose the best treatment strategy and may strengthen personalized treatment methods to further optimize the treatment effect.





Keywords: rectal cancer, extramural venous invasion, radiomics, magnetic resonance imaging, computed tomography, prediction



Introduction

Rectal cancer is one of the major causes of cancer-related mortality in the world, with a local recurrence rate of up to 30% related to the surgical technique (1). Local recurrence and metastasis are the main causes of death in patients with rectal cancer, and there is much evidence that extramural venous invasion (EMVI) is an independent predictor of local tumor recurrence, ectopic nodules, distant metastasis and overall mortality (2–4). Therefore, the early identification of EMVI is of great significance for the selection of treatment strategies.

At present, pathological examination is still the gold standard for evaluating the EMVI status of rectal cancer, but the pathological EMVI status can only be obtained after surgery, which is not conducive to early treatment decisions before surgery. Besides, preoperative neoadjuvant therapy may lead to the underestimation of EMVI status in postoperative pathological examination (5). In recent years, studies have shown that preoperative imaging can improve the prognosis of rectal cancer (6). Due to the advantages of high spatial resolution, magnetic resonance imaging (MRI) is an excellent imaging method to detect the adverse prognostic factors of rectal cancer, and it is a promising and repeatable technique for the identification of EMVI. Several studies have shown that MRI has medium to high sensitivity and specificity in detecting EMVI compared with pathological evaluation (7–9). However, it should be noted that MRI may not be able to correctly identify the invasion of small extramural and intramural vessels, which leads to the low sensitivity of conventional MRI in the evaluation of EMVI (10, 11). On the other hand, computed tomography (CT) can assess the entire abdomen, pelvis and chest, allowing for local staging and distant metastasis evaluation (12, 13). Accordingly, modern CT techniques are better suited than MRI to search for the local tumor extent and distant metastases in the same imaging session (14). It is well known that EMVI is associated with disease recurrence, especially in patients with distant metastasis to the liver (15). Therefore, to some extent, preoperative CT may help identify EMVI indirectly. However, the sensitivity of CT for identifying EMVI was low due to its low resolution in soft tissue (16).

Radiomics is a noninvasive and relatively cost-effective image evaluation technology (17, 18). At present, radiomics technology has been widely used in the field of rectal cancer for tumor staging, prognosis evaluation and metastasis prediction (19). However, to our knowledge, only Yu et al. have focused on predicting EMVI based on radiomics (20). But their results showed that their radiomics model had poor stability and low sensitivity, which may be resulted from their small amount of data and defects in the modeling method. In fact, predictive and prognostic models are an important part of radiology (21), and highly accurate and reliable models are needed to improve decision support in clinical practice. Machine learning can be helpful in this respect (22). Therefore, we hypothesized that a radiomics model constructed based on machine learning can improve the prediction accuracy of EMVI, thus enhancing the application of noninvasive and cost-effective radiomics in the preoperative prediction of EMVI.

The main purpose of this study was to construct and validate a radiomics nomogram using machine learning to provide a convenient and quick tool to accurately predict preoperative EMVI in clinical practice.



Materials and Methods


Patient Data

This retrospective study was approved by the ethics committee of our institution, and informed consent was not required. A total of 281 patients who underwent radical resection of rectal cancer from April 2012 to May 2018 were included in this study, and their preoperative clinical and imaging data were retrospectively analyzed. The inclusion criteria were as follows: (1) pathologically confirmed non-mucinous rectal adenocarcinoma after surgery, and (2) completed baseline MRI and CT examinations before surgery. The exclusion criteria were as follows: (1) received preoperative antitumor treatment for rectal cancer, (2) incomplete clinical, pathological or imaging data, or (3) poor quality of CT or MRI images. All patients were grouped into a training set (n = 198; between April 2012 and May 2016) and a test set (n = 83; between June 2016 and April 2018) at a ratio of 7:3. The training set was used to build the radiomics nomogram, and the test set was used for model validation.



Image Acquisition

All patients were examined by abdominal CT and pelvic (rectum) MRI within 1 week before surgical operation. All MRI examinations were performed with a 3.0-T MRI scanner (Discovery 750W®, GE Healthcare, Waukesha, WI). The MRI sequences included high-resolution T2-weighted imaging (T2WI) (transverse, coronal and sagittal), T1-weighted imaging (T1WI) (transverse), diffusion-weighted imaging (DWI) (transverse) and gadolinium contrast-enhanced T1WI (CE-T1WI) (transverse) sequences. For venous phase CE-T1WI, the contrast agent gadodiamide (Omniscan®, GE Medical System, NJ) was intravenously administered at a dose of 0.1 mmol/kg of body weight with a flow rate of 3.5 ml/s using a power injector, followed by a bolus injection of 20 ml of normal saline. Plain and enhanced CT images were obtained using a 256-detector row CT scanner (Revolution Xtream®, GE Healthcare, Waukesha, WI). For enhanced CT imaging, the injection rate of the contrast medium (Omnipaque® 350, GE Medical System, NJ) was 2.5 ml/s, and the scan was performed after a 50-s delay. The specific scanning parameters are provided in the additional materials.



EMVI Assessment

Pathological reports were retrieved and reviewed to obtain EMVI status. Two experienced pathologists (pathologist A and pathologist B, both of whom had experience of more than 10 years in the diagnosis of rectal cancer and were blinded to the CT and MRI data) independently extracted the EMVI status from the report. The pathological definition of EMVI is the presence of tumor tissue in the endothelium-lined lumen, which is surrounded by smooth muscle edges or contains red blood cells (23). If there was conflicting information between the EMVI assessment and other descriptions in the pathological or surgical report, the two pathologists would discuss the case and reach a consensus. Finally, 125 EMVI-positive cases and 156 EMVI-negative cases were identified.

To distinguish pathological EMVI, we defined the EMVI status evaluated by MRI as mrEMVI. A five-point scoring system was used for the assessment of mrEMVI (2, 8). The details of scoring from 0 to 4 are described in the supporting materials. A score of 0-2 was defined as mrEMVI-negative, and a score of 3-4 was defined as mrEMVI-positive.



Segmentation and Feature Extraction of the Primary Tumor

Region of interest (ROI) segmentation was performed on CT and MRI images by ITK-SNAP software (http://www.itksnap.org). For CT, segmentation was based on venous phase–enhanced images. While for MRI, segmentation was based on T2WI and CE-T1WI. The above segmentation was manually completed by two experienced radiologists (radiologist A and radiologist B, with experience of 5 and 12 years in tumor imaging, respectively) who were blinded to the pathological information. Then, the segmented image was imported into quantitative Analysis Kit (AK, version 1.2, GE Healthcare) for image preprocessing, including resampling the image to a 1 × 1 × 1 mm3 voxel size and standardizing the image gray level to a scale of 1 to 32 to eliminate the influence of anisotropy on the extracted features (24). The image gray-scale intensity level was discretized and normalized by down-sampling each image to 32 bins to reduce image noise. Using such fixed values and number of bins the image gray range was divided into equally spaced intervals. Therefore, the bin size and intensity resolution of the discretized volumes depended on the gray-scale value (i.e., four bin sizes for each gray-level). Then, 378 radiomics features were extracted from the preprocessed images of each mode, including histogram features, Form Factor features, gray level co-occurrence matrix (GLCM) features, run-length matrix (RLM) features and gray level size zone matrix (GLSZM) features. These features have been shown to be characteristic of cancer heterogeneity and may reflect changes in image structure (18). Details of the features are provided in the additional materials. In addition, to ensure the robustness of the extracted features, we used the most effective feature among different radiologists for manual segmentation. The Spearman rank correlation test was used to calculate the correlation coefficient (CC) of each feature between feature set A (from radiologist A) and feature set B (from radiologist B). Features with CC > 0.8 were considered robust features (25). The feature values in this study were the average values of feature set A and feature set B.



Establishment and Evaluation of the Radiomics Signature

The existence of a “curse of dimensionality” usually makes data simplification or feature selection necessary to obtain meaningful results from pattern recognition analysis (26). Therefore, it is necessary to reduce the dimensionality of the extracted robust features. The process of dimensionality reduction consists of two steps. First, the minimum redundancy maximum correlation (mRMR) algorithm was used to reduce the dimensionality of the robust features of the training set. The purpose of the maximum correlation program is to select features that are most relevant to the EMVI state. At the same time, the minimum redundancy process ensures minimum redundancy between the selected features to obtain the optimal features with a high correlation and a low redundancy (27). After that, the least absolute shrinkage and selection operator (LASSO) algorithm was used to select the features for constructing the radiomics signature from the best feature sets. Finally, logistic regression was used to construct the radiomics signature. In addition, to quantify the accuracy of the signature constructed by different modes (enhanced CT, T2WI and CE-T1WI), we calculated the EMVI-positive probability score of each case using the radiomics formula of the training set, which was defined as the rad score. Moreover, a receiver operating characteristic (ROC) curve was used to visualize the experimental results using data from the test set, and the area under the curve (AUC) values of the training and test sets were calculated to quantify the prediction performance of the radiomics signature. In addition, to further select the optimal radiomics signature, we used the DeLong test to compare the performance of signatures from different modes.



Construction and Evaluation of the Radiomics Nomogram

The clinical characteristics of the training set, including gender, age, tumor location, carcinoembryonic antigen (CEA), degree of pathological differentiation, and mrEMVI, were analyzed by stepwise logistic regression to select the independent clinical predictors of EMVI. According to the best radiomics signature selected by the DeLong test, different joint models were built using support vector machine (SVM) combined with each independent predictor. SVM is a kind of supervised learning model that is commonly used in pattern recognition, classification and regression analysis. In recent years, it has been successfully applied to the diagnosis, prognosis prediction and treatment of various diseases (28).

To compare the performance of each model, we use the ROC curve to evaluate the performance of the model in the training set and used the data of the test set for verification. Finally, the optimal model was selected to generate a visual radiomics nomogram. The Hosmer-Lemeshow test was used to analyze the goodness of fit of the nomogram. The calibration curve was used to measure the consistency between the predicted EMVI probability and the EMVI probability. In addition, to evaluate the clinical efficacy of the nomogram, we used the nomogram to calculate the prediction score of EMVI for each patient. Taking the best cutoff value corresponding to the Youden index threshold of the ROC curve of training set as the classification point (29), all patients were divided into a low-risk group and a high-risk group according to the prediction score, and the number of patients with EMVI-positive between the two groups was compared.



Statistical Analysis

All statistical analyses in the present study were performed with SPSS (version 25.0), R 3.5.1 and Python 3.5.6. The Kolmogorov–Smirnov test was used for the normality testing of the measurement data. The normally distributed data were evaluated using the independent sample t-test, whereas the nonnormally distributed data were evaluated using the Mann–Whitney U test. The differences between categorical variables were tested by the chi-square test. ICC estimates and their 95% confident intervals were calculated using SPSS statistical package version 25 based on a mean-rating (k = 2), absolute-agreement, 2-way mixed-effects model. A two-tailed p-value < 0.05 was regarded as significantly different.




Results


Patient Clinical Data

The research flow chart is shown in Figure 1. There were no significant differences in any of clinical features between the training and test sets, as shown in Table 1. There were significant differences in lymph node metastasis and mrEMVI between patients who were EMVI-negative and patients who were EMVI-positive in the training and test sets. See Table 2 for details.




Figure 1 | Research flow chart of the radiomics model.




Table 1 | Descriptive statistics of the two sets.




Table 2 | Clinical characteristics of the training and test sets.





Diagnostic Performance of the Radiomics Signature

As is shown in Figure 2, the remaining 16, 20 and 19 features after dimensionality reduction were extracted from enhanced CT, T2WI and CE-T1WI images respectively. The performance of the radiomics signature based on these features both in the training set and in the test set are as shown in Figure 3. The DeLong test showed that there was no significant difference in the AUC values among the three radiomics signatures in the training set and the test set (P > 0.05). Therefore, we selected the signature constructed by T2WI as the optimal signature for the construction of the joint model. Acquiring T2WI image can avoid both radiation damage and medical risk caused by contrast medium. In addition, the rad score was calculated based on each signature model in the training set and test set, and there were significant differences in the rad score between the EMVI-positive and EMVI-negative groups (P < 0.05), as shown in Figure 4. Details of the construction of the radiomics signature can be found in the supporting materials.




Figure 2 | After dimensionality reduction by mRMR and LASSO, 16, 20 and 19 radiomics features were finally selected from CT-enhanced images (A), T2WI (B) and CE-T1WI (C) to construct a radiomics signature. The blue bar indicates the weight value of the radiomics features.






Figure 3 | ROC curves of the radiomics signature constructed by each mode in the training set (A) and test set (B).






Figure 4 | Scatter plot between EMVI-negative (blue dots) and EMVI-positive (yellow dots) rad scores calculated by radiomics signatures constructed by T2WI (A), CE-T1WI (B) and CT-enhanced images (C) in the training and test sets.





Construction and Performance Evaluation of the Radiomics Nomogram

Stepwise logistic regression analysis showed that mrEMVI, degree of pathological differentiation and radiomics signature were independent predictors of EMVI, as shown in Table 3. Three models were constructed, including the clinical model (the optimal radiomics signature combining with the degree of pathological differentiation), the MRI model (the optimal radiomics signature combining with the mrEMVI status) and the integrated model (the optimal signature radiomics combining with both the degree of pathological differentiation and the mrEMVI status). The ROC curve showed that the AUC value of the integrated model was higher than those of other models and independent predictors in the training and test sets. The DeLong test showed that there was significant difference in the AUC values of the integrated model between MRI model and Clinical model in training set (P = 0.0129 and 0.0007), and in the test set, there were also significant differences (P = 0.0462 and 0.0159). Therefore, the radiomics nomogram was based on the integrated model, as shown in Figures 5 and 6A and Table 4. Finally, the Hosmer-Lemeshow test showed that the performance of the nomogram was not significantly different between the training and testing sets (P > 0.05). The calibration curve showed that the nomogram had better prediction performance (Figures 6B, C) and decision curve analysis (DCA) showed that the nomogram had the best clinical net benefit compared with the other models in the overall dataset (Figure 6D). Based on the classification value of the nomogram (cutoff = 0.463), the number of EMVI-positive cases in the low-risk group and the high-risk group was significantly different (Figure 6E).


Table 3 | Stepwise logistic regression analysis of EMVI prediction.






Figure 5 | ROC curves of three models in the training set (A) and test set (B). The results show that the integrated model has the highest AUC value.




Table 4 | Diagnostic efficacy of different models and independent clinical predictors.






Figure 6 | Radiomics nomogram for detecting EMVI (A). In the nomogram, a vertical line was drawn according to the value of the rad score to determine the corresponding value of points. The points of mrEMVI and differentiation stage can also be determined in the same way. The total points were the sum of the three points above. Finally, a vertical line was drawn according to the value of the total points to determine the probability of EMVI. The calibration curve of the radiomics nomogram for EMVI in the training set (B) and test set (C). A dashed line indicated the reference line where an ideal nomogram would lie. A dotted line indicated the performance of the nomogram, while the solid line indicated bias correction in the nomogram. DCA curve (D) for the integrated model, MRI model and clinical model predicting EMVI in the dataset. The graphs showed that the integrated model had the greatest net benefit. The risk classification performance of the integrated model in the training and test set (E). *P < 0.05.






Discussion

In this study, our results showed that there was no significant difference in the diagnostic performance of EMVI by three radiomics signatures based on CT-enhanced images, T2WI and CE-T1WI. T2WI is not involved in radiation damage and contrast-induced medical risk. Therefore, T2WI-based radiomics signature was selected in the present study to combine with clinical and mrEMVI data to build the radiomics nomogram. Our results also showed that the nomogram has the best predictive performance of the models. In view of the noninvasive and low-cost characteristics of radiomics technology, this may provide a new quantifiable tool for the preoperative evaluation of EMVI status.

In the diagnosis and treatment of rectal cancer, CT is mainly used for screening tumor metastasis, especially in the diagnosis of liver and lung metastases (30). However, due to the low signal-to-noise ratio of CT and the lack of ideal soft tissue resolution, there are great limitations in the visual evaluation of EMVI by CT (31). In this study, radiomics technology based on CT images can be used for EMVI evaluation, implying the advantages of radiomics technology (32). T2WI shows great performance in EMVI evaluation in rectal cancer (10) for its high resolution of soft tissue. Similarly, the radiomics signature based on T2WI showed the highest AUC value in this study. Although some prior studies have shown that CE-T1WI can display vascular structure and improve the diagnostic performance of EMVI for rectal cancer (33), there were no statistically significant differences observed between CE-T1WI and T2WI using radiomics signature for evaluation of EMVI in this study, which indicated that high-resolution T2WI may be more suitable for radiomics analysis than the CE-T1WI in predicting EMVI considering the cost, convenience and safety. In general, T2WI is more suitable for the radiomics analysis of rectal cancer, which may improve the clinical evaluation of EMVI.

The radiomics nomogram obtained in this study also shows superior performance in predicting EMVI. Our results are better than those of Brown et al, reporting that the sensitivity and specificity of conventional MRI for EMVI detection were 62% and 88% respectively (34), which may be benefit from the diagnostic performance of the radiomics signature, mrEMVI and clinical features. Previous studies have confirmed that the ability of mrEMVI was at least as good as that of routine histopathology (5). Resembly, our study showed that mrEMVI had higher diagnostic efficiency of EMVI than that of the radiomics signature, though the sensitivity of mrEMVI was significantly lower. Sohn et al. reported that the sensitivity of MRI in the evaluation of EMVI was only 28.2% (8), as the smallest vessel diameter that 3.0-T MRI can distinguish is 3 mm. Theoretically speaking, even if high-resolution T2WI is used, it is difficult to identify vessels with a diameter less than 3 mm (10, 35). In fact, it is very difficult to identify vessels on MRI, and it is usually necessary to compare different sequences at the same level in addition to intravenously using gadolinium contrast agent to confirm whether it is a vessel. Even if it can be confirmed as a blood vessel, many cases do not show the typical imaging features of vascular lumen expansion, irregular shape or the “flow empty” signal in the blood vessel replaced by the tumor signal. Therefore, even experienced radiologist can easily miss these atypical cases. However, the radiomics nomogram can be used to quantitatively evaluate EMVI through the radiomics analysis of primary tumors. In this process, only the delineation of the tumor area is through visual evaluation, which is obviously more accurate and easier than the all visual evaluation. Therefore, the radiomics technology has greater clinical advantages compared with the traditional visual assessment.

Compared to the same type of research by Yu et al. (20), the diagnostic efficiency of the nomogram in the training set was lower than that of the radiomics nomogram constructed in their study (AUC = 0.904), while the diagnostic efficiency of the nomogram in the test set was higher than that of theirs (AUC = 0.812), which indicated better stability of our nomogram. This may be caused by the different radiomics signature. In their study, the nomogram was constructed by the radiomics signature based on dynamic contrast-enhanced MRI. While in our research, the radiomics signature was on the basis of T2WI images. In fact, the use of contrast medium may affect the choice of radiomics features. The different doses of contrast medium and the permeability of tissue microvessels, which were related to the image enhancement effect (36), would change the distribution of pixels and then affect the stability of the whole model. In addition, Maxiao et al. (37) found that the radiomics model constructed by SVM had the best performance of the different machine learning methods in evaluating preoperative pathological features. Thus, the model generated by SVM in our study was more stable than that of Yu et al, which was built by logistic regression. In addition, the previous studies have shown that the accuracy of CT based super physiological vein diameter for predicting EMVI is 0.83 (38), which is equivalent to the accuracy of nomogram for identifying EMVI. However, compared with CT radiation damage, nomogram may be more suitable for clinical practice. Aysegul et al. Used changes in dimensions of superior recurrent vein (SRV) and inferior median vein (IMV) and ADC values were used to predict EMVI (39), and the AUC values were 0.851.0.893 and 0.664, respectively. Although the diagnostic efficiency of IMV was higher than that of the nomogram, but these indexes were based on CT examination, while the ADC value based on MRI examination was significantly lower than that of our nomogram. In fact, functional imaging such as DWI could not improve the efficiency of MRI in EMVI detection (35).

There were some limitations in this research. First, this study was retrospectively. However, eligible patients were consecutively retrieved from a prospective database that included all patients with rectal cancer in our hospital. Second, our data are limited to a single center study, so our results may not be extended to other medical centers. In the future, multicenter studies are needed to further verify the results of this study. Finally, this study did not analyze the correlation between the radiomics features and clinical features and lacked the interpretability of the radiomics features. In the future, we will further clarify the interpretability of the radiomics features.

In conclusion, T2WI-based radiomics technology was superior to CT and CE-TIWI in predicting the EMVI status in rectal cancer. At the same time, the radiomics nomogram combined with clinical features and mrEMVI was a convenient and noninvasive tool to predict the EMVI status accurately.
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Background

To investigate characteristic clinical and imaging features and establish a scoring system for preoperative prediction of malignancy in the bulging duodenal papilla.



Methods

A total of 147 patients with bulging duodenal papilla (Benign enlargement n = 67; malignant enlargement n = 80) from our hospital between 2010 and 2020 were retrospectively analyzed. We investigated meaningful clinical and CT imaging features and established the score model through logistic regression and weighted. The calibration test, the ROC, AUC, and cut-off points were performed in score model. The model was also divided into three score ranges for convenient clinical evaluation.



Results

Three clinical and CT imaging features were finally included in the score model including direct bilirubin (DBil) increase >7 umol/L (3 points), pancreatic duct (PD) dilation >5 mm (2 points), and irregular shape (2 points). The AUCs of the primary predictive model and score model were 0.896 (95% CI, 0.835–0.940) and 0.896 (95% CI, 0.835–0.940), respectively. This scoring system presented with a sensitivity of 78.8% and a specificity of 88.1% when using 2.5 points as cutoff value. Three score ranges were also proposed for convenient clinical use as follows: 0–2 points; 3–4 points; 5–7 points. The number of patients with malignant duodenal papillary enlargement increased with the increasing scores.



Conclusions

We proposed a convenient scoring system to preoperative predict malignancy in the bulging duodenal papilla.
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Introduction

The major duodenal papilla is a functional region where the pancreatic duct (PD) and the bile duct enter the duodenum, and the maximal diameter of the size of normal duodenal papilla were 5–10 mm as reported by previous study (1–3). Various pathologic conditions, such as papillitis, diverticulum, benign and malignant tumor (4, 5), can cause bulging papilla that is frequently seen at computed tomography (CT). And it is more difficult to identify the course when there was only enlarging duodenal papilla without obvious lesions in neighboring organization.

Endoscopic retrograde cholangiopancreatography (ERCP) is now used as golden standard to identify the pathologic conditions of the bulging papilla (6, 7). But because of the invasive operation and may be major post-procedural complications, like pancreatitis, hemorrhage, perforation, and even death (6–8), it would be helpful for patients to find a non-invasive and reliable method to predict malignancy of the enlarging duodenal papilla.

CT as one of the most widely used and non-invasive abdominal imaging methods has presented the latent energy to differentiate between benign and malignant bulging papilla as demonstrated by previous imaging study. Lobular masses, dilatation of the common bile duct, PD, intra- and extrahepatic bile duct, and so on were reported as meaningful indication (9, 10). However, it may be not reliable to depend such a few CT features with ignorance of other clinical characteristics to diagnose malignancy in bulging duodenal papilla.

Therefore, this study aims to investigate independent clinical and CT imaging risk characteristics, and then establish a convenient scoring system for preoperative prediction of malignancy in bulging duodenal papilla.



Methods


Patients

Our institutional review board approved this retrospective study and waived consent requirement from patients. A total of 147 patients were finally included in this study population through searching the medical records from 2010 to 2020 in the Second Affiliated Hospital of Zhejiang University School of Medicine according to the following inclusion criteria: (1) patients were pathologically confirmed with benign or malignant bulging duodenal papillary; (2) patients had clinical and CT imaging data; (3) Patients didn’t receive chemotherapy or radiotherapy before these data were collected; (4) conditions originated from the duodenal papilla. Eight patients were excluded because of the following reasons: (1) Data limited (n = 4); (2) The quality of imaging was poor (n = 4). The final study cohort was consisted of 67 patients with benign duodenal papillary enlargement (including inflammation, diverticulum, and duodenal papillary adenoma) and 80 with malignant duodenal papillary enlargement (Figure 1).




Figure 1 | Patient flow diagram.





Data Acquisition

Abdominal contrast-enhanced CT examinations of patients were performed in one multidetector-row CT (SOMATOM Definition Flash; Siemens Healthcare). The scanning parameters were same as follows: detector configuration 128 × 0.6 mm, tube voltage 120 kVp, tube current 200 mAs, slice thickness 5 mm, slice interval 5 mm, pitch of 0.6 mm. A total of 120 ml of contrast agent was administered with a pump injector at 3–4 ml/s into an antecubital vein. The arterial and portal venous phases were obtained at 40–50 s and 80–90 s after the injection of the contrast medium, respectively. The clinical data were collected by screening the institutional medical reports.



Collection of Clinical Data

All patients were performed with required examination. The clinical data included age, gender, clinical symptoms (abdominal discomfort or jaundice), total bilirubin (TBil) increase (>17.1 umol/L), direct bilirubin (DBil) increase (>7 umol/L), indirect bilirubin (IBil) increase (>13.7 umol/L), and Carbohydrate antigen199 (CA199) increase (>37 Ku/L).



Analysis of the Images

All the images were evaluated by two experienced abdominal radiologists independently who were unknown of the pathology result. The variables of CT imaging were as follows: The shape of duodenal papilla (regular or irregular), extrahepatic bile duct dilation (EHD) (>10 mm, >20 mm), intrahepatic bile duct dilation (IHD) (>5 mm), PD dilation (>3 mm, >5 mm), asymmetric thicken of the distal of the common bile duct, thicken of the adjacent duodenal wall, target sign, cut off suddenly of the common bile dilation, the CT attenuation of the lesions in three phases, and correlated two ratios. Target sign indicated that dilated common bile duct extended the baseline of the inner wall of the duodenum. Ratio 1 was defined as CT attenuation of arterial phase minus that of plain scanning, ratio 2 was defined as CT attenuation of portal phase minus that of plain scanning.



Statistical Analysis

Continuous variables are presented as median with standard deviation (M-S), and categorical variables as number with percentage. The same variables between two groups were compared using the Student t test for continuous variables and chi-square or Fisher’s exact test for categorical variables. Variables that presented statistically significant in univariate analysis (P < 0.05) were obtained into ridge regression analysis to minimize multicollinearity (11) and then obtained into a logistic regression model. For the development of an integer-based scoring system, we used the method presented by Ben AH et al. (12), which converted regression coefficients to weight scores through dividing each coefficient with one-half of the smallest beta coefficient and then rounded to the nearest integer. The total score range were calculated through summing the individual score corresponding to the related variables. The receiver operating characteristic curve (ROC) curve and the area under curve (AUC) was performed to evaluate the discriminatory of the models, and Hosmer-Lemeshow was used to access the calibration of the models. Comparison between ROCs of different models was performed through Delong nonparametric method (Delong and others 1988).

All the data were analyzed by SPSS version 25.0 software (IBM Crop, Armonk, NY, USA), except ROCs comparison was performed by MedCalc statistical software, version 19.0 (MedCalc Software Bvba, Ostend). A two-sided p value <0.05 considered statistically significant.




Results


Clinical Characteristics in Patients

The comparison of clinical characteristics was summarized in Table 1. There was no significant difference between benign and malignant bulging duodenal papilla with regard to age and abdominal discomfort. But gender, jaundice, TBil increase (>17.1 umol/L), DBil increase (>7 umol/L), IBil increase (>13.7 umol/L), and CA199 increase (>37 Ku/L) presented significant difference.


Table 1 | Clinical characteristics in patients.





Imaging Features in Patients

The comparison of CT imaging characteristics was summarized in Table 2, which presented significant difference in the shape of duodenal papilla, EHD dilation (>10 mm, >20 mm), IHD dilation (>5 mm), PD dilation (>3 mm, >5 mm), and cut off suddenly of the common bile dilation.


Table 2 | Imaging features in patients.





Development of the Preoperative Predictive Model

In the univariate analysis, totally 13 clinical and CT features showed statistical difference as demonstrated in Tables 1 and 2 [gender, jaundice, TBil increase (>17.1 umol/L), DBil increase (>7 umol/L), IBil increase (>13.7 umol/L), CA199 increase (>37 Ku/L), the shape of duodenal papilla, EHD dilation (EHB) (>10 mm, >20 mm), IHD dilation (>5 mm), PD dilation (>3 mm, >5 mm), and cut off suddenly of the common bile duct], which then were included in ridge regression analysis to minimize multicollinearity in multivariate analysis. When K value was 0.2, the ridge trace presented with the standardize coefficients of variables was to be stable and the model was significant (P < 0.001), where five variables presented positive correlation with malignant duodenal papillary diagnosis, including DBil increase (>7 umol/L) (P < 0.0001), PD dilation (>5 mm) (P = 0.004), irregular shape (P = 0.048), jaundice (P = 0.02), and IHD dilation (>5 mm) (P = 0.041).

Multivariate logistic regression was performed to get further verification, and three variables showed independent correlation with the diagnosis of malignant duodenal papillary lesions in this primary preoperative predictive model including DBil increase (>7 umol/L) (OR 36.968; 95% CI 12.74–107.277), PD dilation (>5 mm) (OR 8.403; 95% CI 2.509–28.14), and irregular shape (OR 7.435; 95% CI 1.73–31.953), as demonstrated in Table 3, which were finally adopted to develop the scoring system. Hosmer-lemeshow goodness-fit test presented good calibration of this primary preoperative predictive model (P = 0.780>0.05), and the AUC of the model was 0.896 (95% CI 0.835–0.940; P < 0.0001).


Table 3 | Establishment of the scoring system.





Development of the Scoring System

To provide a quantitative method to predict malignant duodenal papillary lesions, a scoring system was proposed based on multivariate analysis. Weighted scores were assigned to three independent variables as follows: DBil increase (>7 umol/L), 3 points; PD dilation (>5 mm), 2 points; irregular shape, 2 points (Table 3). After summing the individual score corresponding to the related variables, a scoring system (range from 0 to 7) was finally constructed. Hosmer-lemeshow goodness-fit test presented good calibration of this score model (P = 0.434>0.05), and the AUC of the model was 0.896 (95% CI 0.835–0.940; P < 0.0001), similar to the primary preoperative predictive model. And the comparison of ROCs verified by DeLong test showed no statistical difference between two models (P = 0.9145>0.05), indicating that the score model made full use of the value of the primary predictive model. When use 2.5 points as the cutoff value, the sensitivity of this scoring system was 78.8% and the specificity was 88.1%.

To apply this scoring system conveniently in practice, we further divided it into three score ranges as follows: 0–2 points; 3–4 points; 5–7 points. The predictive positive rates of the three ranges increased as demonstrated in Table 4. The correlation of the three critical factors and bulging duodenal papilla is presented by a Venn diagram (Figure 2).


Table 4 | Patients with malignant bulging duodenal papilla in three score ranges.






Figure 2 | The correlation of the three critical factors and bulging duodenal papilla is presented by a Venn diagram, which performed by Draw Venn Diagram Website (http://jvenn.toulouse.inra.fr/app/example.html).






Discussion

The scoring system established in this study could successfully detect malignant bulging duodenal papilla through observing three clinical and CT imaging features, including DBil increase (>7 umol/L), PD dilation (>5 mm), and irregular shape of the papilla (Table 5).


Table 5 | The scoring system for preoperative prediction in the bulging duodenal papilla with malignancy.



With the widespread use of various imaging modalities, the enlargement of the major duodenal papilla is increasingly being detected at CT. There are many reasons that could cause the enlargement of the papilla, such as papillitis, periampullary and ampullary cancer, pancreatitis, and choledochocele (1). And It is more difficult to identify the course when there was only enlarging duodenal papilla without obvious lesions in neighboring organization. The invasive operation and may be major post-procedural complications of ERCP prompt to find a non-invasive method to identify the pathological condition of the bulging papilla (6–8). Although CT can’t clarify the exact cause of enlargement, it can provide additional information such as dilatation of the common bile duct or PD, thereby could preoperatively predict of malignancy in the bulging duodenal papilla.

To focus on pathological abnormalities originated from the duodenal papilla, we excluded some conditions, such as stones in bile duct identified at CT or magnetic resonance imaging (MRI) and some lesions originated from pancreatic and common bile duct involving the major duodenal papilla.

We used lager than 5 mm at CT as the standard of the enlargement papilla. The sizes of the normal major duodenal papilla are various (1, 3). It described that the papilla was always less than 10 mm when identified by thin-section CT scans at some reports (1, 13, 14), but due to the volume effect, it may be inappropriate to use 10 mm as the standard for the enlargement of the major duodenal papilla. Therefore, we included patients with bulging duodenal papilla larger than 5 mm to avoid missing cases.

In our scoring system, DBil increase (>7 umol/L) is the only one clinical variable absorbed and the OR is 36.968 (95% CI 12.74–107.277) that weighted the highest score. For obstructive jaundice which can be frequently observed in patients with bulging duodenal papilla, some clinical characteristics has presented potential in the differential diagnosis of the benign and malignant cause like CA199 and total bilirubin (15–18). In this study, the normal range of TBil, DBil, IBil, and CA19-9 were 1.71–17.1 umol/L, 1.71–7 umol/L, 1.7–13.7 umol/L, and 0–37 Ku/L respectively. We found TBil increase (>17.1 umol/L), DBil increase (>7 umol/L), IBil increase (>13.7 umol/L), and CA199 increase (>37 Ku/L) was significantly different between benign and malignant bulging duodenal papilla, but only DBil increase (>7 umol/L) showed statistical significance in binary logistic regression, indicating the potentiality of this index.

Malignant lesions of the major duodenal papilla typically present as a hypoattenuating mass with enhancement on arterial and portal phase at CT (10) and its borders may be lobulated and infiltrating (19). The size of papilla/papillary mass was reported as the only independent variable to differentiated ampullary tumor from benign papillary stricture based on CT imaging (10). In our analysis, there was no statistical difference in the attenuation value of the two groups in the three phases or the size of papilla, but irregular shape of the bulging papilla was another variable of this scoring system (OR 7.435; 95% CI 1.73–31.953) (Figure 3). However, we mentioned that the appearance rate of irregular papilla was not high (10.2%) and it was more frequently seen when the papilla was relatively larger, suggesting that this characteristic may be more meaningful in this condition. Malignant papillary carcinomas often presented as small lesion when diagnosed because of the relatively early onset of symptoms, which may be difficult to be distinguished from other causes due to not obvious in images (20). In these condition, secondary findings, such as marked bile duct dilatation and mild to moderate dilatation of PD, can provide hints, which can be obviously presented in CT (21), and dilatation of both was seen in approximately 52% (13). The maximum diameters of this duct also showed potential in predicting malignancy (10). EHD >10 mm, EHD >20 mm, IHD >5 mm, PD >3 mm, and PD >5 mm all showed statistical difference between two groups, and only PD >5 mm was one of the independent variables in binary logistic regression (OR 8.403; 95% CI 2.509–28.14), reminding us pay attention to the degree of PD dilatation (Figure 4).




Figure 3 | Benign enlargement of papilla in a 79 years old female. The shape of bulging papilla was regular (arrow) with a size of 18.6 × 19.7 mm (A); Malignant enlargement of papilla in a 64 years old male, post-contrast image depicted irregular shape of bulging papilla with a size of 25.1 × 15.4 mm (arrow) (B).






Figure 4 | Malignant enlargement of papilla in 66 and 67 years old male respectively, post-contrast image depicted dilation of PD >5 mm (7.4 and 7.8 mm respectively) (arrow) (A, B); Benign enlargement of papilla in a 75 years old female, the dilation of PD was 4 mm (<5 mm) (arrow) (C, D).



In previous studies, some other imaging features also had been reported. The enlargement of the major duodenal papillary caused by benign edematous thickening at the ampulla of Vater could present wall thickening and more intense enhancement than normal papillary (22, 23). We observed thickening of the adjacent duodenal wall and the distal of the common bile duct, and we found they both showed statistical difference between two groups. Although none of them were included in the logistic regression, both of these two conditions occurred in malignant enlargement of the duodenal papillary in this study, which still worthy of our attention.

There are some limitations in our study. Firstly, there may be inherent selection bias due to retrospective study design. Secondly, we wanted to further study the meaningful difference between patients with inflammation or diverticulum and with duodenal papillary adenoma, but there were no variables presented statistical significance in univariate analysis in this cohort, which indicating more patients and more variables may need to be brought in.

In conclusion, we established a scoring system for preoperative prediction of malignancy in the bulging duodenal papilla, which incorporating three critical variables, including DBil increase (>7 umol/L), PD dilation (>5 mm), and irregular shape of the bulging papilla. This scoring system has good discriminative ability for malignant enlargement of the papilla, and we believe that such prediction could have significant assistance in the clinical practice.
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Objectives

This study aims to evaluate and compare the diagnostic value of DKI and APT in prostate cancer (PCa), and their correlation with Gleason Score (GS).



Materials and Methods

DKI and APT imaging of 49 patients with PCa and 51 patients with benign prostatic hyperplasia (BPH) were collected and analyzed, respectively. According to the GS, the patients with PCa were divided into high-risk, intermediate-risk and low-risk groups. The mean kurtosis (MK), mean diffusion (MD) and magnetization transfer ratio asymmetry (MTRasym, 3.5 ppm) values among PCa, BPH, and different GS groups of PCa were compared and analyzed respectively. The diagnostic accuracy of each parameter was evaluated by using the receiver operating characteristic (ROC) curve. The correlation between each parameter and GS was analyzed by using Spearman’s rank correlation.



Results

The MK and MTRasym (3.5 ppm) values were significantly higher in PCa group than in BPH group, while the MD value was significantly lower than in BPH group. The differences of MK/MD/MTRasym (3.5 ppm) between any two of the low-risk, intermediate-risk, and high-risk groups were all statistically significant (p <0.05). The MK value showed the highest diagnostic accuracy in differentiating PCa and BPH, BPH and low-risk, low-risk and intermediate-risk, intermediate-risk and high-risk (AUC = 0.965, 0.882, 0.839, 0.836). The MK/MD/MTRasym (3.ppm) values showed good and moderate correlation with GS (r = 0.844, −0.811, 0.640, p <0.05), respectively.



Conclusion

DKI and APT imaging are valuable in the diagnosis of PCa and demonstrate strong correlation with GS, which has great significance in the risk assessment of PCa.
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Introduction

Prostate cancer (PCa) is the second most common cancer in men and the second leading cause of cancer death (1), with its incidence continuing to rise (2). Prostate cancer often occurs simultaneously with benign prostatic hyperplasia and has similar clinical symptoms. Most patients are already in advanced stage of PCa at the time of treatment (2). Therefore, early accurate diagnosis and evaluation of the aggressiveness of PCa is of great significance (3). The Gleason scoring (GS) system is the golden standard for the diagnosis of PCa (4) with a form of the main structural type + secondary structural type according to the degree of differentiation of the glands in the tumor and its growth in the interstitial. GS is an important index to reflect the risk and biological aggressiveness of PCa (4, 5). The higher the GS is, the higher the risk and aggressiveness are (4). Moreover, the treatment strategies and prognosis of PCa vary according to different GSs (6). The GS of PCa is commonly obtained through transrectal ultrasound (TRUS)-guided biopsy, but the biopsy is invasive and easy to reduce the lesions grade or miss small lesions (7). Therefore, for male patients with clinically suspected PCa, it is necessary to find a non-invasive method to accurately diagnose and evaluate its risk and aggressiveness.

In recent years, multi-parametric magnetic resonance imaging (MRI) has gained ascending interest in the management of PCa. Conventional T2WI mainly reflects the contrast information of tissue structure and T2 relaxation characteristics. With high resolution, T2WI is often used in the anatomical division of prostate and the detection of PCa. Conventional diffusion weighted imaging (DWI) is based on Gaussian distribution model, reflecting the diffusion restriction of water molecules by detecting the Brownian motion of water molecules within different tissues in vivo (8). Many previous studies concerning DWI (9–11) have been carried out on PCa and shown their potential values in differentiating PCa and noncancerous tissue. However, the movement of water molecules in tissue is often affected by the density of cells, the integrity of cell membrane and the surrounding microenvironment. Diffusion kurtosis imaging (DKI), firstly proposed by Jensen et al. (12) in 2005, is a non-Gaussian diffusion model that reflects microstructural complexity of tumor tissue and is prior to the single index model (13, 14). The two commonly-used parameters derived from DKI are mean kurtosis (MK) and mean diffusivity (MD). The MK value can well represent the deviation degree from Gaussian distribution and reflect the complexity of organizational structure (15). The MD value provides novel diffusion properties that describe the tissue microstructure. Previous studies have shown that DKI can evaluate the aggressiveness of peripheral zone cancer, and its diagnostic value is superior to conventional DWI (16). In addition, some studies indicated that MK value can effectively differentiate the GS of PCa (17, 18). Therefore, DKI can detect the changes of microenvironment in tissue through non-Gaussian distribution model and reflect the invasiveness of PCa. Amide proton transfer weighted imaging (APTWI) is a new technique based on chemical exchange saturation transfer imaging, as well as a novel endogenous contrast mechanism for MRI by detecting low-concentration solutes such as mobile proteins and peptides in tissues or tumors that contain abundant amide (–NH) chemical constituents (19, 20). Zhou et al. (19) detected the macromolecules and peptides in vivo by APTWI for the first time. Previous studies have shown that APT is valuable in evaluating the tumor invasiveness (21–23). In addition, a preliminary study of APT on PCa showed that APT can distinguish prostate cancer tissue from non-cancerous peripheral zone tissue (24). Takayama et al. (25) applied APT in GS assessment of prostate cancer, and concluded that there was no correlation between MTRasym (3.5 ppm) and GS. Recent studies (26, 27) also indicated that APT has the potential of detecting active malignant glioma as a non-invasive examination.

However, there are few systematic studies of APT and DKI on the diagnostic assessment and invasive evaluation of PCa without exogenous contrast agents. The purpose of this study is to explore the value of DKI and APT in the diagnosis of PCa, as well as in the evaluation of the aggressiveness of PCa, in order to improve and guide the diagnosis and treatment of PCa in clinical practice.



Materials and Methods


Patients

This study was approved by the local Institutional Ethics Committee, and all subjects signed the informed consent. From May 2018 to July 2019, 129 patients suspected of PCa and BPH were initially enrolled. Patients were included based on the following criteria: (1) with urinary symptoms and clinical suspicion of prostate cancer or benign prostatic hyperplasia that had not been previously treated; (2) with high level of prostate specific antigen than normal; (3) had no contraindication to MR examinations. Among them, 29 patients were excluded for the following reasons: (1) were non-PCa and non-BPH confirmed by pathological examination (n = 8); (2) did not undergo pathological biopsy or operation (n = 6); (3) received radiotherapy and chemotherapy or endocrine treatment before examination (n = 7); (4) received androgen deprivation therapy before examination (n = 4); (5) could not meet the requirements of post-processing (n = 3) (Figure 1). Finally, 49 patients with PCa and 51 patients with BPH were eligible for this study, and their images and pathological data were collected. All GSs were derived from the pathological results after biopsy or radical prostatectomy.




Figure 1 | Flowchart of the patient selection process.





MRI Protocol

All patients underwent conventional MRI and APT/DKI examinations of prostate on 3.0 T MR scanner (Discovery MR750, GE Healthcare, Milwaukee, Wisconsin) with a 32-channel phased-array torso coil before operation or biopsy. Before the examination, the patients were required to empty the intestines and keep the bladder moderately full. The scanning position is supine position with feet entering the scanner first, and the scan range is from anterior superior iliac spine to upper margin of the pubic symphysis. First, conventional prostate MR images were obtained. Conventional MRI includes the following sequence: coronal/sagittal T2-weighted imaging (T2WI), axial fat-suppressed T2WI, axial T1-weighted imaging (T1WI) without fat suppression, and axial DWI (b = 0, 1,000 mm2/s). Under the guidance of the conventional sequence, the DKI (b = 400, 800, 1,200, 1,600 and 2,000 s/mm2) and APTWI were performed with the same thickness and spacing. Two-dimensional axial APT imaging was performed using a single-shot echo-planar imaging sequence. According to the tumor area displayed on T2WI, we performed multiple single-slice APT scans, and obtained the corresponding APT information of each slice to draw ROIs for measurements. In addition, any form of contrast-enhanced examination should not be given to patients 24 h before the APTWI scanning to avoid interference with the APT signal (28). Table 1 displayed the scan parameters.


Table 1 | Scanning parameters.



In the APT model, the only parameter of APT is the asymmetric magnetization transfer rate at 3.5 ppm (MTRasym (3.5 ppm)). The data were acquired with 52 frequencies, including 49 frequency offsets from 600 to −600 Hz with an interval of 25 Hz and three unsaturated images at 5,000 Hz for signal normalization. With a weak and short B1 power, a Z-spectrum dominated by direct saturation was generated and provided sub-Hertz accuracy for spectral frequency alignment. The formula is MTRasym (3.5 ppm) = (S(−3.5 ppm) − S(+ 3.5 ppm))/S0, where S0 is the signal strength before the application of saturation pulse, S is the signal strength after the application of saturation pulse at a certain chemical shift.

In the DKI model, there are a few parameters. We selected two representative parameters (MK and MD values) to analyze. MK value is the apparent kurtosis coefficient (dimensionless), and MD value is the corrected apparent diffusion parameter (10−3 mm2/s).



Image Analysis

All images were transferred to the workstation (Advantage workstation 4.6, GE Healthcare, Milwaukee, Wisconsin) and processed with corresponding software package (DKI, APT). Two experienced urogenital radiologists (H.J.Y. and R.F.Y. with 5 and 15 years of experience, respectively) measured the MTRasym (3.5 ppm), MD, and MK values in a double-blinded manner without knowing the clinical data. In-depth discussions were required if any disagreement occurred, and final agreements were reached by the corresponding author (D.M.H., with more than 20 years of experience in prostate MR imaging). The lesions in the PCa group were confirmed by using T2WI and DWI, and central glands with diffuse hyperplasia were selected for measurements in the BPH group. The DKI/APT images were fused with the T2WI image, the ROIs were drawn slice by slice according to the tumor boundary displayed by T2WI, and the average value of each tumor in different slices was taken as the final results. The principle of the delineation of ROIs were as follows: set the appropriate ROIs at the range of 50–150 mm2 according to the size of the lesion; contain solid components as much as possible, but keep a certain distance from the edge of the lesion to avoid volume effect; avoid cystic change, necrosis, calcification and urethra when place the ROIs.



Statistical Analysis

All statistical analyses were analyzed with SPSS 24.0 (SPSS, Chicago, IL, USA) and MedCalc version 15.6.1 for Windows (MedCalc software, Mariakerke, Belgium). The intraclass correlation coefficient (ICC) was used to assess the consistency of each parameter measured by the two radiologists, and standards are as follows: 0.80–1.00, excellent agreement; 0.60–0.79, good agreement; 0.40–0.59, moderate agreement; 0.20–0.39, fair agreement; and 0.00–0.19, poor agreement (29). Kolmogorov–Smirnov test was used to evaluate whether the distribution of the measured data followed the normal distribution, and the data were expressed as mean ± standard deviation (SD). The difference of MK, MD and MTRasym (3.5 ppm) between PCa group and BPH group was measured by student t-test. The difference of MK, MD and MTRasym (3.5 ppm) among BPH and PCa in low, intermediate and high risk groups were tested by analysis of variance (ANOVA), and then the following comparisons between groups were performed by using Student–Newman–Keuls. The receiver operating characteristic (ROC) curve analysis was used to evaluate the diagnostic performance of each parameter. The threshold, sensitivity and specificity were calculated by using the maximum Youden’s index, and the area under the curve (AUC) was compared by using Delong method (30). The correlation between GS and each parameter was analyzed by using Spearman’s correlation analysis, and standards are as follows: r ≥0.75, good; 0.50 ≤ r < 0.75, moderate; 0.25 ≤ r < 0.50, mild; and r <0.25, little or none (31). P <0.05 indicated statistical significance.




Results

In this study, 49 patients with PCa and 51 Patients with BPH were enrolled. According to GS, PCa group was divided into low risk group (GS <7), intermediate risk group (GS = 7) and high risk group (GS >7), which included 10 cases in the low-risk group, 14 cases in the intermediate-risk group, 25 cases in the high-risk group (12 cases for GS = 8; seven cases for GS = 9; six cases for GS = 10). There was no significant difference in age among groups, as shown in Table 2. The images of derived parameters of DKI and APTWI are shown in Figures 2 and 3.


Table 2 | Characteristics of patients and lesions.






Figure 2 | A 75-year-old man with BPH. (A) T2-weighted image, (B) Diffusion-weighted image, (C) APT pseudo-colored map, (D) Mean kurtosis pseudo-colored map, (E) Mean diffusivity pseudo-colored map, (F) pathological image.






Figure 3 | A 58-year-old man with PCa in right peripheral zone, GS is 8. (A) T2-weighted image shows hypointense signal in the lesion, (B) Diffusion-weighted imaging indicates hyperintense signal, (C) APT pseudo-colored map shows yellow-green pseudocolor in the lesion, (D) Mean kurtosis pseudo-colored map indicates red-yellow-green pseudocolor in the lesion, (E) Mean diffusivity pseudo-colored map shows blue-green pseudocolor in the lesion, (F) pathological image.




Observer Consistency

The results of ICC showed that the MK, MD and MTRasym (3.5 ppm) values both in PCa and BPH measured by the two observers had good agreement, which is shown in Table 3. The ICCs of PCa were 0.882 for MK, 0.873 for MD, and 0.793 for MTRasym (3.5ppm). The ICCs of BPH were 0.895 for MK, 0.879 for MD, and 0.807 for MTRasym (3.5ppm). The average value of each parameter obtained by the two observers was used as the final evaluation.


Table 3 | Interobserver agreement for each parameter of PCa and BPH.





Comparative Analysis of Parameters

The MK and MTRasym (3.5 ppm) values in PCa group were significantly higher than those in BPH group, while the MD values in PCa group were significantly lower than those in BPH group (P <0.001). The comparisons among different risk groups of PCa showed that the MK and MTRasym (3.5 ppm) values in the low-, intermediate- and high-risk groups increased gradually (P <0.001). And the MD values in the low-, intermediate- and high-risk groups decreased gradually (P <0.001). The differences of MK, MD and MTRasym (3.5 ppm) values among all subgroups were statistically significant (P <0.001). The results are shown in Table 2 and Figure 4.




Figure 4 | Boxplots of MK/MD/MTRasym (3.5 ppm) values in different groups. (A–C) show the comparison of parameters between BPH and PCa, respectively. (D–F) show the comparison of parameters between low-, intermediate-, high-risk groups, respectively. * represents P < 0.05.





ROC Analysis

The ROC curve of MK, MD, MTRasym (3.5 ppm) values in the diagnosis of PCa and different risk groups is shown in Figure 5. For all the groups, the area under curve (AUC) of MK value is the highest (AUC = 0.965, 0.882, 0.839, 0.836). The comparison between the intermediate-risk and high-risk groups showed that AUC (MK) > AUC (MTRasym (3.5 ppm)) > AUC (MD). But in the comparisons between other groups, AUC (MK) > AUC (MD) > AUC (MTRasym (3.5 ppm)). In the ROC analysis, the differences among the AUC (MK), AUC (MD) and AUC (MTRasym (3.5 ppm)) were statistically significant for all groups (P <0.001). The details are summarized in Table 4.




Figure 5 | ROC curves of MK/MD/MTRasym (3.5 ppm) values between BPH and PCa groups (A), BPH and low-risk groups (B), low-risk and intermediate-risk groups (C), intermediate-risk and high-risk groups (D), respectively.




Table 4 | Parameters of ROC curve.





Correlation Analysis

The correlation between each parameter derived from DKI and APT and GS of PCa patients was analyzed. MK value shows a good positive correlation with GS (r = 0.844, P <0.001), MD shows a good negative correlation with GS (r = −0.811, P <0.001), and MTRasym (3.5 ppm) was moderately and positively correlated with GS (r = 0.640, P <0.001). The relationship is shown in Figure 6.




Figure 6 | The correlation between MK/MD/MTRasym (3.5 ppm) and Gleason Scores (GS) (A−C), r=0.844, −0.811, 0.640, respectively.






Discussion

In our study, the diagnostic value of DKI and APT for prostate cancer (PCa), as well as the risk assessment of PCa by using DKI and APT were analyzed. According to the results of the study, MTRasym (3.5 ppm), MK and MD can be used to distinguish prostate cancer from BPH. Meanwhile, these three parameters shows ability in the risk assessment of prostate cancer, which is consistent with previous research results (16–18, 24, 25).

This study indicated that MTRasym (3.5 ppm) value in PCa was generally higher than that in BPH. The main conclusion was consistent with the conclusion of Jia et al. (24), which was that APTWI has the potential to discriminate between cancer and noncancerous tissues. The technical reason was that APT can detect the change of mobile protein and polypeptide in vivo noninvasively. And the pathology basis was that normal prostate tissue is composed of loose glands, large extracellular spaces and glands cavity filled with fluid (4, 32), while in PCa tissue, the cell arrangement is tight, the intercellular space is reduced, the volume of gland cavity is reduced, and the macromolecules and polypeptides secreted by tumor tissue are increased (33). Our study also found that MK value was higher and MD value was lower in PCa than that in BPH. The main case was that in cancerous tissue the gland structure is destroyed, the cell density increases, and then the complexity of prostate microstructure increases, and the diffusion movement of water molecules is more restricted (34).

GS is an internationally recognized scoring system for prostate cancer reference (4, 35), which classifies the risk according to the degree of differentiation of intratumoral glands and their growth pattern in stroma. It is a pathological reference standard and measures the invasiveness of PCa (4, 5, 36). We also compared the MTRasym (3.5 ppm)/MK/MD value among the low-, intermediate- and high-risk groups, concluding that MK and MTRasym (3.5 ppm) values of the low-, medium- and high-risk groups increased gradually, while the MD value decreased gradually. It is speculated that with the increasing of tumor proliferation, the density of tumor cells, the mobile protein content, and diffusion restriction in the lesions are also increased (25).

ROC analysis showed that in the identification of BPH and PCa group, BPH and low-risk group, low-risk group and intermediate-risk group, intermediate-risk group and high-risk group, MK shows the largest AUC among the three used parameters as the AUC of the first three differentiation is MK > MD > MTRasym (3.5 ppm) and AUC of the fourth differentiation is MK > MTRasym (3.5 ppm) > MD. That is to say, MK, MD, and MTRasym (3.5 ppm) all can be used in the risk assessment of PCa, and MK has the greatest diagnostic efficiency for PCa, which is consistent with the conclusions of Suo, Quentin and Tamura (37–39). It is worth mention that in our comparison of PCa and BPH, the high-risk cases account for a large proportion (25/49) in PCa group, which may overestimate the diagnostic efficiency of each parameter between groups.

Our study shows that MK and MTRasym (3.5 ppm) respectively have a good and moderate positive correlation (r = 0.844, 0.640) with GS, and MD has a good negative correlation (r = −0.811) with GS. The MK has the strongest correlation, then MD the second, and MTRasym (3.5 ppm) the last. This implies that MK value has the strongest ability to predict GS of PCa, which is consistent with the results of Wang et al. and Tamada et al. (17, 18). When it comes to MTRasym (3.5 ppm), the result is consistent with Togao and Zhou et al. (20, 21) in the study of central nervous system tumors and Wu, Li et al. (14, 40) in the study of prostate cancer, while different from the results of Takayama and Barrett et al. (25, 41), with finding that there was no significant correlation between MTRasym (3.5 ppm) value and GS, which can be explained by the following reasons. On one hand, with the increase of GS, tumor cell density and proliferation rate increased gradually, which is the main reason for the increase of MTRasym (3.5ppm) value (21, 24). At the same time, the tumor necrosis area also increased, which may also contribute to the increase of the MTRasym (3.5 ppm) value (21). On the other hand, the gland structure is destroyed, and liquid, mobile protein and polypeptide which contained in the gland is gradually reduced, which may have little influence but is the factor for the decrease of the MTRasym (3.5ppm) value (33, 42). In previous study, Takayama et al. (25) selected lesions with ROI ≥300 mm2, which may contain more areas of microcystic necrosis and reduce the MTRasym value of GS >7 cases. However, the ROI selected in our study is smaller, correspondingly there was less invisible cystic change and necrosis. In addition, there was no case with GS = 10 in previous study (22), while in our study, there were more patients in the high-risk group, especially GS = 10, so the MTRasym value of the high-risk group was higher, and MTRasym value has a positive correlation with GS. Moreover, the cell density and tumor heterogeneity of the lesions increased with high proliferation rate, so MK value increased gradually; the cell density increased and the diffusion restriction of water molecules increased, so MD decreased gradually (17, 18, 43). The study of Shan et al. (44) have also indicated that the parameters of DKI can be used to distinguish high- and low-risk prostate cancer. In summary, MK, MD and MTRasym (3.5 ppm) values can be used to evaluate the potential invasion of PCa and have correlations with GS risk.


Limitations of This Study

There are some limitations in this study. First, the number of cases in each risk group of PCa is small, especially in the low-risk group (10/49), which is the least. Second, the prostate cancer selected in this study has artificially avoided some rare subtypes like urothelial carcinoma and squamous cell carcinoma, which reduces the representativeness of the research results. In the future, we will continue to collect cases and further expand our sample size for more robust analysis. Third, in this study, GS = 7 is not divided into 3 + 4 or 4 + 3 groups for comparative analysis. We will gradually refine the groups for further research. Fourth, the artificial sketch of ROI in this study is with some subjectivity, which may affect the analysis. Moreover, we can’t avoid the invisible necrosis or cystic change totally, which also lead to contamination for our result. Methods like histograms and iconography may be more objective and can be used to improve the accuracy.




Conclusion

In conclusion, both DKI and APT can be used to diagnose PCa and assess its risk without additional use of external contrast agent, but DKI shows better diagnostic efficiency. They all have the potential to be used in routine clinical practice as new indicators to evaluate the risk of PCa, and to help early diagnosis and personalized diagnosis and treatment of PCa.
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Background

Patients with small hepatocellular carcinoma (HCC) (≤3 cm) still have a poor prognosis. The purpose of this study was to develop a radiomics nomogram to preoperatively predict early recurrence (ER) (≤2 years) of small HCC.



Methods

The study population included 111 patients with small HCC who underwent surgical resection (SR) or radiofrequency ablation (RFA) between September 2015 and September 2018 and were followed for at least 2 years. Radiomic features were extracted from the entire tumor by using the MaZda software. The least absolute shrinkage and selection operator (LASS0) method was applied for feature selection, and radiomics signature construction. A rad-score was then calculated. Multivariable logistic regression analysis was used to establish a prediction model including independent clinical risk factors, radiologic features and rad-score, which was ultimately presented as a radiomics nomogram. The predictive ability of the nomogram was evaluated using the area under the receiver operating characteristic (ROC) curve and internal validation was performed via bootstrap resampling and 5-fold cross-validation method.



Results

A total of 53 (53/111, 47.7%) patients had confirmed ER according to the final clinical outcomes. In univariate logistic regression analysis, cirrhosis and hepatitis B infection (P=0.015 and 0.083, respectively), hepatobiliary phase hypointensity (P=0.089), Child-Pugh score (P=0.083), the preoperative platelet count (P=0.003), and rad-score (P<0.001) were correlated with ER. However, after multivariate logistic regression analysis, only the preoperative platelet count and rad-score were included as predictors in the final model. The area under ROC curve (AUC) of the radiomics nomogram to predict ER of small HCC was 0.981 (95% CI: 0.957, 1.00), while the AUC verified by bootstrap is 0.980 (95% CI: 0.962, 1.00), indicating the goodness-of-fit of the final model.



Conclusions

The radiomics nomogram containing the clinical risk factors and rad-score can be used as a quantitative tool to preoperatively predict individual probability of ER of small HCC.
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Introduction

Liver cancer was the sixth most frequently diagnosed cancer and the fourth most common cause of cancer death globally in 2018, while hepatocellular carcinoma (HCC) accounted for 75-85% of cases (1). With the development of diagnostic equipment and advances in diagnostic techniques, more HCCs can be detected at an early stage (single tumor of 3cm or less) (2, 3). According to the American Association for the Study of Liver Diseases (AASLD) and European Association for the Study of Liver (EASL) management guidelines, the recommended treatment options for HCC include surgical resection (SR), radiofrequency ablation (RFA), and liver transplantation (4). Currently, SR and RFA are often used as curative treatment of small HCC (diameter of single cancer nodules ≤3cm, or the sum of diameter of two cancer nodules ≤3cm) (5). Unfortunately, even small HCC patients may have a poor prognosis due to the high incidence of tumor recurrence and metastasis (6–8). While according to the recent clinical practice guideline of HCC, recurrence of HCC is classified as either early recurrence (ER) (less than 2 years) or late recurrence (more than 2 years) (7, 8). In addition, HCC with ER generally has a poorer prognosis (9). ER is often considered to be the result of occult metastasis of the primary tumor (9, 10).

Numerous studies have shown that ER is associated with tumor aggressiveness, including tumor size, poor-cell differentiation, microscopic and macroscopic vascular invasion, and some blood indicators (11–13). Currently, there are many investigators attempting to predict ER by using conventional magnetic resonance imaging (MRI), apparent diffusion coefficient (ADC) maps, diffusion kurtosis imaging (DKI) (14–16). However, some of these sequences often require additional acquisitions and are susceptible to subjective factors. Therefore, ER remains one of the major obstacles to improving patients’ outcomes due to the lack of an objective and reliable preoperative prediction tool.

Recently, radiomics has been widely used to capture tumor heterogeneity by extracting and evaluating quantitative features from digital medical images for the assessment of tumor aggressiveness and prognosis (17, 18). In the field of HCC, radiomics has been used as a noninvasive tool to predict ER by comparing differences in texture parameters, or building a comprehensive classification model (19, 20). However, these studies only looked at ER after SR, omitting patients who underwent RFA. RFA is often used as first-line therapy with the advantages of minimal invasive, few complications and short hospital staying for small HCC. The long-term overall survival and tumor-free survival are thought to be not significantly different between SR and RFA (21). Furthermore, to the best of our knowledge, there have been few previous studies on the relationship between MRI-based radiomics signatures and the ER of small HCC after SR or RFA.

Therefore, this study was aimed to establish a radiomics nomogram to preoperatively predict ER of small HCC and to further provide the clinician with a quantitative tool for predicting individual probability of ER.



Materials and Methods


Patients

This retrospective study was approved by the institutional review board of our hospital, and the requirement of informed consent was approved for waiver. Patients were identified by searching through the picture archiving and communication system (PACS) database between September 2015 and September 2018. Preoperative gadobenate dimeglumine enhanced MRI were performed on 547 patients who were suspected of HCC. Two hundred and forty-two patients were initially excluded before SR or RFA due to tumor size (> 3 cm) (Figure 1).




Figure 1 | Flowchart showing the inclusion and exclusion of patients.



Patients were subsequently included according to the following criteria: 1) Patients with HCC confirmed by pathology or typical imaging findings (significant enhancement on arterial phase and wash-out in the portal venous or delayed-phase in multiphasic MRI); 2) Patients who underwent MRI examination within one month prior to SR or RFA; 3)Patients with complete clinical and laboratory data.

Exclusion criteria were as following: 1) Histopathologically diagnosed as other tumors rather than HCC (n=65); 2) Patients who underwent other treatments prior to SR or RFA (n=26); 3) Poor MR image quality, or lack of hepatobiliary imaging (n=32); 4) An insufficient follow-up time (<24 months) (n=87).

Patients were followed up regularly every 2-3 months for 2 years after SR or RFA and were monitored for recurrence by standard parameters including alpha-fetoprotein (AFP) level, liver function, CT and especially MRI. ER was defined as a new lesion with typical imaging characteristics in the remnant liver or other organs within 2 years after SR or RFA. Patients were followed until either ER or the end date of this study (September 30, 2020).



Clinical Characteristics

Clinical characteristics before SR or RFA were retrospectively obtained from an electronic medical record system. Demographic characteristics, history of hepatitis and cirrhosis, Child-Pugh score, AFP, alanine aminotransferase (ALT), aspartate aminotransferase (AST), and preoperative platelet count (PLT) were analyzed.



MRI Data Acquisition

One month prior to SR or RFA, MRI was performed in all patients by using a 3.0 T MRI scanner (MAGNETOM Verio; Healthineers, Erlangen, Germany) with a dedicated phased-array body coil. The standard abdominal MRI protocol consisted of the following sequence: 1) axial T2-weighted fat-suppressed turbo-spin-echo (TSE): repetition time (TR)/echo time (TE), 4700/79 msec, slice thickness, 5 mm, slice gap, 1 mm, FOV, 21 mm×38 mm; 2) DWI (b=50, 800 sec/mm2) performed with a free-breathing single-shot echo-planar technique, TR/TE, 9965/73 msec, slice thickness, 5 mm, slice gap, 1 mm, FOV, 21 mm×38 mm. Corresponding ADC maps were automatically calculated by the MRI system; 3) multiphase contrast enhanced MRI, a 3D gradient echo sequence with volumetric interpolated breath-hold examination (VIBE), was performed before and after injection of Gadobenate Dimeglumine (MultiHance; Bracco, Shanghai, China) 0.2 ml/kg at a rate of 2 ml/sec followed by a 20 ml saline flush with the following parameters: TR/TE, 3.9/1.4 msec, slice thickness, 3 mm, slice gap, 1 mm, FOV, 25 mm×80 mm. Hepatic arterial phase (AP), portal venous phase (PVP), equilibrium phase images and hepatobiliary phase (HBP) were obtained at 20–30 sec, 70–80 sec, 180 sec and 90 min after contrast medium injection, respectively.



Imaging Feature Evaluation

All MR images were independently reviewed by two experienced radiologists to assess the imaging features of the HCC in a single blind manner (unknown treatment for the patients and whether there were ER after SR or RFA). The two radiologists met to make final decisions by consensus when discordant cases occurred. The imaging features were selected according to the Liver Imaging Reporting and Data System (LI-RADS 2018) diagnostic algorithm including major features (nonrim arterial phase hyperenhancement (APHE), nonperipheral washout appearance (washout), enhancing capsule appearance (capsule), size and ancillary features (mild-moderate T2 hyperintensity, restricted diffusion, hepatobiliary phase hypointensity, etc.) (22). The maximum diameter of the tumor was measured at the level of the maximum cross-sectional area (if the lesion was clearly visible in other phases, do not measure in the arterial phase and DWI were avoided due to lesion size overestimation.



Feature Selection and Radiomics Signature Building

MaZda software (version 4.6, available at http://www.eletel.p.lodz.pl/mazda/) was used for texture analysis (TA) [24,25]. All MRI were transformed into Digital Imaging and Communications in Medicine (DICOM) format for compatibility.

All tumors were manually delineated by observer 1 (a radiologist with 7 years of experience in abdominal imaging), and the region of interest (ROI) was plotted on each cross section of the entire lesion. Texture features of the tumor were extracted from the T1 weighted, T2 weighted, AP, PVP and HBP image. HBP or T2 weighted imaging (in case of artifact) were used as the reference to delineate the tumor and were first segmented. Subsequently, the ROI was overlaid onto other phase images as required. If the tumor location had changed due to respiratory movement, fine adjustments were made to the ROI. The result of 101 features (derived from histogram, the absolute gradient, Gray Level Run-Length Matrix, Gray Level Co-occurrence Matrix, autoregressive model and wavelet transform) were generated from each three-dimensional segmentation, giving a total of 505 features for every lesion.

Twenty-six patients were randomly selected (12 ER and 14 NER) to explore the stability of each feature; observer 1 repeated tumor segmentation and observer 2 (with 9 years of experience in liver imaging) independently performed the segmentation in five image sequences (T2WI, T1WI, AP, PVP and HBP sequences). Intraclass and intergroup correlation coefficient (ICC) were used to evaluate the intra- and inter-observer repeatability of radiomics features, respectively. There is a good agreement of the feature extraction when the ICC is greater than 0.8.

To avoid overfitting and the curse of dimensionality, all radiomics features were loaded into the MAZDA feature selection package by image sequence (T2WI, T1WI and AP, PVP and HBP sequences) to select the most discriminative radiomics features between the ER group and the NER group. Feature selection algorithms included Mutual information [MI], fisher coefficient [Fisher], and classification error probability combined with average correlation coefficients [POE + ACC]. The three feature selection methods were supervised methods. Based on the MaZda’s automatic techniques, they were combined for the identification of 150 texture features in total, with the highest discriminative power for classification.

The least absolute shrinkage and selection operator (LASSO) method, which is suitable for the regression of high-dimensional data, was used to select the most useful predictive features among the final 150 texture features. LASSO is a regularization algorithm which can be used to eliminate irrelevant noises and do feature selection. It heavily relies on parameter λ, which is the controlling factor in shrinkage. The optimal value of λ is found by 10-fold cross-validation and 100 replicates to find the minimum mean squared error (minMSE) or minMSE + 1 standard error of minMSE backwards along the λ path (minMSE + 1SE), i.e., the largest λ-value such that the error is within 1SE of the minimum. The larger λ becomes, then the more coefficients are forced to be zero. Coefficients of some irrelevant variables are imposed to shrink towards zero, and every variable of which coefficient is non-zero is selected as the most significant predictor to be used in the model.



Development of an Individualized Prediction Model

A combined model was created after analyzing potential factors in multivariate logistic regression analysis which included independent clinical risk factors, radiologic features and radiomics score. The nomogram based on the combined model was established to provide the clinician with a quantitative tool to predict individual probability of ER. To quantify the prognostic performance, area under the curve (AUC) for receiver operating characteristic (ROC) curve for the prediction model was then calculated with 95% confidence intervals (CIs). The optimal cutoff values from the maximum Youden’s index, as well as the corresponding sensitivity and specificity for discriminating ER and NER, were obtained from ROC curve analysis. The model was internally validated using 1000 bootstrap samples to avoid overfitting. Another validation of 5-fold cross-validation was also applied. The calibration curve provided a comparison between the expected and observed conversion probabilities.



Statistical Analysis

Continuous variables were expressed as the mean ± standard deviation. The two-sample t-test or the Mann–Whitney U test for continuous variables, whereas the chi-square test or Fisher’s exact test was used as appropriate to compare the differences in categorical variables. Univariate and multivariate logistic regression analyses were performed to screen the independent risk factors of ER. Factors with a p value of 0.10 or less at univariate analyses were entered into the multivariate model. Odds ratios and 95% CIs were calculated. Model performance was assessed by model calibration. A p-value less than 0.05 (typically ≤ 0.05) is statistically significant. All statistical analyses were performed by using SPSS software (version 25.0; SPSS, Chicago, Ill) and R statistical software (version 3.6.3, https://www.r-project.org/).




Results


Patient Characteristics

A total of 111 patients including 93 (83.8%) male and 18 (16.2%) female were finally enrolled. These small HCC patients were treated with SR (n=45) or RFA (n=66) as initial therapy. A total of 53 (53/111, 47.7%) patients had confirmed tumor recurrence according to the two-year’ follow-up outcomes. Subsequently, patients were divided into the ER group (n=53) and the non-early recurrence (NER) group (n=58). Comparisons of baseline characteristics between small HCCs with or without ER are summarized in Table 1. There was no difference in the rate of ER between SR and RFA (P=0.336).


Table 1 |  Baseline characteristics of ER and NER groups in the study population.



There were significant differences in preoperative platelet count between the ER group and NER group (P=0.004). However, the other baseline characteristics did not differ between the two groups significantly. The optimal cut-off value was 157.5×103/ml, corresponding to the maximum sensitivity and specificity of the ROC curve, where the AUC of the platelet count was 0.661 (Figure 2). Patients with low preoperative platelet counts (<157.5×103/ml) were significantly more likely to recur than those with high preoperative platelet counts.




Figure 2 | Receiver operating characteristic curve of the preoperative platelet count (area under the curve = 0.661, standard error = 0.052, p = 0.004, 95% confidence interval = 0.559-0.762).





MRI Feature Evaluation

The conventional MR imaging features between the ER and NER groups were described in Table 2. We found that the enhancing capsule was statistically different between ER group and NER group (P=0.019). However, no significant differences were detected between the two groups across other imaging features, including tumor size, nonrim APHE, nonperipheral washout appearance, restricted diffusion, mild-moderate T2 hyperintensity, hepatobiliary phase hypointensity.


Table 2 | Analysis of radiologic features between ER and NER of small HCCs.





Feature Selection and Radiomics Signature Building

The interobserver ICC was >0.8, 0.5-0.79, <0.5 for 98%, 1% and 1% of the radiomic features extracted from five images sequences, respectively. The intraobserver ICC was >0.8, 0.5-0.79, <0.5 for 94%, 4% and 1% of the radiomic features extracted from six images sequences, respectively.

Nine potential features were selected by LASSO algorithm. These features were presented in the rad-score calculation formula. Features derived from non-enhanced T1 weighted images were reduced to 0, meaning a pretty poor robustness. The selected features in T2 weighted images included S(0, 0,1)Correlat. In AP images, the selected features included S(0,0,1)Correlat, Perc.01%3D, S(1,1,0)InvDfMom, GrNonZeros, S(0,1,0)InvDfMom, S(1,0,0)Correlat. And S(1,1,0)SumAverg in PVP images, Skewness3D in HBP images were also included. The rad-score for individual patients was calculated using the following formula: Rad-score = 5.670 + 0.487 × S(0, 0,1)Correlat (T2) - 5.272 × S(0,0,1)Correlat (AP) - 0.001 × Perc.01%3D(AP) - 4.071 × S(1,1,0)InvDfMom(AP) - 1.010 × GrNonZeros(AP) - 4.242 × S(1,0,0)Correlat(AP) - 0.901 × S(1,0,0)Correlat(AP) + 0.001 × S(1,1,0)SumAverg(PVP) + 5 × 10-5 × Skewness3D(HBP). There were significant differences in rad-score between ER and NER patients (P=0.001), patients with ER generally presented higher rad-scores.

The area under the ROC curve of the rad-score was 0.979 and the optimal cutoff value was -6.15.



Development of Individualized Predictive Models

Table 3 summarized the risk factors found to be associated with ER in small HCC after univariate analysis, including the presence of liver cirrhosis (P=0.015), hepatitis B virus infection (P=0.083), presence of hepatobiliary phase hypointensity (P=0.089), the Child-Pugh score (P=0.083), preoperative platelet count (P=0.003), and the rad-score (P=0.001). No multicollinearity was found among all independent variables in the multivariate analysis. Eventually, multivariate logistic regression analysis further identified the rad-score and preoperative platelet count as the final independent predictors of ER of small HCC. The model that incorporated the aforementioned independent predictors was developed and further presented in the form of a nomogram (Figure 3). The nomogram was used to provide clinicians with a quantitative tool for predicting the individual probability of ER.


Table 3 | Univariate and multivariate logistic regression analyses of the risk factors for ER of HCC.






Figure 3 | Radiomics nomogram developed with the rad-score and the preoperative platelet count. The nomogram is valued to obtain the probability of ER by adding up the points identified on the points scale for each variable.



The prediction ability of the final model was assessed using the AUC (estimated to be 0.981, 95% CI:0.957, 1.000, standard error 0.012) (Figure 4A) as well as the bias-corrected AUC, which was estimated using bootstrap with 1000 iterations and noted to be 0.980 (95% CI: 0.962, 1.000). The result of internal 5-fold cross-validation (AUC: 0.968, 95% CI: 0.916, 0.992, standard error 0.019) also showed favorable predictive efficacy. Figure 4B showed the calibration curve of the nomogram. The ideal curve fitted well with the calibration prediction curve, indicating the goodness-of-fit of the nomogram. Two case were provided to show nomogram’s ability to predict ER (Figures 5 and 6).




Figure 4 | The ROC curve and calibration curves for the radiomics nomogram. (A) Graph shows utility of ROC curve of the radiomics nomogram to discriminate ER and NER of small HCC. (B) Calibration curves for the radiomics nomogram. Calibration curves indicate the goodness-of-fit of the nomogram. The closer the full line approaches the ideal prediction line, the better the predictive efficacy of the nomogram.






Figure 5 | Images of a 46-year-old man with HCC without early recurrence. (A–E) the tumor demonstrates lack of enhancing capsule with hepatobiliary phase hypointensity. (F) the lesion was first ROI segmented in red and the ROI was plotted on each cross section of the entire lesion to get the texture information. The Rad-score of this patient was -6.7, and his PLT was 209×103/ml. According to the Nomogram, his total point was about 44, indicating the risk of ER was more than 0.1 but less than 0.3.






Figure 6 | Images of a 64-year-old man with HCC with early recurrence. (A–E) the tumor displays enhancing capsule and hepatobiliary phase hypointensity. (F) the lesion was first ROI segmented in green and the ROI was plotted on each cross section of the entire lesion to get the texture information. The Rad-score of this patient was -5.2, and his PLT is 144×103/ml. Based on the Nomogram, the patient’s total score was about 67, indicating that the risk of ER was between 0.8-0.9.



The Nomo-score was calculated using the following formula: Nomo-score = 8.277 + rad−score × 1.336 – PLT(1, <157.5×103; 0, >157.5×103) × 1.767




Discussion

Treatments for small HCC remain to be plagued by high recurrence rate, as evidenced by the observance that nearly half of the patients in our study developed tumor recurrence (53 in 111 patients). Thus, the development of any powerful tool to predict the ER of small HCC is promising. This study established a radiomics nomogram based on preoperative MRI, including the preoperative platelet count and radiomics signature (rad-score). The area under the ROC curve for radiomics nomogram prediction of ER of small HCC was 0.981 (95% CI: 0.957, 1.00). The radiomics nomogram, developed herein, had high prediction power, allowing clinicians to skip complex calculations and simply use the preoperative factors. Additionally, this nomogram can provide a reference for closer follow-up or more aggressive treatment for patients who are predicted to be ER positive.

So far, there have been many studies on the ER of HCC (23–25). In contrast to previous studies, the current study constructed a radiomics nomogram model to assess the individualized prediction of recurrence risk. The radiomics model presented here was based on preoperative MRI examination, which could be more objective and highly reproducible. Huang Z and his colleagues (26) found that nomogram models can be useful in determining the risk of recurrence-free survival with a C-index of 0.733 (95%CI: 0.672, 0.774). Zhang X et al. (27) constructed a CT radiomics-based models to predict microvascular infiltration (MVI) status and MVI risk of HCC. They concluded that the radiomics-based models presented as a reliable preoperative evaluation tool, with an AUC of 0.746 for CT radiography-based models. In this study, the radiomics nomogram also showed a good prediction of efficiency (AUC=0.981).

Compared with the basic MR imaging features, radiomics can objectively and quantitatively capture more information about intra-tumor heterogeneity based on pixel gray values (20, 28, 29), however, there is still controversy over the best method to obtain ROI. Ng F et al. (30) were in favor of abstracting the entropy and uniformity of whole tumor rather than using the largest cross-sectional area for the analysis of survival, because the analysis of the whole tumor was more representative of tumor heterogeneity. Gourtsoyianni et al. (31) also found that it was better to use global textural parameters in rectal cancer in terms of MRI repeatability. On the basis of previous studies, we chose to incorporate features of the whole tumor. Linear calculation was used to formulate a rad-score for each patient: the rad-scores demonstrated strong statistical significance in univariate and multivariate logistic analyses between ER and NER groups (P=0.001, both).

Note that the preoperative platelet count was the other independent risk factors for ER (P=0.049). However, there is little data to assess the prognostic value of preoperative PLT in patients with HCC. As we know, HCC usually occurs in patients with cirrhosis, and decreased platelet count is common due to portal hypertension and splenic isolation (4, 32). Pang Q et al. (33) reported that a low preoperative PLT level results in an unfavorable outcome in HCC. Ahmed Shehta et al. (34) also demonstrated that thrombocytopenia was a significant predictor of HCC recurrence after liver resection. In contrast, other studies concluded that thrombocytosis was a predictor of HCC recurrence reasoned due to the fact that blood platelets produce inflammatory mediators which play active roles in angiogenesis and tumor metastasis (35, 36). Furthermore, antiplatelet therapy can reduce the ER of HCC (37), and improve patient’s survival (38). In our study, the preoperative platelet count was strongly associated with recurrence of small HCC. Recurrence rate increased at lower platelet counts, and decreased at higher platelet counts. Further studies should be performed to more precisely characterize the mechanism between the platelet count and the recurrence of HCC.

Other factors such as age, AFP, PIVKA-II, tumor grade, tumor size, peri-tumor parenchymal enhancement in the arterial phase, unsmooth tumor margins, peri-tumor hypointensity in the hepatobiliary phase, and ADC values have been reported to be significantly associated with early tumor recurrence (39, 40). However, some of these clinic-radiologic factors were not found to be statistically significant in our study. Such inconsistency in existing studies may be related to the fact that all the cases we studied were small HCC. Some studies (41) have shown that small hepatocellular carcinoma does not exhibit typical imaging findings. Nevertheless, there are several limitations to our study. First, this was a retrospective single-center study design, which, inevitably, may have introduced selection bias. Second, 66 nodules were treated by RFA without obtaining histopathologic evidence. Despite this, we followed the practice guidelines of the American Association for the Study of Liver Diseases (4), which state that patients with typical imaging features of HCC (>1 cm) at four-phase dynamic CT or MR imaging do not require further evaluation to confirm the presence of HCC, and further initiation of appropriate therapy is recommended. Third, we did not use internal validity or external validity to check the generalizability, which may lead to data overfit. In future studies, a larger cohort population should be included to validate the results. Last but not least, this study only focused on intratumoral radiomics and some clinical parameters, ignoring the peritumoral region. Peritumoral ROI should be performed in the future to extract more radiomics features.

In conclusion, a radiomics nomogram was constructed to execute a preoperative prediction of the ER after SR or RFA for small HCC. This radiomics nomogram could be helpful for preoperative clinical decision-making of small HCC.
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Background

Esophageal squamous cell carcinoma (ESCC) is an aggressive type of cancer, associated with poor prognosis. The development of an accurate and non-invasive method to evaluate the pathologic response of patients with ESCC to chemoradiotherapy remains a critical issue. Therefore, the aim of this study was to assess the importance of vascular permeability and texture parameters in predicting the response to neoadjuvant chemoradiotherapy (NACRT) in patients with ESCC.



Methods

This prospective analysis included patients with T1–T2 stage of ESCC, without either lymphatic or metastasis, and distant metastasis. All patients underwent surgery having received two rounds of NACRT. All patients underwent dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI) twice, i.e., before the first NACRT and after the second NACRT. Patients were assessed for treatment response at 30 days after the second NACRT. Patients were divided into the complete response (CR) and partial response (PR) groups based on their responses to NACRT. Vascular permeability and texture parameters were extracted from the DCE-MRI scans. After assessing the diagnostic performance of individual parameters, a combined model with vascular permeability and texture parameters was generated to predict the response to NACRT.



Results

In this study, the CR and PR groups included 16 patients each. The volume transfer constant (Ktrans), extracellular extravascular volume fraction (ve), and entropy values, as well as changes to each of these parameters, extracted from the second DCE-MRI scans, showed significant differences between the CR and PR groups. The area under the curve (AUC) of Ktrans, ve, and entropy values showed good diagnostic ability (0.813, 0.789, and 0.707, respectively). A logistic regression model combining Ktrans, ve, and entropy had significant diagnostic ability (AUC=0.977).



Conclusions

The use of a combined model with vascular permeability and texture parameters can improve post-NACRT prognostication in patients with ESCC.





Keywords: neoadjuvant chemoradiotherapy, esophageal squamous cell carcinoma, dynamic contrast-enhanced magnetic resonance imaging, vascular permeability, texture parameter



Introduction

Esophageal cancer (EC) ranks seventh in cancer incidence and sixth in mortality rate worldwide (1). EC has a poor prognosis and an aggressive phenotype, specifically in the advanced stages (2). In China, EC was the fourth leading cause of cancer-related mortality in 2015 (3). Pathological results showed that 95.5% of patients had esophageal squamous cell carcinoma (ESCC) (4). The standard therapy for ESCC includes surgery, radiotherapy, and chemotherapy (4). Neoadjuvant chemoradiotherapy (NACRT) has been recommended by the National Comprehensive Cancer Network for locally advanced ESCC or unresectable ESCC (2). In Western countries, clinical analysis has shown that patients with squamous cell carcinoma had better outcomes than those with adenocarcinoma (5). Patients with ESCC showed an improved pathologic complete response after NACRT (5). Pathologic complete response is considered to be one of the most important prognostic factors in ESCC (6–8) with respect to overall survival and disease-free survival. The prediction of the pathologic response before treatment could be useful in the selection of treatment.

Since the esophagus is located in the thoracic body cavity, the evaluation of the pathologic response is based on traditional imaging techniques, such as magnetic resonance imaging (MRI), computed tomography (CT), and esophagoscopy (9). These techniques qualitatively assess a pathologic response without a quantitative evaluation. Therefore, establishing a rapid, accurate, and non-invasive method to evaluate the pathologic response to NACRT remains a challenge. In recent years, dynamic contrast-enhanced (DCE) MRI scanning has been widely used in clinical trials to assess the changes in vascular permeability in various diseases (10) and to evaluate early responses in EC to chemoradiotherapy (11). With the development of image post-processing techniques, texture analysis has become a widely used method in clinical trials to evaluate tumor progression (12). However, developing a non-invasive method to evaluate pathologic responses to NACRT remains a challenge.

Therefore, the aim of this prospective study was to develop a non-invasive quantitative method using DCE-MRI scanning and texture analysis to assess the response of patients to NACRT and explore whether it could be used in post-NACRT prognostication of patients with ESCC.



Materials and Methods


Patients

Between July 2016 and June 2018, patients presenting at the Taizhou hospital of the Zhejiang province with histologically confirmed ESCC (i.e., clinical stage T1-T2, N0, M0, according to the TNM staging system of the American Joint Committee on Cancer) were eligible for the present study (13). All patients were evaluated using standard laboratory tests, esophagogastroduodenoscopies with endoscopic ultrasound, biopsies, CT scans, and MRI scans. The inclusion criteria were: 1) no prior anti-cancer therapy; 2) anticipated survival of > 6 months; 3) age 18 to 70 years; 4) absolute white blood cells count of ≥4.0×109/L, neutrophil count of ≥1.5×109/L, hemoglobin level of 90 g/L, and normal liver and kidney function; and 5) Karnofsky performance status score of ≥ 90. The exclusion criteria were: 1) diagnosed or suspected allergy to cisplatin or vinorelbine; 2) presence of concomitant hemorrhagic disease; 3) pregnancy or lactation; 4) any prior surgery and gastric conduit failure after esophagectomy; 5) concomitant peripheral neuropathy, with a common toxicity criteria of ≥ 2; and 6) any prior malignancy other than esophageal carcinoma, such as carcinoma in situ of the cervix, nonmelanoma skin cancer, or cured early-stage prostate cancer; 7) only 1 cycle completed of NACRT before surgery.

This study was approved by our institutional review board (NCT02188615) and informed consent was obtained from all patients included in the analysis.



MRI Scanning

All patients underwent the first MRI scan before their first round of NACRT. The first MRI scan was scheduled 1–2 weeks before the administration of NACRT. All patients underwent the second MRI scan 1 week after the second round of NACRT.



Patient Positioning, Coil Selection, and Examination

MRI scanning was performed using the Discovery MR750 HD 3.0T scanner (GE Healthcare, USA) with 8-channel abdominal coil for all patients. Before each MRI examination, each patient was guided through breathing exercises and provided with 200 mL of drinking water to remove esophageal residues. During the MRI examination, the patient was instructed to remain calm and refrain from swallowing. The MRI examination protocol included pre-contrast MRI and DCE-MRI scans. The pre-contrast MRI showed signals on 2D-T1 weighted images (T1WI), i.e., without contrast enhancement and the parameter of scanning was thus the same as that of DCE-MRI (2 periods), and 2D-T2WI (repetition time [TR]/echo time [TE] =3500–4000/80–95 ms, field-of-view=380 mm × 280 mm, acquisition matrix=352 ×352, slice thickness=5 mm, number of slices=30). The protocol for DCE-MRI scanning was as follows: 6 s per period over a total of 40 periods with the scanning time of 240 s (TR/TE=3.9/1.4 ms, flip angle=12°, field-of-view=380 mm×280 mm, acquisition matrix=320 ×224, slice thickness=5 mm, number of slices=30). After two-phase scanning, Gd-DTPA-BMA (Omniscan, GE Healthcare, Little Chalfont, UK) was injected with an automatic double tube high-pressure injector at a rate of 2 mL/s (0.1 mmol/kg of body weight). Subsequently, 20 mL saline was injected to flush the tube.



NACRT

All patients were administered chemotherapy and radiotherapy at our hospital. In the preoperative radiotherapy regimen, the gross tumor volume included the primary esophageal tumor and metastatic lymph nodes; the clinical target volume (CTV) included the subclinical lesion (normal esophagus of 3 cm above and below esophageal tumor), and the corresponding para-esophageal lymphatic drainage area; the planned target volume included CTV plus a margin of 8 mm. A total dose of 25.0 to 30.0 Gy was administered in 10 fractions of 2.0 Gy/day, 5 times per week. The dose limit to the esophagus was of <15% of the volume. The cocurrent radiotherapy regimen comprised of cisplatin 25 mg/(m2/5 d) for 3 weeks. All patients received two cycles of NACRT; the total radiation dose was 50.0 to 60.0 Gy, and the total cisplatin dose was 150 mg/m2.



Treatment Response

Thirty days after the second course of NACRT, all patients underwent surgery. Pathologic response was evaluated after surgery by two physicians, each with 10 to 15 years of experience in diagnostic histopathology. Pathological response to NACRT was classified into five grades: grade 1, the absence of residual cancer and fibrosis; grade 2, the presence of residual cancer cells scattered throughout fibrosis; grade 3, the presence of fibrosis and tumor cells, with fibrosis predominant; grade 4, the presence of fibrosis and tumor cells, with tumor cells predominant; finally, grade 5, the absence of regressive changes. We defined grades 1 and 2 as complete response (CR) and grades 3 to 5 as partial response (PR) (14). According to the evaluation results, patients were divided into the CR and PR groups and 16 patients were included in each group.



Image Analysis

The artifacts related to breathing motion on DCE-MRI scans were corrected using a non-rigid calibration method in OmniKinetics software (GE Healthcare, Shanghai, China) (15). After importing the multi-flip angle sequence image into the software, the T10 value was calculated based on the MRI signal in the multi-flip angle image. The abdominal aorta was selected based on the DCE-MRI multi-phase dynamic image to obtain the arterial input function (AIF). During dynamic scanning, we calculated T1t, using the following equation (16, 17):

	Equation 1,

where S(t) is the MRI signal intensity over time during DCE-MRI, S0 is the pre-contrast signal intensity, TR is the repetition time, T1(t) is the value of T1 over time after contrast injection, and α is the flip angle value.

Then, we calculated Ct using the following equation:

	Equation 2,

	Equation 3

Ct is the concentration of contrast in ROI over time during DCE-MRI where r1 is the relaxivity value of contrast.

The AIF, which is a time-concentration curve of the abdominal aorta, was obtained, using the above equation. The extended Tofts linear dual-chamber model based on the time resolution of the sequence of DCE-MRI was selected to generate the vascular permeability parameters: volume transfer constant (Ktrans), rate constant (Kep), extracellular extravascular volume fraction (ve), and plasma volume fraction (vp) (4). Physicians who performed the diagnosis analyzed lesion segmentation, extracted vascular permeability parameters, and texture parameters: entropy (Supplementary Material 1, Supplementary Equation 2), energy (Supplementary Material 1, Supplementary Equation 1), inertia (Supplementary Material 1, Supplementary Equation 3), correlation (Supplementary Material 1, Supplementary Equation 4), clustering (Supplementary Material 1, Supplementary Equations 5 and 6), and the inverse difference moment of the three-dimensional (3D) lesions) (Supplementary Material 1, Supplementary Equation 7). These texture parameters were calculated after vascular permeability parameters with OmniKinetics software; methodological details are presented in Supplementary Material 1 (5).



3D Tumor Segmentation

The ROI of the 3D tumor was segmented by two physicians, each with 10 to 15 years of experience in diagnostic radiology, who were blinded to the pathology results. The physicians carefully segmented the entire tumor, according to the T1WI and the DCE-MRI scans, by manually sketching the outline of the entire tumor. During tumor segmentation, the physicians excluded the bleeding area, necrotic area, cyst, edema, and large vessels. After tumor segmentation, the vascular permeability was calculated using the OmniKinetics software (GE Healthcare, China).



Statistical Analyses

Statistical analyses were performed using the packages of glmnet, pROC, and rms in the R software (version 3.4.0). Statistical significance for the two-sided tests was set at P-values of <0.05. The Mann–Whitney U test was used to analyze the changes in the vascular permeability and texture parameters during NACRT between the CR and PR groups. Parameters with P-values of <0.05 in Mann-Whitney U test were included in Spearman correlation analysis to reduce model overfittingKep. Features would be excluded at correlation coefficient values of ≥0.6. Logistic regression was used to build a model evaluating the CR rate after feature dimension reduction. Receiver operating characteristic (ROC) curve analysis was used to calculate the area under the curve.




Results


Comparison of Vascular Permeability Parameters Between the CR and PR Groups

After the second NACRT, Ktrans (p=0.002) and ve (p = 0.002) showed significant differences between the CR and PR groups (Table 1 and Figures 1A, C), the change in these parameters were similar for both groups (change =2nd NACRT–1st NACRT) (Table 1 and Figures 1A, C) (Ktrans, p=0.008, ve, p=0.005). Even though the values of these parameters in the CR group were lower than in the PR group, differences between groups were not significant after the second NACRT and change in parameters (Table 1 and Figures 1B, D). None of the vascular permeability parameters examined before the first NACRT showed significant differences between the CR and PR groups (p>0.05, Table 1 and Figure 1).


Table 1 | Differences between CR and PR for vascular permeability parameters.






Figure 1 | Differences in Ktrans (A), Kep (B), ve (C), and vpVp (D) between the CR and PR groups at the first NACRT, change, and the second NACRT, while the median value of relative vascular permeability parameter levels is displayed as a line within each box. ** means significant difference.





Comparison of Texture Parameters Between the CR and PR Groups

After the second NACRT, significant differences in entropy values were observed between the CR and PR groups (p=0.047), change in entropy(p=0.032). No significant differences in texture parameters were observed in either group before either round of the NACRT; however, there were differences in entropy levels during the second NACRT and during the time period between NACRT rounds (Table 2 and Figure 2).


Table 2 | Differences between CR and PR for texture parameters.






Figure 2 | Differences in texture parameters between the CR and PR groups at the first NACRT, change, and the second NACRT, while the median value of relative texture parameter levels is displayed as a line within each box. (A–G) Energy, Entropy, Inertia, Correlation, Clustershade, ClusterProminence, InverseDifferenceMoment. AUC, area under the receiver operating characteristic curve; CI, confidence interval. * means significant difference.





Diagnostic Performance of Vascular Permeability and Texture Parameters Between the CR and PR Groups

Six parameters of post-treatment Ktrans, ve, entropy, and the changes in these parameters showed good diagnostic ability (AUC>0.7) for differentiating between the CR and PR groups, namely, Ktranspost (Ktrans after the second NACRT, AUC=0.813), Ktrans change (Ktrans in change, AUC=0.770), vechange (AUC=0.777), vepost (AUC=0.789), entropychange (AUC=0.723), and entropypost (AUC=0.707) (Table 3 and Figure 3).


Table 3 | Diagnostic ability of vascular permeability parameters and texture parameters according to response groups.






Figure 3 | ROC curves of Ktranschange (A), Ktranspost (B), vechange (C), vepost (D), entropychange (E), and entropypost (F) for determining the response to NACRT.





Selection of Vascular Permeability and Texture Parameters and Building a Combined Model

P-values associated with Ktrans post, Ktrans change, vepost, vechange, entropypost and entropy_change were of <0.05. After excluding factors associated with Spearman correlation coefficients of > 0.6, we retained Ktrans _post,ve_post and entropy_post parameters, which wereKep included in a logistic regression model named Modelpost predicting NACRT response (Table 4 and Figure 4A), expressed as follows:

	Equation 4


Table 4 | Performance of a logistic regression model with a combination of Ktrans, Ve and Entropy.






Figure 4 | Performance of combined parameters for diagnosis in NACRT. Correlation coefficients for all parameters (A); the AUC value for the combination of the parameters was 0.977 (B).



The AUC of the model suggested excellent diagnostic ability (AUC=0.977, Figure 4B). The combined model was able to differentiate the CR from PR groups. At same time, the combined model of Modelchange and Modelchange-post were built (Supplementary Equations 8, 9 in Supplementary Material 1). Delong test was used to compare diagnostic performance among the three models, revealing no significant differences (Modelchange vs Modelpost: P=0.1263, Modelchange vs Modelchange-post: P=0.099, Modelpost vs Modelchange-post: P=0.479, Supplementary Table 1 and Supplementary Figure 1 in Supplementary Material 1). As Modelpost was the least complex and most straightforward to use in quantitative analysis, it was used to evaluate the response to neoadjuvant chemoradiotherapy in patients with esophageal squamous cell carcinoma.




Discussion

This study demonstrated that the vascular permeability and texture parameters obtained from DCE-MRI scans can be used to evaluate tumor response after NACRT. Furthermore, the combination of vascular permeability parameters with texture parameters can be used to build a model that assesses tumor responses between the CR and PR groups. In this study, six post-treatment parameters (Ktrans, ve, entropy, and changes in these parameters) were significantly different between the CR and PR groups, showing good diagnostic ability for differentiating between the groups. The combined model showed a significant diagnostic ability, with the associated AUC value higher than the AUC values associated with each of the parameters separately.

Jinrong et al. found that vascular permeability parameters can be used to assess the response in patients receiving neoadjuvant chemotherapy (18). The Ktrans (transfer constant) was characterized as the diffusive transport of the Gd-DTPA-BMA contrast across the vascular endothelium (19), which suggests that Ktrans value is proportional to vascular permeability. In this study, the vascular permeability parameters at different time points (before the first NACRT and after the second NACRT) were used to predict tumor response. Dijkhoff used DCE-MRI scanning after chemoradiotherapy to evaluate tumor responses (20), similar to the studies by Jinrong (19). The previous studies also did not observe any significant differences in the vascular permeability parameters between the PR and CR groups before NACRT. After the second NACRT, this study found that the Ktrans of patients in the CR group was lower than that in the PR group, indicating that the number of blood vessels or vascular permeability value were lower in the former than in the latter group. Hironaka demonstrated that tumors with CR have a downregulated expression of CD31 and vascular endothelial growth factor (21). The ve value based on the DCE-MRI scans reflects the ratio of the volume of the contrast agent in the extravascular extracorporeal space, which is indicative of tumor proliferation. Tuillie et al. have shown that when tumor grade increases, pathological tumor volume and cell density value also increase (22); meanwhile, Chen et al. demonstrated that a higher ve value is associated with a higher tumor T stage (23). In the present study, the rate of tumor proliferation in the PR group was higher than that in the CR group; thus, the value of ve in the PR group was higher than that in the CR group. Even though Kep and vp values in the CR group were lower than those in the PR group, no significant differences were observed; this finding was not consistent with that reported by Jinrong (19). Han showed that texture features could be examined using diffusion-weighted imaging and that they could serve as useful biomarkers in the prognostication of patients with ESCC after chemoradiotherapy (24). The present study has shown that entropy can be used as a texture marker to distinguish between the PR and CR groups. Entropy measures the randomness of the distribution of values of the coefficients over various intensity levels. If the value of entropy is high, then the distribution has more intensity levels in the image. Entropy definitions are presented in Supplementary Material 1. It has been reported that the analysis of texture using DCE-MRI scanning can help identify tumor types, for example, breast cancer subtypes (25), and the histology grade in clear cell renal cell carcinoma (26). No previous prospective study has combined DCE-MRI scanning with texture analysis to predict NACRT response in patients with ESCC. The present ROC curve analysis of Ktrans, ve, and entropy revealed AUC of >0.7, which was satisfactory. The logistic regression model using Ktrans _post, ve_post, and entropy parameters was able to predict the response to NACRT, yielding AUC values higher than those associated with each parameter separately (Ktrans, Kep and ADC). Intra-tumoral heterogeneity is used to evaluate the degree of tumor aggressiveness, and it is an important imaging biomarker to predict tumor prognosis (27). Furthermore, tumor vascular normalization to moderate the hypoxia in the tumor can also be considered as a response to therapy; finally, vascular morphology and permeability parameters are among the gold standards for evaluating tumor vascular normalization (28). Therefore, intra-tumoral biomarkers (texture parameters) and biomarkers of vascular permeability (vascular permeability parameters) were combined to build a multivariable model (AUC=0.977), which could improve the degree of diagnostic ability in predicting PR and CR. This study provides a non-invasive method that is more comprehensive that a single index parameter.

There are several limitations to this study. First, the sample size was small, which may have biased the presented estimates. Second, we extracted seven texture parameters that are useful in a research context. However, more texture parameters can be extracted from MRI and other imaging modalities, which involve more sequences; in fact, the gold standard for texture parameters remains to be established. Normalization of texture parameters is another critical issue. Third, we did not differentiate the molecular types of ESCC. Therefore, further studies using large sample sizes are required to predict the response of different molecular types of ESCC to NACRT using DCE-MRI scanning combined with texture analysis.

In conclusion, the texture and vascular permeability parameters extracted from the DCE-MRI scans showed significant differences between the PR and CR groups. These parameters can be used as biomarkers to assess the response to NACRT. The use of a model that combines vascular permeability and texture parameters can improve prognostication after NACRT in patients with ESCC.
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Objectives

To construct a nomogram model that combines clinical characteristics and radiomics signatures to preoperatively discriminate pancreatic ductal adenocarcinoma (PDAC) in stage I-II and III-IV and predict overall survival.



Methods

A total of 135 patients with histopathologically confirmed PDAC who underwent contrast-enhanced CT were included. A total of 384 radiomics features were extracted from arterial phase (AP) or portal venous phase (PVP) images. Four steps were used for feature selection, and multivariable logistic regression analysis were used to build radiomics signatures and combined nomogram model. Performance of the proposed model was assessed by using receiver operating characteristic (ROC) curves, calibration curves and decision curve analysis (DCA). Kaplan-Meier analysis was applied to analyze overall survival in the stage I-II and III-IV PDAC groups.



Results

The AP+PVP radiomics signature showed the best performance among the three radiomics signatures [training cohort: area under the curve (AUC) = 0.919; validation cohort: AUC = 0.831]. The combined nomogram model integrating AP+PVP radiomics signature with clinical characteristics (tumor location, carcinoembryonic antigen level, and tumor maximum diameter) demonstrated the best discrimination performance (training cohort: AUC = 0.940; validation cohort: AUC = 0.912). Calibration curves and DCA verified the clinical usefulness of the combined nomogram model. Kaplan-Meier analysis showed that overall survival of patients in the predicted stage I-II PDAC group was longer than patients in stage III-IV PDAC group (p<0.0001).



Conclusions

We propose a combined model with excellent performance for the preoperative, individualized, noninvasive discrimination of stage I-II and III-IV PDAC and prediction of overall survival.
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Introduction

Pancreatic cancer is the fourth most common cause of cancer-related death in the United States, with a 5-year survival rate of 9.3% (1). The number of new pancreatic cancer cases in the United States is expected to reach 56,770, with 45,750 deaths, by the end of 2019 (2). Pancreatic ductal adenocarcinoma (PDAC) is the predominant histological subtype, accounting for 85% of pancreatic malignancies (3). Currently, complete surgical resection is the only potentially curative treatment for PDAC. However, owing to the lack of typical symptoms and physical signs, more than 80% of patients with PDAC are identified in the advanced stages and have missed the opportunity for optimal radical surgery (4). In pancreatic cancer, approximately 10.3% of patients are diagnosed at the local stage and have a 5-year survival rate of 37.4%, while approximately 53% of patients have metastasized when diagnosed, with a 5-year survival rate of only 2.9% (2). Therefore, accurate cancer staging plays a critical role in predicting prognosis and choosing a suitable treatment option for patients with PDAC. However, for most PDAC patients, an accurate cancer stage can be confirmed only by a postoperative histopathologic examination; therefore, a preoperative, noninvasive and accurate method is still urgently needed.

Due to its superior spatial resolution, low costs, and widespread availability, multidetector computed tomography (MDCT) is the first-line imaging modality for the initial evaluation of suspected PDAC (5). Radiomics, which enables the extraction of high-throughput imaging features from medical images, is an emerging field that provides a noninvasive quantitative method for cancer diagnosis, staging, and the evaluation of curative effects (6, 7). Previous studies have demonstrated advancement in the preoperative prediction of cancer stage by applying a radiomics-based approach in esophageal cancer (8), colorectal cancer (9), and head and neck squamous cell carcinoma (10). Eilaghi et al. suggested that CT-derived PDAC texture features were correlated with overall survival and disease-free survival in patients undergoing resection (11). Cassinotto et al. demonstrated that resectable pancreatic adenocarcinoma attenuation parameters on CT scans had a significant association with tumor differentiation grade, lymph node invasion, and disease-free survival (12). Bian et al. (13) concluded that arterial radiomics score is independently and positively associated with the risk of lymph node metastasis in PDAC.

The aim of this study was to construct a combined nomogram model that incorporates radiomics signatures based on contrast-enhanced CT arterial phase (AP) and portal vein phase (PVP) images with clinical factors to preoperatively predict PDAC stage (I-II or III-IV) and survival.



Materials and Methods


Patients

This retrospective study was approved by the ethical committee of Tongji Medical College, Huazhong University of Science and Technology, which was in accordance with the Declaration of Helsinki. The requirement for written informed consent was waived. Patient data were collected from the institutional database between February 2014 and April 2019. The inclusion criteria were as follows: (a) histopathological diagnosis of PDAC, including total pancreatectomy, pancreaticoduodenectomy, distal pancreatectomy, laparoscopic biopsy, and exploratory laparotomy biopsy; (b) standard contrast-enhanced CT performed <2 weeks before surgery, and (c) CT examination was performed with a SOMATOM Definition AS+ scanner (Siemens Healthcare, Erlangen, Germany). The exclusion criteria were as follows: (a) any other anticancer therapy prior to surgery, such as chemotherapy, radiotherapy, or immunotherapy; (b) incomplete clinical information; (c) incomplete CT imaging data or poor image quality; or (d) could not be staged according to American Joint Committee on Cancer (AJCC) TNM staging. The patient selection workflow and model construction framework are shown in Figure 1. Two abdominal radiologists with 10 years and 6 years of experience reviewed all CT images and extracted the maximum tumor diameter and tumor location in all patients. Clinical data [age, gender, preoperative carbohydrate antigen 19-9 (CA 19-9), carbohydrate antigen 12-5 (CA12-5), and carcinoembryonic antigen (CEA) level], the status of vascular involvement observed during surgery, the status of pathologically confirmed lymph node metastasis, and histopathological data were acquired from medical records. Tumor staging was determined according to the AJCC TNM Staging System Manual, 8th Edition (14). Overall survival data of patients with PDAC were acquired through clinical follow-up and telephone communications.




Figure 1 | Framework of this study. ULRA, univariate logistic regression analysis; SRCA, Spearman rank correlation analysis; LASSO, least absolute shrinkage and selection operator; AP, arterial phase; PVP, portal vein phase.





CT Image Acquisition

CT examination was performed on a SOMATOM Definition AS+ scanner (Siemens Healthcare, Erlangen, Germany) with the following parameters: 120 kVp; variable tube current (160-600 mA) depending on the size of the patient; detector collimation, 128×0.6 mm; algorithm, B30; reconstructed thicknesses, 2.0 mm; and increments, 2 mm. After unenhanced scanning, approximately 65-75 mL of iohexol (350 mg I/mL, Omnipaque, GE Healthcare) was injected into the antecubital vein at 2.0-2.5 mL/s via a pump injector. CT scans of the AP and PVP were carried out at 25-35 s and 60-70 s after injection, respectively.



Region-of-Interest (ROI) Segmentation, Radiomics Feature Extraction, and Intra-and Interobserver Reproducibility

The workflow of radiomics analysis was shown in Figure 2. The 3D ROI of the tumor was manually contoured on AP and PVP CT images using ITK-SNAP software (15). The ROIs of all patients were contoured by two radiologists (X.L., with 10 years of expertise in abdominal imaging diagnosis, and S.W., with 6 years of expertise in abdominal imaging diagnosis); both were blinded to the pathological results.




Figure 2 | Flowchart of the radiomics method for PDAC stage prediction. LASSO, least absolute shrinkage and selection operator; ROC, receiver operating characteristic.



To assess potential differences in tumor segmentation between radiologists, the intra- and interclass correlation coefficients (ICCs) were used to evaluate the differences between features generated by SW (first time) and those generated by X.L. and between features generated twice by SW (16). ICCs were classified as follows: 0-0.2, no agreement; 0.21-0.40, weak agreement; 0.41-0.60, moderate agreement; 0.61-0.80, good agreement; and 0.81-1, excellent agreement.

Using in-house software (Analysis Kit, version 3.1.5.R, GE Healthcare, China), 384 radiomics features were extracted from 3D ROIs. The extracted radiomics features included 42 histogram features, 132 gray-level cooccurrence matrix features, 11 gray-level size zone matrix features, 180 gray-level run-length matrix features, 10 Haralick features, and 9 form factor features.



Radiomics Feature Selection and Radiomics Signature Construction

First, the Shapiro-Wilk test was used to examine the normality of feature distribution. A t-test/Mann-Whitney U test was used to analyze significant differences between stage I-II and III-IV depending on feature distribution. Second, a univariate logistic regression analysis was performed to investigate associations of single features with cancer stage. Third, a Spearman rank correlation analysis was performed to remove correlated features with correlation coefficients greater than 0.9. Finally, least absolute shrinkage and selection operator (LASSO) analysis was applied for dimension reduction and selection of the most informative features from the remainder of the features. LASSO analysis with penalty tuning parameters (lambda value) was used to select significant features for the model, which was conducted by applying 10-fold cross-validation based on the minimum criteria. Nonzero coefficient variables were selected by LASSO, while most covariate coefficients decreased to zero. Radiomics scores (rad-scores) were calculated for each patient based on the AP, PVP, and AP+PVP radiomics signatures to better evaluate the performance of the signature. The signatures were constructed using coefficients weighted by the LASSO logistic regression model in the training cohort. We also assessed the differences in rad-scores between stage I-II and III-IV in the training and validation cohorts.



Development of the Clinical Model and the Combined Nomogram Model

Clinical and combined models were also built for comparison with the radiomics model. Univariate and multivariate analyses were applied to find out independent clinical characteristics, which were used to develop the clinical model for predicting cancer stage. The proposed radiomics signature and the independent clinical characteristics were integrated by multivariable logistic regression analysis to construct the combined nomogram, which can provide a quantitative tool to differentiate stage I-II and III-IV PDAC.



Performance and Validation of the Combined Nomogram Model

The model performances were evaluated in the validation cohort from three aspects: discrimination, calibration and clinical utility. The discrimination ability of each proposed model was evaluated by a receiver operating characteristic (ROC) curve, area under the curve (AUC), sensitivity, and specificity (17). A calibration curve was drawn via bootstrapping with 1000 resamples to evaluate the calibration of the proposed model and assessed by the Hosmer-Lemeshow test. A significant statistic from the test indicated that the model had a poor fit. The predictive accuracy of the proposed model was reflected by the overlap between the calibration curve and the diagonal in the figure. The Decision curve analysis (DCA) was used to quantify the net benefits from the use of the clinical model, radiomics model, and combined nomogram model at different threshold probabilities in the validation cohort (18).



Survival Analysis

Overall survival was calculated from the date of surgery to the date of death as a result of PDAC or censored at the date of December 24, 2019, or the date of the last observation for surviving patients. Survival analysis was performed to explore the potential of the combined nomogram model to predict overall survival. Patients from the training and validation cohorts were divided into predicted stage I-II and III-IV according to the threshold calculated from the Youden index in training cohort. The Kaplan-Meier curves and log-rank tests were used to analyze the survival of patients with predicted stage I-II and III-IV.



Statistical Analysis

Categorical variables, such as sex, tumor location, CA19-9 level, CA12-5 level, and CEA level, were analyzed by chi-square test or Fisher’s exact test. Continuous variables, including age, maximum tumor diameter, and rad-score, were analyzed by Student’s t-test or the Mann-Whitney U test, when appropriate. Variables that reached statistical significance in the univariate analysis were included in the combined nomogram. AUC difference between training and validation cohorts was analyzed using the DeLong test. All statistical tests used in this study were executed with R software V 3.6.1 (R Core Team, Vienna, Austria) or SPSS 19.0 statistical software (SPSS, Inc., Chicago, IL, USA). P value < 0.05 was considered statistically significant.




Results


Patient Characteristics

A total of 135 patients (87 men and 48 women; mean age, 59.96 ± 9.25 years, age range, 33–78 years) were enrolled in the current study. The characteristics of all patients are shown in Table 1. Based on pathological results, PDAC stage was determined according to the AJCC TNM Staging System Manual, 8th Edition. There were 12 patients in stage I A, 18 patients in stage I B, 9 patients in stage II A, 30 patients in stage II B, 19 patients in stage III, and 47 patients in stage IV. Patients were randomly allocated to the training (n = 94) or validation (n = 41) cohort at a ratio of 7:3. No significant difference in clinical characteristics (age, gender, tumor location, and preoperative CA19-9 level, CA 12-5 level, CEA level, tumor maximum diameter) was found between the training and validation cohorts (Supplementary Table S1). However, a few clinical characteristics, including tumor location, CEA level, and tumor maximum diameter, were significantly different between patients with stage I-II and III-IV PDAC in the training cohort (Table 1); all of these clinical characteristics were included in the clinical predictive model.


Table 1 | Characteristics of patients in the training and validation cohorts.





Radiomics Feature Selection and Radiomics Signature Construction

From the training cohort, 384 radiomics features were extracted based on AP and PVP CT images. For the AP+PVP signature construction, 384 AP radiomics features and 384 PVP radiomics features were included. The mean interobserver correlation coefficients were 0.858 and 0.944 for the 384 AP and 384 PVP radiomics features, respectively. The mean intraclass correlation coefficients were 0.761 and 0.901 for the 384 AP and 384 PVP radiomics features, respectively. The lambda value with the minimum criteria in the LASSO model using 10-fold cross-validation was chosen (Figure 3). Finally, 8 AP, 10 PVP and 14 AP+PVP radiomics features were confirmed for AP, PVP, and AP+PVP radiomics signatures, and formulas for the rad-scores were generated through a linear combination of these features weighted by the LASSO algorithm. Each feature’s coefficient was calculated from the LASSO regression method (Supplementary Table S2). Details of the rad-score formulas are shown in Supplementary I.




Figure 3 | AP, PVP, and AP+PVP radiomics feature selection by LASSO regression. (A, C, E) Selection of tuning parameters (lambda value) in the LASSO model using ten-fold cross-validation by the minimum criteria. (B, D, F) LASSO coefficient profiles of the radiomics features. LASSO, least absolute shrinkage and selection operator; AP, arterial phase; PVP, portal vein phase.





Diagnostic Validation of the Radiomics Signature

There was a significant difference in the AP, PVP and AP+PVP rad-scores between stage I-II and III-IV PDAC patients in the training and validation cohorts (Table 1). The heatmap is grouped according to the stage I-II versus III-IV stage groups in training and validation cohorts (Figure 4A). The distributions of rad-scores and cancer stage of each patient in training and validation cohorts are shown in Figures 4B–D. ROC curves showed that the AP+PVP radiomics signature performed better in differentiating stage I-II and III-IV PDAC in the training [AUC = 0.919: 95% confidence interval (CI), 0.865 to 0.974] and validation (AUC = 0.831: 95% CI, 0.69 to 0.972) cohorts than the AP radiomics signature (training cohort: AUC = 0.793, 95% CI, 0.697 to 0.869; validation cohort: AUC = 0.733, 95% CI, 0.5772 to 0.859) and the PVP radiomics signature (training cohort: AUC = 0.850, 95% CI, 0.774 to 0.925; validation cohort: AUC = 0.831, 95% CI, 0.676 to 0.986). ROC curves are shown in Figure 5E. AUC, sensitivity, and specificity of models are shown in Table 2.


Table 2 | Performance of the radiomics signatures, clinical model, and combined nomogram model.






Figure 4 | Rad-scores of the AP, PVP, and AP+PVP signatures. (A) Heatmap of 8, 10, and 14 radiomics features in the AP, PVP, and AP+PVP signatures, respectively. Each row corresponds to one radiomics feature, and each column corresponds to one patient. The heatmap is grouped according to the stage I-II versus III-IV stage groups in training and validation cohorts. The leftmost lines represent hierarchical clustering of radiomics features, shown as a dendrogram. (B–D) AP, PVP, and AP+PVP rad-score of each patient in the training and validation cohorts. rad-score, radiomics score; AP, arterial phase; PVP, portal vein phase.






Figure 5 | Performance of the combined nomogram and radiomics models. (A) Combined nomogram based on three clinical predictors and the AP+PVP radiomics signature. (B) Decision curve of the combined nomogram. (C) Calibration curve of the AP+PVP radiomics model in the training and validation cohorts. (D) Calibration curve of the combined nomogram in the training and validation cohorts. (E) ROC curves of the AP, PVP, AP+PVP, clinical, and combined nomogram models in the training and validation cohorts. AP, arterial phase; PVP, portal vein phase; ROC, receiver operating characteristic.





Development, Performance, and Validation of the Combined Nomogram

According to the univariate analysis in the training cohort, tumor location, CEA level and tumor maximum diameter were independent clinical characteristics (Supplementary Table S3). We entered these clinical characteristics into the multivariable logistic regression analysis to construct a clinical prediction model of cancer stage.

Considering the AP+PVP radiomics signature had the best ability to discriminate stage I-II and III-IV PDAC, the combined nomogram incorporated the AP+PVP radiomics signature and the clinical prediction model (Figure 5A). In the training cohort, the combined nomogram yielded the highest discrimination between stage I-II and III-IV PDAC, with an AUC of 0.940 (95% CI: 0.871 to 0.979); the observed AUC value was higher than that of the AP+PVP radiomics signature alone (AUC = 0.919: 95% CI, 0.865 to 0.974) and the clinical prediction model alone (AUC = 0.730: 95% CI, 0.629 to 0.817). In the validation cohort, both the combined nomogram (AUC = 0.912; 95% CI, 0.781 to 0.978) and AP+PVP radiomics signature alone (AUC = 0.831: 95% CI, 0.690 to 0.848) also showed a higher AUC than the clinical prediction model (AUC = 0.719: 95% CI, 0.557 to 0.817).

The calibration curve of both the AP+PVP radiomics signature and the combined nomogram demonstrated good agreement between the nomogram prediction and actual observations of stage I-II and III-IV PDAC (Figures 5C, D). For the AP+PVP radiomics signature, the Hosmer-Lemeshow test yielded P values of 0.69 and 0.092 in the training and validation cohorts, respectively, indicating no departure from good fit. For the combined nomogram, the Hosmer-Lemeshow test yielded P values of 0.426 and 0.505 in the training and validation cohorts, respectively, suggesting a perfect fit of the nomogram.

The results of the DCA derived from clinical prediction model, AP+PVP radiomics model, and combined nomogram are shown in Figure 5B. The AP+PVP radiomics model and combined nomogram provided better net benefit to predict cancer stage than the clinical model with almost all of the threshold probabilities.



Survival Analysis

Through clinical follow-up and telephone communications, 127 patients were successfully followed up. A total of 84 patients (66.14%) were confirmed deceased, and their survival time ranged from 11 days to 218 days. In the AP, PVP, and AP+PVP radiomics models and the combined nomogram model, Kaplan-Meier survival analysis indicated a significant difference between the predicted stage I-II and III-IV PDAC, suggesting the prognostic value of these models (p = 0.0291, p < 0.0001, p = 0.0059, and p < 0.0001, respectively). Kaplan-Meier curves are shown in Figure 6.




Figure 6 | Survival analysis. (A) Kaplan-Meier curves in the AP model. (B) Kaplan-Meier curves in the PVP model. (C) Kaplan-Meier curves in the AP+PVP model. (D) Kaplan-Meier curves using histopathological cancer stage and nomogram model-predicted cancer stage. Survival analyses show significant differences between the predicted stage I-II and III-IV groups. AP, arterial phase; PVP, portal vein phase.






Discussion

In this study, we constructed a combined nomogram that integrates the AP+PVP radiomics signature and clinical characteristics, including tumor location, tumor maximum diameter, and CEA level. In addition, cancer stage predicted by the radiomics model can be a predictor of overall survival, thereby providing important information for clinical decision-making.

Complete surgical resection is the only potentially curative treatment option for PDAC. Unfortunately, only a small number of patients with early-stage PDAC can undergo curative resection. Accurate PDAC staging plays a crucial role in determining resectability and predicting prognosis (19). However, for most PDAC patients, an accurate stage can be obtained only through a histopathological examination after surgery. For clearly localized early-stage PDAC, clinical stage can be determined by MDCT, while for borderline resectable tumors, the determination of clinical stage often requires postoperative pathology (e.g., the N-category, which is stratified according to surgical resection and assessment by histopathology). Endoscopic ultrasound-guided fine needle aspiration (EUS-FNA) is one of the standard procedures for pancreatic cancer diagnosis (20). Hewitt et al. (21) performed a meta-analysis of 4984 patients and demonstrated a pooled sensitivity of 0.85 and a specificity of 0.98 for malignant cytology. Reports have shown that the accuracies of T-staging by EUS range from 62-94%, and those of N-staging range from 50-86% (22). Although EUS-FNA provides a valuable means for pancreatic cancer diagnosis, it shows a poor staging performance, and it is invasive and limited to the detection location of the tumor. The proposed combined nomogram for PDAC staging is noninvasive, easy to use, and highly accurate. Previous research has shown that CA 19-9 serum levels have a sensitivity of 79-81% and a specificity of 82-90% for the diagnosis of PDAC in symptomatic patients (23). Several studies have used CA 19-9 serum levels to predict pancreatic cancer stage and found that CA 19-9 serum levels are significantly different in stage I–IV (24, 25). However, limitations exist, including nonspecific expression, false positive results in the presence of obstructive jaundice, and false negative results in the Lewis-negative genotype (26).

CEA level is sensitive to stage I and II diseases and is associated with tumor metastasis and the treatment response (27). In addition, compared to PDAC in the pancreatic head, PDAC in the pancreatic body or tail is larger, more prone to metastasis and less resectable (28). The preoperative CT-based maximum tumor diameter can be easily obtained. Therefore, we integrated tumor location, maximum tumor diameter, and CEA level as candidate factors during the development of the clinical prediction model. After integrating these factors, the AUC of this model was higher than that of the AP+PVP signature or clinical characteristics alone.

Since MDCT has good spatial and temporal resolution with wide anatomic coverage, it is regarded by many medical institutions as the most important preoperative examination for patients with suspicious pancreatic cancer, which is used for comprehensive local and distant disease assessment (29). In a systemic review involving 30 studies with 1554 patients (30), the pooled sensitivity of CT to diagnosis PDAC was 63% (95% CI 58–67%) and the specificity of 92% (95% CI 90–94%). However, MDCT may not detect small pancreatic masses (<1.5 cm) (31), or a primary pancreatic tumor showing isoattenuation (32). This finding has led to the accuracy of classical MDCT being considerably limited for predicting early-stage PDAC. In addition, traditional radiologic diagnosis is a subjective and qualitative preoperative diagnosis made by visual analysis.

Radiomics is a robust, repeatable and noninvasive method to meet the requirements of clinical implementation and is quantitative and objective for measurements of heterogeneity inside the tumor. Previous studies have shown that radiomics can predict histologic grade of pancreatic neuroendocrine tumors (33) and predict pathology in intraductal papillary mucinous neoplasms by integrating clinical factors, radiomics features, and blood-based miRNA expression data (34). In the PDAC field, previous studies have shown that radiomics features were correlated with tumor differentiation grade, lymph node invasion, overall survival, and disease-free survival for patients with PDAC (11–13). In our study, we developed radiomics models based on both AP and PVP images, in contrast to previous studies. We integrated clinical characteristics with the radiomics signature to construct a combined nomogram model. The proposed nomogram showed good discrimination in both the training cohort (AUC = 0.940) and the validation cohort (AUC = 0.912). We also performed survival analysis with Kaplan-Meier curves and log-rank tests, and the results showed that in the AP, PVP, and AP+PVP signatures and the combined nomogram, overall survival was significantly different in PDAC patients with predicted stage I-II and III-IV. The lower the rad-score was, the longer the patients lived.

PDAC is a tumor with low blood supply. In the arterial and portal venous phases, the degree of enhancement of tumor tissue is much lower than that of normal pancreatic tissue. The tumor-to-pancreas contrast difference was greater in the portal venous phase than in the arterial phase. This was the result of greater enhancement of normal pancreas and lower tumor enhancement during the portal venous phase. In different scanning phase, the images that can be observed by the naked eye is different, and the inherent spatial heterogeneity is different. Therefore, the features used to construct models are different. A comparison of the AP and PVP models revealed that the AP model had the lowest AUC (training cohort, AUC: 0.793; validation cohort, AUC: 0.733), and the PVP model (training cohort, AUC: 0.850; validation cohort, AUC: 0.831) had a better diagnostic performance than the AP model. In our study, PVP was scanned at 60-70 s after injecting iohexol, and there was a best visual contrast difference between enhanced pancreatic parenchyma and tumor, which is indicative of hypoattenuation. There is also another advantage during this phase: the peripancreatic arteries are usually well opacified for concomitant evaluation. Fusion of the AP and PVP models provided the best predictive ability among all the radiomics models (35); the AUCs in the AP+PVP model were 0.919 and 0.831 in the training and validation cohorts, respectively. The combined nomogram, which integrated radiomics signature and clinical characteristics, had higher predictive ability (training cohort, AUC: 0.940; validation cohort, AUC: 0.912) than the AP+PVP model. A previous study showed that after the addition of clinical factors, the combined nomogram showed a significant improvement over the radiomics signature alone (33), which is consistent with our results.

Our study has several limitations. First, it was a retrospective study in nature. Second, the proposed models were established based on data obtained from a single center. In addition, genomic data were not included. To address these limitations, we will further prospectively conduct multiscanner and multicenter study and combine the radiomics and clinical models with pathologic and genetic features.

In conclusion, a combined nomogram with favorable accuracy was developed and validated in this study for the noninvasive, preoperative and convenient prediction of cancer stage and prognosis. We believe that the clinical use of this nomogram can not only maximize the survival benefit of patients with stage I-II PDAC but also minimize the morbidity from unnecessary laparotomy or major surgery for patients with stage III-IV. Therefore, our combined nomogram model may assist in clinical decision-making and achieve a good survival outcome.
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Therapeutic strategies for patients with locally advanced rectal cancer (LARC) who are achieving a pathological complete response (pCR) after neoadjuvant radio-chemotherapy (neoCRT) are being increasingly investigated. Recent trials challenge the current standard therapy of total mesorectal excision (TME). For some patients, the treatment strategy of “watch-and-wait” seems a preferable procedure. The key factor in determining individual treatment strategies following neoCRT is the precise evaluation of the tumor response. Contrast-enhanced computer tomography (ceCT) has proven its ability to discriminate benign and malign lesions in multiple cancers. In this study, we retrospectively analyzed the ceCT based density of LARC in 30 patients, undergoing neoCRT followed by TME. We compared the tumors´ pre- and post-neoCRT density and correlated the results to the amount of residual vital tumor cells in the resected tissue. Overall, the density decreased after neoCRT, with the highest decrease in patients achieving pCR. Densitometry demonstrated a specificity of 88% and sensitivity of 68% in predicting pCR. Thus, we claim that ceCT based densitometry is a useful tool in identifying patients with LARC who may benefit from a “watch-and-wait” strategy and suggest further prospective studies.
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Introduction

Colorectal cancer (CRC) is a common malignancy worldwide, of which 30% of cases develop in the rectum (1, 2). For eligible patients with locally advanced rectal cancer (LARC), neoadjuvant chemoradiotherapy (neoCRT) followed by total mesorectal excision (TME) is the standard treatment to reduce local tumor recurrences and facilitate surgery by tumor size (3, 4). The response of LARC to neoCRT fluctuates broadly, ranging from rare tumor progression to pathological complete response (pCR), with no viable cancer cell residuals in the surgical specimen in up to 33% of patients (3–5).

For patients with absent tumor mass after neoCRT in multiple diagnostic examinations, a “watch-and-wait” strategy, instead of TME, as an individual treatment approach is being increasingly discussed (6–8). Thus, contemporary studies are evaluating intensified primary CRTs, e.g. by addition of chemotherapy agents (oxaliplatin) and prolonged duration of CRT, as a potential definitive and curative treatment (9, 10).

The precise evaluation of tumor responses represents a key factor in determining individual treatment strategies following CRT. Differentiation of post-treatment fibrosis, edema, and residual tumor after CRT in LARC-imaging is one major challenge in implementing rectal preservation strategies.

Currently, different ultrasound techniques, magnetic resonance imaging (MRI), and fluorodeoxyglucose-positron emission tomography (FDG-PET) are widely used for restaging, however, there are still significant limitations for each approach. MRI improves preoperative staging accuracy but has limited sensitivity and specificity to predict pCR (11, 12). Thus, a combination of different methods including MRI, endosonographic ultrasound and digital-rectal examination is currently used for restaging after neoCRT. However, predicting pCR after neoCRT is an object of contemporary research. About half of the patients achieving clinical CR after neoCRT reveal persistence of malignant cells in resected specimens (13), indicating an unmet clinical need of improved staging procedures.

In this study, we focused on CT-densitometry based on Hounsfield units (HU) as assessed by X-ray attenuation. By now, CT-densitometry has repeatedly been reported as an effective imaging technique to differentiate benign from malignant lesions in different cancer types (14–17). Here, we hypothesized that densitometry based on contrast-enhanced CT-scanning (ceCT) has comparable potential to discriminate pCR from patients harboring residual tumor after neoCRT.

In this study, we analyzed HU changes in pre- and post-neoCRT CT-scans in a concordant region of interest (ROI) in rectal tumor areas. In patients with LARC, we were able to demonstrate significant correlations with pCR. To our knowledge, this is the first study showing ceCT-densitometry to predict rectal tumor responses following neoCRT.



Methods


Patient Acquisition

Based on ICD codes, patients with LARC treated in our institution between 06/2012 and 04/2020 were identified. The diagnosis of rectal cancer had to be confirmed by histopathological examination. Patients were included if pre- and post-neoCRT contrast ceCT were available and total mesorectal excision was performed after neoCRT. Radiotherapy comprised a total dose of 50.4 Gy. Time from pre-neoCRT diagnostics to the beginning of treatment had to be < 6 weeks. Time from post-neoCRT to surgery had to be <8 weeks. The TNM stage before treatment (iTNM) was set according to routine clinical examination including magnetic resonance imaging (MRI) and endoscopic examination. The post-treatment TNM stage was defined according to the pathologic report (ypTNM). The cancer stage was finally defined according to the American Joint Committee on Cancer (AJCC) with a pathologically confirmed locally advanced rectal adenocarcinoma (T3– T4, any N, M0/any T, N1–N2, M0). A histopathological report with tumor regression grading according to Dworak and a report of the percentage of residual tumor cells had to be available. The ethical committee of the Ruhr-University Bochum approved the study (#20-7013-BR).



Imaging Techniques

All CT scans were performed in clinical routine settings with Siemens SOMATOM Definition AS (Siemens Healthcare, Forchheim, Germany) set to 40 or 64 slices and Imeron400 contrast agent (Bracco Imaging, Germany). CT settings were the same for all patients analyzed. Images were analyzed in the portal venous phase with 70 s delay after infusion of the contrast agent. Tube voltage was 120kV in both arterial and portal-venouse phase. For detailed imaging settings, please see the Supplemental Material (Table S1). The tumor’s size was measured by the largest caliber in axial and sagittal plain. The region of interest (ROI) measuring Hounsfield units was set manually in the center of the tumor, avoiding cystic or necrotic regions and not exceeding towards the bowel wall. ROI in post-neoCRT scans were set as close as possible to the pre-neoCRT ROI, guided by bone and organ structures (Figure 1). HU were calculated by the formula HU = µ-µ(H2O)/µH2O (µ:attenuation coefficient). Size of the ROI could differ between pre- and post-neoCRT imaging, with respect to the tumor size. For large or circular tumors, medium values of multiple ROI of the tumor core were used. For very small tumors, not clearly definable in ceCT, MRI was used to identify the tumor region. In this case, the ROI for ceCT based densitometry was set according to concordant MRI images. All images were evaluated by two radiologists with JiveX PACS software (Visus Health IT, Bochum, Germany).




Figure 1 | Representative CT-scans of patients with different responses towards neoCRT. Red dots indicate the tumor region. Patient 1: Patient with complete pathological response (regression grade 4 according to Dworak). (A, B) Show pre-neoCRT CT-scans in sagittal and axial profile. (C, D) Show CT-scans post-neoCRT. Median HU of the tumor was 76.5 HU pre- and 49 HU post-neoCRT. Patient 2: Patient with progressive disease and regression grade 1 according to Dworak and 80% viable tumor cells. (A, B) Show pre-neoCRT scans, (C, D) post-neoCRT CT-scans. Median HU increase from 31 to 48.



Assessment of response towards neoCRT by MRI and endosonographic ultrasound were extracted from medical reports.



Statistical Analysis

Percent change of density was calculated as following: (HU post-neoCRT – HU pre-neoCRT)/HU pre-neoCRT *100. Thus, the decline of density was greater in patients with more negative values. Data was analyzed and processed with Graphpad Prism 6 (GraphPad Software, Inc., San Diego, CA). The correlation was analyzed by Pearson correlation and an unpaired t-test. Welch’s t-test was applied to analyze patients with pCR and those with residual tumor cells. A value of p<0.05 was considered as a significant difference in all t-tests applied (*= p<0.05, ** = p<0.01, *** = p<0.001). Specificity, sensitivity, and negative- and positive predictive values were calculated by two-by-two tables.




Results


Patient’s Characteristics

We identified 113 patients with LARC which had an initial ceCT scan at the time of diagnosis. All patients underwent surgery in our institution. Of those, 83 were excluded for different reasons, mostly because of missing post neoCRT CT-scans (Figure 2). We retrospectively assessed pre- and post-neoCRT CT scans of 30 patients fulfilling the inclusion criteria. Most patients had received neoCRT comprising radiotherapy with 50.4 Gy (1.8 Gy daily) and 5-FU (1000 mg/m2, days 1 – 5) in the first and fifth week or capecitabine in equivalent doses, followed by TME (n=26). Four patients were treated in multicenter studies testing FOLFOX as a chemotherapy regimen parallel to radiotherapy (50.4 Gy). Mean timespan between ceCT-scans (pre- and post-neoCRT) CT scan was 15.4 weeks (95%-CI: 14.5 – 16.7) and mean timespan from post-neoCRT CT scan until surgery was 2.8 weeks (95%-CI: 2.1 – 3.4) Post-neoCRT MRIs were available for 25/30 patients, endosonographic diagnostics had been performed for 21/30 patients pre-RCT. Missing MRI were due to patients´ denial or contraindications e.g., pacemaker implantation. The initial pretreatment stages of the patients in MRI and EUS and pathological stages are listed in Table S2.




Figure 2 | Patients with LARC and pre-neoCRT CT-scan screened for the study between 06/2012 and 04/2020. Most patients were excluded because of missing post-neoCRT CT.





Change of ceCT Based Densitometry in Pre- and Post-neoCRT Samples

The change of ceCT-based HU in a distinct ROI between pre- and post-neoCRT CT-scans was analyzed for each patient included. For two patients, the ROI had to be set according to visible tumor lesion in MRI, because no obvious tumor was detectable in ceCT. After neoCRT, 22 of 30 patients had a lower density of the tumor sample (73%), with the largest decrease of 72% (Figure 3A). Overall, the density was significantly lower following neoCRT according to the measured HU (p=0.019) (Figure 3B).




Figure 3 | (A) Waterfall plot of the increase and decrease of ceCT-based density. Black: patients without pCR; red: patients with pCR. Relative change is indicated as percent of the initial mean HU measured. 8 patients had increasing density and 22 had decreasing density. Greatest decrease was 72%. (B) Mean HU of all tumor samples pre- and post-neoCRT (p=0.017). (C) Correlation between viable tumor cells in the histopathologic specimen and change of ceCT based density (r²=0.30, p=0.002). * is a symbol for significant differences.



To analyze whether the decline of tumor density was associated with the content of residual vital tumor cells in the tumor sample, the density’s percentage of decline was correlated to vital tumor cells in the histologic sample. As depicted in Figure 3C we found the difference of density and the amount of residual vital tumor cells correlating (p=0.002, r2 = 0.30).



Change of ceCT-Based Densitometry in Distinct ROI Identifies pCR With High Specificity

Next, we compared the relative decline of ceCT based density of patients with pCR (n=8) and those with vital residual tumor cells (n=22). The cut-off for pCR was set to no vital tumor cells in the histopathologic sample. We found patients with pCR to display a greater decline of density than patients with residual tumor cells (Figure 4), p=0.030). Receiver operating curves (ROC) analysis revealed a decline of >30% in HU as optimal cut-off to identify pCR (Figure S1). Of 8 patients achieving pCR, 7 had a decline above 30% in HU based densitometry, resulting in a specificity to identify pCR of 87.5%. The sensitivity to identify residual tumor cells was 68.2%, but if the tumor density did not decline greater than 30%, the probability of finding residual tumor cells in the histologic sample was very high (NPV 94%).




Figure 4 | Relative change of CT-based density in percent according to the initially measured HU. Patients with pCR had a significantly greater decline than patients with residual tumor cells (p=0.030). * is a symbol for significant differences.



The absolute HU values in pretreatment ceCT based densitometry were not predictive for response (p=0.616 and AUC 0.554) (Figure S2). In contrast, the absolute HU values postCRT were predictive for response with p=0.03, with a lower AUC 0.75 compared to the percentage- change of density (Figure S3). Additionally, the absolute values in post-treatment ceCTs result in a significantly poorer specificity (Figure S3).



Response Towards neoCRT Assessed by MRI and Endosonography

To compare the results of ceCT based densitometry in identifying pCR with current standard procedures, we analyzed pre-OP MRI and rectal endosonography results (Table 1). According to MRI, 36% of patients had a complete response (CR), 64% had a partial response (PR) and none had stable disease (SD) or progressive disease (PD). 16% of the patients did not undergo MRI. Overall, the response rate (ORR) towards neoCRT analyzed by MRI was 100%. The endosonographic ultrasound revealed a CR-rate of 19%, a PR-rate of 71% and a SD-rate of 10%, resulting in an ORR of 90%. Of all patients where results of both examinations were available (n = 18), 8 of 18 individuals had discrepant results between endosonographic examination and MRI. Only 2 patients (11%) had concordant CR in both examinations.


Table 1 | Comparison between different imaging techniques.



The histopathologic examination of the tumor samples revealed that 27% (n=8), of all patients included, had pCR with no residual tumor cells. The specificity of MRI to identify pCR was 50% (4 of 8). Of 9 patients achieving CR in MRI, only 4 patients had pCR (positive predictive value (PPV) = 44%). Of 16 patients without pCR, 12 were correctly identified by MRI (negative predictive value (NPV) = 75%). The specificity of endosonographic ultrasound to identify pCR was 60% (3 of 5). Of 4 patients achieving CR in endosonographic examination, 3 had pCR (PPV = 75%). Of 17 patients not having CR assessed to endosonographic ultrasound, 15 were correctly identified (NPV = 88%). McNemar’s test showed no significant differences between ceCT based densitometry, MRI or endosonographic ultrasound (Tables S3, S4).




Discussion

NeoCRT, as the standard treatment strategy, has significantly improved the rates of sphincter preservation and reduced local recurrences in LARC (5). Overall, the survival was improved for patients achieving pCR after neoCRT (5, 7). The radical surgical approach after neoCRT is increasingly questioned in patients achieving clinical complete response (cCR), since watchful waiting for these patients has shown promising results in recent clinical trials (18–20). Watch-and-wait or local surgery strategies reduce morbidity by multiple factors compared to TME (19). However, the essential premise for clinical implementation of nonsurgical treatment approaches is the precise identification of patients with cCR and assurance of high-grade concordance between cCR and pCR. Currently, there is no standard method to certainly confirm pCR. Of all patients achieving clinical CR after neoCRT, 56% had residual cancer cells in the bowel walls (13). On the other hand, 8.3% of patients who did not achieve cCR had no residual tumor cells in the histopathologic specimen (pCR) (8). Thus, additional methods to assess the treatment’s response after neoCRT are urgently needed, enabling the implementation of new treatment strategies.

In a meta-analysis performed by de Jong et al., MRI, CT, and rectal ultrasound were evaluated to predict complete response (21). The pooled estimates for CT were: sensitivity 96%, specificity 21%, PPV 86%, NPV 53%, and accuracy 83%. However, these studies analyzed tumor metrics but not ceCT based densitometry. In the present study, we found ceCT based densitometry is suitable for identification of pCR in CRC following neoCRT, with a specificity of 87.5%. Furthermore, negative predictive value to rule out pCR was 93.75%. Thus, ceCT based densitometry could improve diagnostic imaging after neoCRT and may support the implementation of new treatment approaches.

The standard response assessment after neoCRT comprises of digital-rectal examination (DRE), endoscopy, and MRI. Prediction of a clear resection margin at the mesorectal fascia is one major goal of preoperative imaging. As a major obstacle, extensive fibrosis and edema impair the diagnostic accuracy of MRI after neoCRT (22, 23). Studies evaluating the feasibility of MRI to predict complete response are heterogenous. Recent studies showed low concordance between MRI and histopathological findings (11, 22). In a meta-analysis of 16 studies, pooled estimates were sensitivity 95%, specificity 31%, PPV 83%, NPV 47%, and accuracy 75% (21). Other studies demonstrate neither diffusion-weighted magnetic resonance imaging (DWI) nor 18F-fluorodeoxy-glucose are feasible techniques to overcome the limitations of MRI in this field (24, 25). However, contemporary studies are evaluating novel MRI grading systems to enhance the prediction of tumor regression after neoCRT, with promising results and DWI is recommended by current guidelines (26–28).

As an invasive approach to identify pCR, biopsies of the primary tumor region were performed after neoCRT. However, this approach demonstrated low sensitivity of 12.9% and a poor concordance rate of 30.4% between biopsy specimens and surgical specimens (29).

The comparison of MRI and ceCT was not the primary focus of our study. Thus, conclusions drawn are limited due to low sample numbers. However, our results are in line with previous studies demonstrating limitations predicting pCR by MRI with a limited accuracy. Accordingly, only 4 of 8 patients who achieved pCR were correctly identified by MRI, indicating the known limitations of this approach (11, 13, 22). The benefit of using ceCT may result from recognizing low perfused fibrotic tumors. When compared to other studies investigating the utility of MRI for response assessment, our approach shows superior specificity and sensitivity identifying pCR (11, 13, 22). McNemar’s test to analyze the difference between the methods was performed showing no significant difference. However, using McNemar´s test in this case, methods are compared without knowing the true reference, which is the pathology of the resected tumor. Thus, the significance of the test is limited.

We consider our approach as a useful additional tool in post-neoCRT examinations. Combined MRI, endosonographic ultrasound, and ceCT-based densitometry could enhance the safety of individual treatment strategies to avoid TME. This may be of particular interest in patients not able to undergo MRI for different reasons (denial, pacemaker etc.). This is in line with the 2016 ESGAR recommendations, where a majority of the panel agreed that a multimodal approach is needed for disease staging after neoCRT, since MRI alone seems not suitable for accurate disease staging after neoCRT (28).

The discrimination between benign and malignant lesions is a major obstacle of conventional radiologic imaging, and CT-based densitometry was used in other studies to overcome this limitation. For adrenal incidentaloma, non-enhanced CT and HU of ROI can be used to discriminate benign from malignant lesions (14, 16). In colon cancer, ceCT analysis in the portal venous phase is the current standard method for initial disease staging (30). Ravanelli et al. used texture analysis of ceCTs for response prediction in patients treated with bevacizumab, with a remarkable correlation of OS and texture analysis in this subgroup of patients (31). Besides texture analysis, CT-density of lesions differed significantly between responders and non-responders in the same subgroup (31). These results indicate the different characteristics of tumor lesions responding to chemotherapy. However, measurement at a distinct point in time bares the bias of a wide-ranging lesion-density between different patients. In contrast, our approach excludes the possible bias via matched analysis of two CT-exams (pre- and post neoCRT).

The limitations of our study are the retrospective analysis and the small cohort size, increasing the risk of selection bias. Pre- and post-neoCRT CT-scans are, thus far, not recommended as diagnostic procedures and not performed routinely. To date, abdominal ultrasound and conventional chest imaging are suitable for disease staging. A major reason for the exclusion of most patients was the missing combination of pre- and post-neoCRT CT-scans additionally to the mandatory completion of all neoCRT cycles as well as subsequent surgery. This limits the study’s clinical validity. However, based on our preliminary results, ceCT densitometry is a promising tool to extend and enhance pre-surgery diagnostics, which encourages further research, particular in patients with no nodal involvement. Moreover, our approach is easy to perform in clinical practice, compared to radiomics. In summary, a prospective study including a larger collective is needed to validate our results.
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The diagnosis of precancerous lesions or early gastric cancer (EGC) is very important for patient survival. Molecular imaging is a visualized method that can easily and precisely diagnose tumors. However, there are currently few studies about molecular imaging diagnosis of EGC. Here, we studied the expression of carcinoembryonic antigen related cell adhesion molecule 6 (CEACAM6) in the progression of GC. Then, the regulatory roles of CEACAM6 in GC cells were investigated. Furthermore, both the fluorescent-labeled and near infrared molecular-labeled probes were synthesized, and the diagnostic value of anti-CEACAM6 probes in GC was evaluated in vivo using a GC mice model as well as in vitro using fresh dysplastic gastric mucosa obtained from endoscopic submucosal dissection (ESD) operations. Our study showed that CEACAM6 was over expressed in GC tissues compared to adjacent tissues, and the patients with higher CEACAM6 expression had lower survival time. Moreover, the CEACAM6 expression was higher in the dysplastic gastric mucosa than in the adjacent normal mucosa. CEACAM6 accelerated the growth, proliferation, and invasion of GC cells in the in vitro and in vivo studies. Moreover, up regulated CEACAM6 can induce the expression of proteins related to GC progression. Furthermore, the anti-CEACAM6 probes exhibited good affinity with GC cell lines. The probes can track tumors as well as metastases in the mice model in vivo, and can precisely identify the area of dysplastic gastric mucosa using specimens obtained from ESD operations by wide field fluorescent endoscopy. The surface micro features of the mucosa can also be observed using fluorescent micro endoscopy, and the degree of atypia can be distinguished by both the signal intensity and surface micro morphology. CEACAM6 is a key molecular marker in GC progression, and the anti-CEACAM6 probe-assisted fluorescent endoscopy may be a potential option for the diagnosis of precancerous lesions.
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Introduction

Gastric cancer (GC) is one of the leading causes of cancer-related deaths worldwide (1). The morbidity and mortality of GC in China have long been at the forefront globally (2, 3). Early GC (EGC) has a 5-year survival rate that is more than 90%; by contrast, it is less than 20% in patients with advanced GC (AGC) (4, 5). Therefore, it is important to diagnose GC at the very early stages. Endoscopy-assisted pathology is currently the key diagnostic method for EGC; however, the preneoplastic lesion features are sometimes atypical under endoscopy in some cases. Although the new type of endoscopies such as high-resolution endoscopy, chromoendoscopy, magnification endoscopy, fluorescence endoscopy, narrow-band imaging, optical coherence tomography, point spectroscopy, and confocal laser endomicroscopy have been developed very well, the positive detection rate often depends on the experiences of operators. Therefore, it may sometimes be difficult to find the lesions. Hence, finding an easy and precise method to detect lesions during EGC is of urgent importance.

The emergence of “molecular imaging” have led to a boom in studies regarding tumor diagnosis (6, 7), the specificity of antibodies for antigens over expressed or uniquely expressed in tumor cells makes them ideal candidates in the development of bioconjugates for tumor imaging, the molecular probes are being used to detect tumors or neoplastic lesions through fluorescent endoscopy and are being widely applied in surgical navigation (8). The studies had investigated that the carcinoembryonic antigen (CEA) targeted fluorescent imaging was successfully used in both pancreatic and colorectal cancer (9), In 2018, the carcinoembryonic antigen related cell adhesion molecule5 (SGM-101) fluorescent probe was used in the diagnosis of pancreatic cancer and the metastases, with an accuracy of 84% and sensitivity of 98% (10). Nevertheless, similar investigations in EGC diagnosis remain insufficient. CEACAM6 is one of the members of CEA family, and is a protein expressed in the cell membrane (11). It is overexpressed in the tumor tissues of GC and has been found to be closely related to the angiogenesis and metastasis of GC (12). In 2016, a study showed that the fluorescent-labeled anti-CEACAM6 probe (CEACAM6-Alexa Fluor488) can label the tumors in patient-derived tumor xenografts (PDTX) (13), however, its diagnostic value in preneoplastic lesion has not yet been investigated.

In the present study, the CEACAM6 expression in the progression of gastric mucosa carcinogenesis was checked, and the regulated role of CEACAM6 in GC was studied in vitro as well as in vivo. Furthermore, the diagnostic role of the anti-CEACAM6 probe was investigated in a GC mice model and in dysplastic gastric mucosa specimens from ESD operation.



Materials and Methods


Human Tissue Samples Collection

The gastric mucosa specimens were divided into four groups according to the pathology results (1): Chronic Superficial Gastritis (CSG) group, characterized by the gastric mucosa having lymphocytes and plasma cell infiltration without changes in atrophy or intestinal metaplasia (2); Chronic Atrophic Gastritis (CAG) + Intestinal Metaplasia (IM) group, characterized by atrophy of the intrinsic glands in the gastric mucosa and by gastric mucosal epithelium that has transformed into the mucosal epithelium of the small or large intestine containing goblet cells (3); Dysplasia (Dys) group, also is preneoplastic lesion, characterized by gastric mucosal epithelium and glands that have deviated from normal differentiation and were atypical in shape and function, and can be divided in two three subgroups depending on the degree of atypia (mild, moderate, and severe); and (4) Gastric Cancer (GC) group, characterized by AGC lesions with cancer cells invasion beyond the submucosa to the muscularis propria or beyond. Gastric mucosa specimens were collected from CSG, CAG+IM, Dys, and GC patients through biopsy during their endoscopy procedures at the Wuxi People’s Hospital between October and December 2019. Three samples were collected for each group, and total 12 samples were kept in RNAlater (AM7020, Thermo Fisher Scientific) for the mRNA high throughput sequencing (HTSeq v0.11.2) analysis and reverse transcription‑quantitative polymerase chain reaction (RT‑qPCR) verification.

A total of 15 fresh specimens (mild=5, moderate=5, severe dysplasia=5) obtained from the ESD procedures at the Wuxi People’s Hospital between January and December 2020 were used for the in vitro probe studies, and then the specimens were fixed with formalin for the HE and IHC staining.

A total of 89 tumor and matched adjacent tumor tissues (62 from male patients and 27 from female patients) were collected from GC patients during their surgical procedures at the Wuxi People’s Hospital between January 2013 and December 2014 (the clinical data are shown in Table 1). The tissue chips were made by Shanghai ZuoCheng Bio Co., Ltd (Shanghai, China). All patients had not received chemotherapy or radiotherapy before their surgeries. The UICC TNM method was used for pathological classification (14), and all of the tissue chips were used for IHC staining.


Table 1 | Correlations of CEACAM6 mRNA expression with different clinic-pathological factors.





Cell Culture, Induction and Infection

The human GC lines AGS, MKN-45, and normal gastric epithelial cell lines GES-1 were purchased from the cell bank of the Chinese Academy of Sciences (Shanghai, China). Cells were cultured in Dulbecco’s modified Eagle medium (DMEM) supplemented with 10% fetal bovine serum (FBS), 100 U/mL penicillin, and 100 g/mL streptomycin separately, the cells were culture in a 37°C humidified incubator with 5% CO2.

Src inhibitor was purchased from MCE MedChenExpress (cat no.179248-59-0), it was dissolved with dimethyl sulfoxide (DMSO) and got the finial concentration of 10μM. The 2.5×105/ml AGS or MKN-45 cells were seeded in 6-well plates, 2ml/well, after 24h, the 2μl solution was added into cells/well, the control group was added the DMSO only, after 24 h, the medium was changed and the induced cells were infected with lentivirus for the following studies.

CEACAM6 overexpression lentivirus (Lenti-CEACAM6) and CEACAM6 RNAi lentivirus (CEACAM6 RNAi) with fluorescein expression purchased from Genechem company (Shanghai Genechem Co., Ltd), the AGS, MKN-45, and GES-1 cells were seeded in 6-well plates to reach about 30% confluence. HiTransG A (60 µl) and 7×108 TU/ml CEACAM6 lentivirus (Lenti-CEACAM6, CEACAM6 RNAi) or negative control lentivirus (Lenti-NC) (4 µl) were added to 1.5 ml of the complete medium. After 12 h of incubation, the medium was replaced with the complete medium for 72 h for the in vitro and in vivo experiments described below.



Hand-Held Fluorescent Endoscopy and Micro Endoscopy Detectors

The hand-held detectors of wide field multispectral microscope and a high-resolution microendoscope were supplied by the Suzhou Institute of Biomedical Engineering and Technology, Chinese Academy of Sciences (Suzhou, China).



Identification of CEACAM6 mRNA Expression Using TCGA Dataset

To investigate the GC CEACAM6 mRNA expression in published works, we performed a search in TCGA (http://ualcan.path.uab.edu) using the combined keywords “CEACAM6 AND stomach adenocarcinoma.” The CEACAM6 expression in different clinic stages of GC was also investigated.



Total RNA Extraction, mRNA Sequencing Analysis and RT‑qPCR

Total RNA was extracted from the gastric mucosa specimens of patients using Trizol (Invitrogen, Grand Island, NY, USA), according to the manufacturer’s instructions. The QIAGEN QIAseq FastSelect RNA Removal Kit (QIAGEN, Germany) was used to remove rRNA and achieve RNA fragmentation (average fragment length of approximately 200 nt). The purified RNAs were subjected to first strand and second strand cDNA synthesis following by adaptor ligation and enrichment with a low-cycle according to instructions of NEBNext® Ultra™ RNA Library Prep Kit for Illumina (NEB, USA). The purified products were evaluated using the Agilent 2200 TapeStation and Qubit®2.0(Life Technologies, USA) and then diluted to 10 pM for cluster generation in situ on the pair-end flow cell followed by sequencing (2×150 bp) HTSeq.

The clean reads were obtained after removal of reads containing adapter, ploy-N and at low quality from raw data. HTSeq was subsequently employed to convert aligned short reads into read counts for each gene model. Differential expression was assessed by DEGseq using read counts as input. The Benjamini–Hochberg multiple test correction method was enabled. Differentially expressed genes were chosen according to the criteria of fold change > 2 and adjusted q-value < 0.05. All the differentially expressed genes were used for volcano map analysis, the expression of CEACAM6 mRNA was verified by RT‑qPCR using the same total RNA for the sequencing above.

RT‑qPCR primer set for CEACAM6 (MQPS0000872‑1‑100) and β-actin (snRNa, MQPS0000002‑1‑100) purchased from Guangzhou RiboBio Co. Ltd. A total of 0.5 µg total RNA was used to synthesize cDNA in a 20 µl reaction volume at 42°C for 45 min using a PrimeScriptsis kit (cat. no. RR047a; Takara Bio, Inc.). RT‑qPCR was performed in a 20 µl reaction volume using iQ™ SYBR Green Supermix (cat. no. 1708882aP; Bio‑Rad Laboratories, Inc.) The thermocycling conditions were as follows: 95°C for 3 min, followed by 40 cycles of 95°C for 20 sec, 60°C for 30 sec, and 70°C for 30 sec. The β-actin was used as the internal control for CEACAM6, which was quantified using the 2‑ΔΔCt method. All RT‑qPCR experiments were performed in triplicate.



IHC Staining

The tissues were fixed and dehydrated, followed by paraffin embedding and cutting. The 5 µm-thick sections were rehydrated and subjected to antigen retrieval buffer, followed by incubation with primary antibodies against CEACAM6 (1:40, cat. no., ab275022, Abcam, USA), p-Akt (1:100, cat. no. 4060, CST, USA), p-PI3K (1:200, cat. no. 17366, Abcam, USA), p-Src (1:50, cat.no. 2105S, CST, USA), and MMP9 (1:100, cat.no. ab58803, Abcam, USA) for 1 h at room temperature. After washing thrice with tris-buffered saline (TBS), the sections were incubated with Envision-labeled polymer-horseradish peroxidase (HRP)-conjugated rabbit antibody (1:2,000; cat. no. 7074; Cell Signaling Technology, Inc.) for 1 h at room temperature, and were then visualized using diaminobenzidine.

All immunohistochemical sections were scanned by 3D HISTECH (pannoramic MIDI) and 10 randomly selected fields were checked under pannoramic viewer, the percentage of positive cells was analyzed by the densito quant software. The staining intensity was: strongly positive showed in dark brown was 3, the moderately positive showed in brown was 2, the weakly positive showed in light yellow was 1 and the negative showed in blue was 0. The positive cell percentage was calculated, and finally the histochemistry score (H-Score) was calculated. H-Score = ∑ (PI ×I) = (percentage of cells of weak intensity ×1) + (percentage of cells of moderate intensity ×2) + percentage of cells of strong intensity ×3), where PI is the percentage of positive cells in all cells in the section, I is the staining intensity.

All histopathological sections were read, diagnosed, and recorded by two senior pathologists.



Cell Invasion

For the cell invasion assay, 2.5×104 infected AGS and MKN-45 cells obtained as mentioned above were seeded in 24-well plates with inserts. The two-chamber system was equipped with a cell-permeable membrane coated with Matrigel (R&D Systems, USA). After culturing for 48 h, cells that invaded through the matrigel and reached the bottom of the insert were fixed with formalin, and stained with crystal violet, the cells in the bottom chamber were considered invaded and were counted using Image-Pro Plus software.



Cell Proliferation

AGS and MKN-45 cells infected with Lenti-CEACAM6 or Lenti-NC were seeded in 96-well plates with 104 cells/well, with three replicates in each group. After 48 h in complete medium, cell proliferation was detected using Lights’ EdU Apollo567 kit (cat. no.C10310-1; Guangzhou RiboBio Co. Ltd) according to the manufacturer’s instructions. The cells were observed under fluorescence microscope, with the total live cells in blue and the proliferated cells in red. The cells number were estimated using Image-Pro Plus software and the proliferation rate= (number of proliferated cells/total number of cells) ×100%.



Protein Extraction and Western-Blot

Cells were harvested and then lysed with radioimmunoprecipitation assay buffer (Pierce; Thermo Fisher Scientific, Inc.). The protein concentration was determined using the bicinchoninic acid assay, and proteins were separated using 10% SDS‑PAGE and were transferred onto polyvinylidene difluoride membranes. The membranes were blocked with 5% skimmed milk in TBS‑Tween‑20 (TBST), followed by overnight incubation at 4°C with rabbit anti-human CEACAM6 (1:500, cat. no. ab275022, Abcam, USA), Akt (1:1000, cat. no. 9272, CST, USA), p-Akt (1:2000, cat. no. 4060, CST, USA), PI3K (1:1000, cat. no. 4255, CST, USA), p-PI3K (1:500, cat. no. 17366, Abcam, USA), MMP9 (1:500, cat. no. ab58803, Abcam, USA), and p-Src (1:1000, cat.no.2105S, CST, USA), Src (1:1000, cat.no. 2109T, CST, USA), β-Tubulin (1:1000, cat. no.2146S, CST, USA) and β-actin (1:1000, cat. no.4970S, CST, USA) antibodies at 4°C. The membranes were washed with TBST thrice, followed by incubation with HRP-conjugated goat anti-rabbit IgG (cat. no.7074, Sigma-Aldrich) for 1 h at room temperature. The protein bands on the membrane were visualized using the SuperSignal West Pico Chemiluminescent Substrate (Pierce) and were quantified using Image-Pro Plus software.



Anti-CEACAM6 Antibody Synthesis

The CEACAM6 monoclonal antibody (CEACAM6 mAb; NP_002474.4; Met 1-Gly 320) was purchased from Sino Biological (cat. no.10823-R408). CEACAM6 mAb was obtained from a rabbit immunized, the gene of antibody was characterized by phage display technology, and then, the targeted gene was constructed into eukaryotic expression vector, the vector was transfected into the 293 cells, lastly, the antibody was expressed and purified.



CEACAM6-mAb-Alexa Fluo488 Probe Synthesis

0.1 mg Alexa Fluo 488 was dissolved into 0.1 ml PBS(pH=8.4)buffer solution in the dark room, then 1 ml anti-CEACAM 6 mAb (1 mg/ml, cat. no.10823-R408, Sino Biological) was added into the above solution, mixed together and placed at room temperature for 2 h, then the mixture was centrifuged thrice at 1200 rpm using a desalination column (Pierce Zebra, 1 ml) and 0.01 M PBS was used as the mobile phase. The filtrate was collected and the anti-CEACAM6-mAb-Alexa Fluo488 probe was obtained.



CEACAM6-mAb-IR Dye 800CW NHS Probe Synthesis

0.5 mg IR Dye 800CW NHS was dissolved into 0.5 ml PBS (pH=8.4) buffer solution in the dark room, then 5 ml anti-CEACAM 6 mAb (1 mg/ml, cat. no.10823-R408, Sino Biological) was added into the above solution, mixed together and placed at room temperature for 2 h, then the reaction, the mixture was centrifuged thrice at 1200 rpm using a desalination column (Pierce Zebra, 5 ml) and 0.01M PBS was used as the mobile phase. The filtrate was collected and the CEACAM6-mAb-IRDye 800CW probe was obtained.



CEACAM6-mAb-Alexa Fluo488 Probe Affinity Testing in Cells

AGS, MKN-45, and GES-1 cells were cultured in dishes for 24 h for the confocal experiment. Then, the cells were fixed with 4% paraformaldehyde at 4 for 20 min, blocked with goat serum for 1 h at room temperature, and incubated with CEACAM6- mAb-Alexa Fluo488 probe synthesized as described above (1:20) at 4°C overnight. Finally, the nuclei were stained with DAPI and the cells were observed under confocal microscope. The average fluorescence intensity was calculated using the Image-Pro Plus software (Media Cybernetics, Rockville, MD, USA).



CEACAM6 mAb-IRDye800CW Activity Testing by ELISA Method

In order to test if the conjugate (IRDye800CW NHS) affect the activity of the antibody, the ELISA (Enzyme Linked Immunosorbent Assay) method was applied. The recombinant CEACAM6 protein (CD66c, cat. no. 10823-H08H, Sino Biological) was dissolved with PBS, then put the 50ul CEACAM6 dissolving solution (100ug/ml) into the 4950ul coating buffer and got the coating solution (1ug/ml). Put the coating solution into the 96-well ELISA plates (100ul/well) and incubated at 4°C for 20 h, then the plates were washed for three times and blocked with 1%BSA-PBST blocking buffer at 37°C for 2 h, after washing, the CEACAM6 mAb or CEACAM6 mAb-IRDye800CW with different dilution times was added into the 96-wells (100ul/well), and incubated at 37°C, after 2 h, the plates were washed and the anti-rabbit secondary antibody was added into the wells (100ul/well), after incubating at room temperature for 1 h, the plates were washed, the color was developed with tetramethylbenzidine (TMB) ELISA substrate (100ul/well) (abcam,ab171523) and terminated with 1M H2SO4 (50ul/well), finally the OD value was read at 450nm.

when calculating half maximal inhibitory concentration (IC50) value, subtracted the OD value when the concentration of antibody is 0 from each OD value, then the value obtained by subtraction was input into graphpad prism 8.0.2 software for the curve fitting, and the IC50 value was got according to the fitting curve, the lower the IC50, the higher the activity of the antibody.



CEACAM6 mAb-IRDye800CW Affinity Testing by Surface Plasmon Resonance (SPR) Analysis


Immobilization of Human CEACAM6 (CD66c) Protein

The coupling was did according to the manufactory’s instruction (cytiva, cat no. BR100050). The HBS-EP(10X, containing 0.1 M HEPES, 1.5 M NaCl, 30 mM EDTA and 0.5% v/v Surfactant P20)was used as running buffer, the flow cells Fc1 and Fc2 of Series S Sensor Chip (cytiva, cat. no. 29149603) were activated with a fresh mixture of 11.5 mg/ml NHS and 75 mg/ml EDC (1:1) for 420s, 5μg/ml of human CEACAM6 protein (CD66c, cat. no. 10823-H08H, Sino Biological) was diluted with 10 mM sodium acetate pH 4.0 (Cytiva, cat no. BR100349), and then injected to Fc2 at 10μl/min for 420s. The remaining active coupling sites of Fc1 and Fc2 were blocked with injection of 1 M Ethanolamine hydrochloride-NaOH for 420s, Fc1 was a reference channel in subsequent experiments. The final immobilization level of Fc2 reached to about 34.4RU.




Kinetics Measurement Between CEACAM6 (CD66c) and CEACAM6 mAb or CEACAM6-mAb-IRDye800CW Antibody

The kinetic measurement was performed at 25°C. HBS-EP buffer (10X) was used to dilute CEACAM6 mAb or CEACAM6-mAb-IRDye800CW antibody, 20μg/ml was the highest concentration, 2-fold dilution of 20μg/ml till got 0.3125μg/ml. The gradient diluted antibodies were injected to Fc1 or Fc2, the flow rate was 30µl/min, the association time was 180s and dissociation time was 600s. 10mM glycine HCl (pH 1.5, cytiva, cat no.BR100354) was selected to regenerate the combined CEACAM6 mAb or CEACAM6-mAb-IRDye800CW antibody, and the regeneration time was 30s. Different concentrations of the antibody were injected repeatedly to bind, dissociate and regenerate. Finally, the association (Ka) and dissociation (Kd) rate constants were evaluated using Biacore T200 evaluation software (GE Healthcare Bio-sciences, Sweden), and the average dissociation constant (KD= Kd/Ka) was got. The 1:1 binding model was used for evaluating the binding of CEACAM6 mAb or CEACAM6-mAb-IRDye800CW to CEACAM6 (CD66).



Subcutaneous Tumor Xenograft Model

Female nude mice (6–8 weeks old) were provided by the Changzhou Kaiwen Laboratory Animal Co., Ltd. (Jiangsu, China). The mice were maintained under specific pathogen-free conditions and were housed in ventilated cages with free access to food and water. The mice were allowed to acclimate for one week. They were anesthetized with 2% isoflurane for euthanasia and the cervical dislocation method was used to confirm death. The animal procedures were carried out in accordance with the guidelines of the Nanjing Medical University Laboratory Animal Center.

MKN-45 cells transfected with Lenti-CEACAM6, CEACAM6-RNAi or Lenti-NC were cultured in 10% FBS-containing DMEM and were then harvested. Approximately 4×107 cells were resuspended in 100 µl of saline and were subcutaneously inoculated into the mice. 30 days after inoculation, when the tumors have grown to about 200 mm3, the tumor volume (0.5×length×width2) was recorded every 5 days, and the mice were used for the in vivo imaging study described below, the tumor and liver tissues were harvested to HE and IHC staining.



In Vivo Mice Imaging

The CEACAM6mAb-IRDye800CW was injected through the tail vein using the following doses: 2.5 mg/kg, 5 mg/kg, and 10 mg/kg. The animals were observed at 2 h, 1 d, 2 d, 4 d, and 7 d after the injection, and were anesthetized with sodium pentobarbital by intraperitoneal injection at a dose of 40 mg/kg. After several minutes, the animals were placed in the in vivo imaging system (IVIS) (PerkinElmer) for near infrared imaging. The animals were euthanized after the last examination, with the cervical dislocation method used to confirm death, then the tumor as well as other organs were removed for near infrared imaging. The data were collected and analyzed using living image software (Xenogen) according to the manufacturer’s instructions.



Diagnosis Value of the CEACAM6 mAb-IRDye800CW Probe to Specimens Obtained From ESD

The CEACAM6 mAb-IRDye800CW probe was sprayed on the surface of fresh tissues obtained from the ESD procedure, staining for 30 min at room temperature. Then, the tissues were washed thrice with running water and the fluorescent probe was completely removed from the surface. Fluorescence was checked using the fluorescent endoscopy detector and the surface microstructure was observed using detector of the fluorescence microscopic endoscopy detector.



Statistical Analyses

All experiments were performed in triplicate, and all data were expressed as mean ± standard error. GraphPad Prism 5 software (GraphPad Software, Inc., GPW5-384305-RAG-5235) was used to perform statistical analyses. Differences between two groups were analyzed using the unpaired t-test, and the one-way analysis of variance (ANOVA) followed by Bonferroni’s post hoc test was used to analyze the differences between more than two groups. The paired datasets (adjacent tumor and tumor) were analyzed using the Wilcoxon matched-pairs signed rank test. A p value <0.05 was considered statistically significant. The correlation between fluorescence intensity and CEACAM6 staining H-Score was studied by calculation of Pearson correlation coefficients. Kaplan-Meier survival curve analysis was used to identify the difference between patients with high and low CEACAM6 expression, and the Cox risk proportional regression model was used to determine the GC risk factors.




Results


The Expression of CEACAM6 mRNA in Gastric Mucosa From Surface Gastritis to Cancer

Data from TCGA showed that CEACAM6 mRNA is up regulated in cancer tissues compared to their levels in normal tissues in stomach adenocarcinoma (Figure 1A). Furthermore, the CEACAM6 expression in cancer tissues with clinical grades 2, 3, and 4 are much higher than in the normal tissues (Figure 1B). However, there are currently few studies about CEACAM6 expression during GC progression. Thus, in order to investigate the expression and possible role of CEACAM6 in gastric mucosa carcinogenesis, the mRNA sequencing was performed on gastric mucosa specimens with CSG, CAG+IM, Dys, and Cancer, and the genes of CEA family member were verified by RT-qPCR method (only the data of CEACAM6 mRNA was showed). Compared with CSG, there were 882 up regulated and 633 down regulated mRNAs in the CAG+IM group, and among these mRNAs, the CEACAM18 was verified up regulated and CEACAM21 was down regulated (Figure 1C). Moreover, there were 1581 up regulated and 876 down regulated mRNAs in the Dys group, and among these, CEACAM1, 3, 4, 6, 18, 20, and 22 were verified up regulated (Figure 1D). In the Cancer group, 4429 mRNAs were up regulated and 2937 mRNAs were down regulated, and among these, CEACAM 3, 4, 5, 6 and 20 were verified up regulated and CEACAM19 was down regulated (Figure 1E). From the data above, it was showed CEACAM6 was up regulated (P<0.05) in both Dys and Cancer groups. The mRNA sequencing data has been submitted to the GEO repository and the series record is GSE163416.




Figure 1 | CEACAM6 mRNA expression in the gastric mucosa from normal to cancer. (A) Searched the CEACAM6 mRNA expression in the normal and stomach adenocarcinoma tissues in TCGA dataset through UALCAN (http://ualcan.path.uab.edu) website, normal (n=34), primary tumor (n=415). (B) Searched the CEACAM6 mRNA expression in the stomach adenocarcinoma tissues with different clinic stage in TCGA dataset, normal (n=34), stage 1 (n=34), stage 2 (n=123), stage 3 (n=169), stage 4 (n=41). The volcano map showed the deregulated mRNAs in CAG+IM (C), Dys (D) and Cancer (E), the red triangles represented up regulated mRNAs and the green triangles represented down regulated mRNAs (P<0.05), the deregulated mRNAs had no significant differences were showed in the black triangles, the up or down regulated CEA family members were verified by RT-qPCR and labeled in the map. The histograms in the volcano map showed the verification of CEACAM6 mRNA expression. *P < 0.05, **P < 0.01, ***P < 0.001, NS, no significance. CSG, Chronic Superficial Gastritis; CAG+IM, Chronic Atrophic Gastritis (CAG) + Intestinal Metaplasia (IM); Dys, Dysplasia; Cancer, Gastric Cancer.





CEACAM6 Protein Expression in the Gastric Mucosa Among Patients With Cancer or Dysplasia

According to the data provided above, CEACAM6 mRNAs were over expressed in both the Dys and Cancer groups. To detect the CEACAM6 protein in the GC, we sought to detect the expression patterns of CEACAM6 in GC tissue chips using IHC staining. The results showed that the positive rate of CEACAM6 was 66.29% (59/89) and 4.49% (4/89) in the tumor tissues and the adjacent tumor tissues, respectively, and the staining H-Score in tumor was 39.56 ± 6.01 (Figures 2A, B). From the clinical data shown in Table 2, patients with TNM classifications of stage T3-4 have higher CEACAM6 expression than those with stages T1-2 (P=0.026), and the patients with pathological classifications of grades 3-4 have higher CEACAM6 expression than those with grade 2 (P=0.007). Furthermore, the data showed that distant metastasis and N classification were closely related with the prognosis of patients and were independent risk factors for GC prognosis.




Figure 2 | The CEACAM6 expression in the cancer tissues and dysplastic gastric mucosa. (A) Immunohistochemical staining (IHC) was performed to examine the expression of CEACAM6 in tumor and tumor-adjacent tissues using tissue chips. The tissues expressed CEACAM6 were stained in brown. Scale bars = 500 μm. (B) The histograms showed the quantification of IHC staining. Bar represents the Mean (± SEM) of staining H-Score (n=89). ***P<0.001. (C) The survival curve was drawn according to the CEACAM6 expression data got from the IHC analysis above. (D) HE staining was performed on the ESD specimen, the normal mucosa had the regular glands (green box), the mucosa with dysplastic changes had the disordered arrangement of glands and large hyperchromatic nuclei (red box), Scale bars = 2.5 mm. The fields in the green or red boxes were magnified and shown on the upper panel, Scale bars = 250 μm. (E) IHC was performed to examine the expression of CEACAM6 in the dysplastic gastric mucosa got from ESD operation, the tissues expressed CEACAM6 were stained in brown, Scale bars = 2.5 mm, and the fields in the red or green box were magnified and shown on the upper panel, Scale bars = 250 μm. (F) The histograms showed the quantification of IHC staining, the data are expressed as the mean (± SEM) of staining H-Score (n = 15, mild dysplasia=5, moderate dysplasia=5, severe dysplasia=5). ***P<0.001. All immunohistochemical sections were scanned by 3D HISTECH (pannoramic MIDI) and 10 randomly selected fields were checked under pannoramic viewer, the percentage of positive cells was analyzed by the densito quant software and the staining H-Score was calculated.




Table 2 |  The relationship between expression of CEACAM6 and clinicopathological features of GC.



During the end point of 60 months of follow-up, a total of 51 patients died whereas the other 38 remained alive. The survival analysis showed that the patients with higher positive CEACAM6 expression have shorter survival time than those with lower CEACAM6 expression (Figure 2C). To investigate the CEACAM6 expression in dysplastic gastric mucosa, tissues of patients with mild, moderate or severe dysplasia obtained from the ESD procedures were stained with anti-CEACAM6 mAb using IHC staining. The results show that compared to the adjacent gland, CEACAM6 was highly expressed in the gland with dysplastic changes (Figures 2D–F). *** P <0.001.



CEACAM6 Promoted the Invasive, Metastatic, and Proliferative Ability of GC Cells

In order to study the roles of CEACAM6 in GC cells, the AGS and MKN-45 cells were infected with Lenti-CEACAM6 or Lenti-NC. The infection efficiency was checked using fluorescence microscopy and western-blot (Figure 3A), and the cell invasion and proliferation were detected 48 h after infection. The transwell assay results showed that CEACAM6 over expression promoted GC cell invasion (Figure 3B). Moreover, the EdU assay showed that CEACAM6 can promote the proliferation of GC cells (Figure 3C). *P<0.05, **P<0.01, *** P <0.001.




Figure 3 | CEACAM6 promoted the GC cells invasion, proliferation and metastasis. (A) AGS and MKN-45 cells were infected with CEACAM6 lentivirus (Lenti-CEACAM6) or negative control lentivirus (Lenti-NC), the cells infected with lentivirus were showed in green color when checked with fluorescent microscopy, and the infection efficiency was also checked with western-blot. (B) After 48 h of infection, 2.5x104 cells were trypsinized and seeded in 24−well plates with matrigel−coated membranes for the invasion assays. The upper panel represented the AGS cells and the down panel represented the MKN-45 cells. The number of cells in 10 randomly selected fields was counted at 48 h after incubation. Data represents the mean value of three independent experiments. Bars represent the mean (± SEM) number of invaded cells per field. **P < 0.01, ***P < 0.001. (C) 3x104 cells/ml were seeded in 96−well plates and grown for 24 h and then infected with Lenti-CEACAM6 and Lenti-NC for 48 h. Cells were stained with EdU−Apollo 567 and DAPI; DAPI blue fluorescence represents all live cells and the EdU−Apollo567 red fluorescence represents the proliferating cells. The number of cells in 10 randomly selected fields were counted. The proliferation ratio was calculated as number of proliferating cells/total number of cells x 100%. Mean (± SEM) values of three independent experiments are presented.*p<0.05, ***p<0.001. (D) Western-blot assays were performed to detect the expression of PI3K, p−PI3K Akt, p−Akt, Src, p-Src and MMP9. β−Tubulin was used as the internal control for total proteins, while total protein was used as the internal control for the phosphorylated protein. Mean (± SEM) values of three independent experiments are presented, *p<0.05, **P<0.01, ***p<0.001. Control: Src inhibitor control, Lentivirus: CEACAM6 over expression lentivirus (Lenti-CEACAM6), Srci:Src inhibitor. (E) The possible pattern graph of CEACAM6 to Src/PI3K/Akt signaling pathway.



Studies found Src/PI3K/Akt signaling pathway activation is responsible for the GC tumorigenesis (15, 16), furthermore, the western-blot was applied to study the roles of CEACAM6 in proteins of Src/PI3K signaling pathway, with the results showing that CEACEM6 over expression can up regulate the expression of p-Src, p-PI3K, p-Akt and MMP9 proteins in the AGS and MKN-45 cells, however, when the Src was inhibited, the down regulation of p-PI3K, p-Akt and MMP9 cannot be recovered by CEACAM6 (Figure 3D). It was speculated that CEACAM6 can accelerate the GC tumorigenesis and progression by Src/PI3K/Akt signaling pathway (Figure 3E).



Over Expression of CEACAM6 Promoted GC Cells Derived Tumor Growth

To further investigate the role of CEACAM6 in GC cell tumorigenesis in vivo, the subcutaneous tumors from CEACAM6 over expressed MKN-45 cells in a xenograft mouse model were studied. We found that CEACAM6 (Lenti-CEACAM6) over expression led to a significant increase in the tumor volume in a time-dependent manner, as compared to the Lenti-NC group (Figures 4A, B). From the data obtained above, it was found that CEACAM6 can increase the expression of p-Src, p-PI3K, p-Akt, and MMP9 proteins. Then, we checked the expression of these proteins in the subcutaneous tumor tissues and found that high CEACAM6 expression can also promote the expression of p-Src, p-PI3K, p-Akt, and MMP9 proteins in vivo (Figure 4C). The results further confirmed that the activation of the Src/Akt/PI3K/MMP9 signaling pathway may be a mechanism by which CEACAM6 promotes GC cell metastasis in vivo




Figure 4 | The effect of CEACAM6 on cell derived tumorigenesis. (A) Approximately 4 × 107 MKN-45 cells infected with Lenti-CEACAM6 or Lenti-NC were inoculated subcutaneously into the mice, the MKN-45 cell derived subcutaneous tumors in a xenograft mouse model was constructed. (B) 30 days after the inoculation, the width and length of tumor were measured and the volume was calculated in vivo every 5 days till day 50. (C) At the day 50, the mice were euthanasia, the subcutaneous tumors were harvested for IHC staining of p−Akt, p−PI3K p−Src, and MMP9. The images in the left panel were magnified 100 folds (x10), and images in the right panel are a magnification of the indicated black boxes, at 400 folds magnification (x40), the positive staining was showed in the brown. All IHC sections were scanned by 3D HISTECH (pannoramic MIDI) and 10 randomly selected fields were checked under pannoramic viewer, the percentage of positive cells was analyzed by the densito quant software and the staining H-Score was calculated and showed with histograms (right panel). The data are expressed as the mean (± SEM) of staining H-Score from three independent experiments.





The Anti-CEACAM6 Probe Has High Affinity to CEACAM6

In order to check the affinity of the fluorescent-labeled anti-CEACAM6 probe with GC cells, the CEACAM6-mAb-Alexa Fluo488 probe was synthesized, the AGS, MKN-45, and GES-1 cells were cultured in confocal specific dishes, and the cells were incubated with the fluorescent-labeled anti-CEACAM6 probe (CEACAM6- mAb-Alexa Fluo488). After incubation, the cells were observed under confocal microscopy. It was found that the probe was assembled on the cell membrane, as expressed by the CEACAM6 (green fluorescence) (Figure 5A). Moreover, the fluorescence intensity was highest in the MKN-45 cells (Figure 5B). ***P<0.001. The chemical molecular structure model diagram of CEACAM6-mAb-Alexa Fluo488 was showed in Figure 5C. It was suggested that the probe had the strongest affinity to MKN-45 cells.




Figure 5 | The affinity of CEACAM6-mAb-Alexa Fluo488 probe to GC cells and the CEAACM6-mAb-IRDye800CW probe tracked the tumor in mice model. (A) The AGS, MKN-45 and GES-1 cells were cultured and incubated with CEACAM6-mAb-Alexa Fluo488 probe (1:20, green signal), the nucleus were stained with DAPI (blue signal), 10 randomly selected fields were checked under confocal microscope. (B) Quantification of the mean fluorescence intensity in the cells by Image-Pro Plus software (fold change from GES-1), and the bar graph was drawn, data are expressed as the mean (± SEM) of values from three independent experiments. ***p < 0.001. (C) The chemicalmolecular modeldiagram of CEACAM6-mAb-Alexa Fluor488 was showed. (D) The chemicalmolecular model diagram of CEACAM6-mAb-IRDye800 was showed. (E) The activity of CEAACM6-mAb-IRDye800CW was evaluated by ELISA method, the optical intensity was measured by spectrophotometer (OD450nm). The Y-axis respresented the OD value, the X-axis represented the different concentration of antibody, the fitting curve was generated based on the OD value and the IC50 was calculated according to the fitting curve by GraphPad Prism 8.0.2. (F, G) The surface plasmon resonance (SPR) analysis was used to test affinity of CEACAM6 mAb and CEACAM6 mAb-IRDye800CW to CEACAM6 respectively, Y-axis respresented the fluorescence signal value, the X-axis represented the times, the different diluted concentration of antibody were showed in the different colors.



The near infrared-labeled anti-CEACAM6 probe (CEACAM6 -mAb-IRDye800CW) was synthesized to study the tracking role of the anti-CEACAM6 probe in GC in vivo, the chemical molecular structure model diagram of CEACAM6 -mAb-IRDye800CW was showed in Figure 5D. The activity of the probe was evaluated using the ELISA method. The results showed that the CEACAM6 antibody labeled with IRDye800CW has the similar IC50 value (0.3501 ng/μl) with that of the CEACAM6 antibody without labeling (the IC50 value was 0.5705 ng/μl). Therefore, it was indicated that the activity of the CEACAM6-mAb-IRDye800CW was high and was not influenced by conjugates (Figure 5E).

In order to further evaluate the affinity of CEACAM6-mAb-IRDye800CW to CEACAM6, the surface plasmon resonance (SPR) analysis was performed. For CEACAM6-mAb, the association (Ka) rate constant was 1.422×105 M-1s-1, the dissociation (Kd) rate constant was 2.2876×10-5s-1, and the average dissociation constant (KD) was 2.022×10-10 M (Figure 5F). For CEACAM6-mAb-IRDye800CW, the Ka rate constant was 4.996×104 M-1s-1, the Kd rate constant was 2.989×10-5 s-1, and the KD was 5.983×10-10 M (Figure 5G), from the data above, it was showed the CEACAM6-mAb-IRDye800CW had the similar Kd rate constant to CEACAM6 mAb, the Ka rate constant of CEACAM6-mAb-IRDye800CW was slightly lower than CEACAM6 mAb, then it was found the affinity of labeled antibody was slightly lower than unlabeled antibody accord to the KD value.



The CEACAM6 -mAb-IRDye800CW Can Track the Tumor as Well as Metastases In Vivo

The anti-CEACAM6 demonstrated strongest affinity to the MKN-45 cells, hence the MKN-45 cells infected with Lenti-CEACAM6 or CEACAM6-RNAi were used for the xenograft mouse GC model construction and in vivo study. The CEACAM6-mAb-IRDye800CW probe was injected into the mouse model through the caudal vein and the whole-body imaging was acquired using animal computed tomography. When the CEACAM6-mAb-IRDye800CW with different dose was injected in the caudal vein of the mice, the signal intensity was observed from 2 h up to 7 days. In the Lenti-CEACAM6 group, the signal intensity was enhanced with the dose increasing but was attenuated with passing time. Therefore, the fluorescence signals were strongest at 2 h with the dose of 10 mg/kg. In the CEACAM6 RNAi group, the signal intensity showed the similar change pattern from 2 h to day 7, but it was more weak when compared with Lenti-CEACAM6 group, the signal was very weak at the day 4 and there was almost non signal was detected at day 7 (Figure 6A). The tumor, heart, liver, spleen, lung, kidney, stomach, and muscles from Lenti-CEACAM6 were removed from the mice at day 7. The highest signal intensity was observed in the tumor with the dose of 10 mg/kg CEACAM6-mAb-IRDye800CW probe injection. The signal was also observed in the liver (Figure 6B), it was speculated that the tumor has metastasized to the liver. The result was supported by the HE staining that the surface of the liver became spotty, the arrangement of hepatic lobules was disordered, there were metastases in the tissue (white box) and a large number of cancer cells infiltrated (white arrows) (Figure 6C).




Figure 6 | (A) The MKN−45 cells infected with Lenti-CEACAM6 or CEACAM6 RNAi were used to derive the subcutaneous tumor mice model, for the in vivo imaging study, the CEAACM6-mAb-IRDye800CW probe with the concentration of 2.5, 5 and 10 mg/kg was injected in the caudal vein of the mice respectively, the fluorescence intensity were observed at 2 h until 7 days, and the tissues which were expressed the CEACAM6 highly were labeled by the probe and showed the red signals. (B) After imaging, the mice were euthanasia the tumor, heart, liver, spleen, lung, kidney, stomach and muscle were removed and imaged, the tissues which were expressed the CEACAM6 highly were labeled by the probe and showed the red signals. (C) The surface change of the liver got above, the HE staining was applied to study the histology of liver, the metastases was showed in the white box, and the cancer cells were indicated with white arrows.





The CEACAM6-mAb-IRDye800CW Probe Can Label Dysplasia in Gastric Mucosa Obtained From ESD Operation

From the data described above, it was shown that the anti-CEACAM6 probe has high affinity with GC cells and can track the tumor as well as the metastases in vivo in the mice model. Therefore, we performed the analysis of gastric specimens with dysplasia after ESD operations. The hand-held fluorescent detector was used to check the fluorescent signals. The CEACAM6-mAb-IRDye800CW probe could label the neoplastic lesion exactly (Figure 7A), and the mucosa with the strongest fluorescence intensity had the highest CEACAM6 expression when compared with adjacent mucosa (Figure 7B). The fluorescence intensity was increasing with the pathological changes progression of the mucosa, in another words, the mucosa with the cancer had the strongest fluorescence intensity (Figure 7C). Furthermore, it was showed that the fluorescence intensity closely related with the CEACAM6 staining H-Score (R2 = 0.6944) (Figure 7D). Meanwhile, the surface micro structure of the gastric mucosa was detected using the hand-held detector of the fluorescent microendoscopy. It was investigated the normal mucosa had no signal, the mucosa with mild dysplasia had weak signals that looked similar to regular circles, the mucosa with moderate to severe dysplasia had stronger signals than that with mild dysplasia, with the signals having an appearance similar to irregular circles. The mucosa with the adenocarcinoma had the strongest signal, and the signals characterized as messy (Figure 7E).




Figure 7 | CEAACM6-mAbIRDye800CW probe labeled the gastric mucosa with dysplasia. (A) The white light endoscopy of the lesion in upper gastric body (left panel), the ESD was carried out and the specimen was got, the specimen was fixed on the board with pin on the edges, and flushed with running tap water to remove the mucus on the surface, then the CEAACM6-mAb-IRDye800CW probe was sprayed on the surface of the specimen evenly and incubated, then the detector of the wide field fluorescent endoscopy was used to check the fluorescent intensity, the mucosa binding the probe showed the green fluorescent signals, the intensity of the signals indicated how much the probe be binded. The depressed gastric mucosa at the center of the specimen showed the strongest green signals and was signed in the white box. (B) After fluorescent probe study, the specimen was fixed with formalin and the HE staining were investigated (upper panel), the depression was signed with red box (left panel) and was amplified (right panel), the glands were irregular and the nucleus were large and hyperchromatic. IHC staining of CEACAM6 in the specimen of ESD operation (down panel). The depressed gastric mucosa was showed in the red box (left panel) and was amplified (right panle), the positive of CEACAM6 expression was showed in the brown. Scale bars in left panel = 500 μm, Scale bars in right panel = 250 μm. (C) The mean fluorescence intensity in the gastric mucosa with different lesions was quantified by Image-Pro Plus software (fold change from normal), Data are expressed as the means ± SD, the normal mucosa=5, mucosa with mild dysplasia=5, mucosa with moderate dysplasia=5, mucosa with severe dysplasia =5 and mucosa with cancer=5, m-s dys: moderate or severe dys. ***P < 0.001. (D) The correlation between fluorescence intensity and CEACAM6 IHC staining index was studied by Pearson correlation coefficients. (E) The micro structure of gastric mucosa surface was observed by the fluorescent micro endoscopy detector. The surface micro structure was showed in upper panel and the pattern diagrams were drawn (low panel).






Discussion

GC is the one of the most common tumors in digestive system, and is the second and third in incidence and mortality worldwide, respectively (2, 3, 17, 18). The EGC can be cured by endoscopic resection (ESD) and has the good prognosis, but the Non-early operable GC is treated by surgery and has the low 5-year survival (19). Thus, the early detection of lesions is very important. Although the invention of new types of endoscopies provided useful tools for tumor diagnosis, the accurate tool for EGC diagnosis is still lacking; therefore, there is a very urgent need to find an endoscopic method for EGC diagnosis that is easy and independent from the operator.

Antibodies conjugated with fluorescent dyes can image tumors by targeted optical imaging (20), the fluorescent probe is a new method that can visualize tumors (21). It was found the novel zinc ion fluorescent probe DPP-C2 showed potential application for the early detection of prostate cancer in tumor-bearing nude mice (22). Studies showed Cathepsin B (CB)-activated polymeric probe, P-(GGFLGK-IR783), can detect the colorectal cancer as well as polyps in mice model (23). Then, the probe OTL38 was targeted to folic acid, Bevacizumab-IRDye800CW was targeted to vascular endothelial growth factor, and BLZ-100 was targeted to annexin were used during endoscopic-guided tumor screening and intraoperative navigation; moreover, some of these probes have been under successive clinical trials (24–27). Therefore, special molecular fluorescent probe targeting could be the trend for early tumor diagnosis.

Biomarkers are very important in molecular imaging diagnosis. CEACAM6 is one of the members of the CAMCAMs family, is mainly expressed on the cell membrane, and is over expressed in various solid tumors (28–30). It was also reported that CEACAM6 expression was higher in pancreatic cancer with low differentiation than in medium differentiation, similarly, it was found that CEACAM6 expression was higher in tumor tissues than in adjacent normal tissues in colon cancer (31). An increasing number of studies have found that CEACAM6 plays an important role in GC progression and that it is a prognostic biomarker and potential therapeutic target for GC (32, 33).

Src is the prototypal member of Src Family tyrosine Kinases (SFKs), as the oncogene, it plays an important role in solid cancers, it promotes tumor growth and formation of distant metastasis (34, 35). Src is found to be one of the key pathway to regulate the GC carcinogenesis  (36), it can accelerate the GC progression by MMP9 (37). In the current study, according to TCGA data and our tissues sequencing data, CEACAM6 was found over expressed in the GC tissues compared to the adjacent normal tissues.

Meanwhile, CEACAM6 showed over expressed in dysplastic gastric mucosa tissues. Then it was demonstrated that CEACAM6 can promote the proliferation and invasion ability of GC cells through in vitro as well as in vivo studies. Over expression of CEACAM6 was found to promote the p-Src, p-PI3K, p-Akt and MMP9 proteins expression, when the Src signaling pathway was inhibitor, CEACAM6 cannot recover the down regulation of these proteins. It was speculated that CEACAM6 accelerate GC carcinogenesis by Src/PI3K/Akt/MMP9 signaling pathway. These are consistent with the results of previous studies showing that up regulated CEACAM6 can accelerate the GC cells invasion through the TGF-β, AkT, FAK, or Src signaling pathways (12, 38), CEACAM6 can active Akt signaling pathway in a Src-dependent manner in the pancreatic cells (39). Studies showedCEACAM6 was over expressed in the tumor or dysplasia tissues compared to adjacent normal tissues, with the area under curve being 0.83 when it was used to diagnose stage T1 GC, this study used the fluorescent jointed anti-CEACAM6 probe (CEACAM6-mAb-Alexa Fluor488) to label the gastric tumor obtained from PDTX, with the results showing that the probe can closely integrate with the GC tissues and very accurately label the tumor (13). CEACAM6 provided a potential method for GC diagnosis by endoscopy, however, there were no further studies reporting its use in precancerous diagnosis.

Years ago, a study has investigated the vital-dye enhanced fluorescence imaging of metaplasia, neoplasia and inflammation of GI mucosa, it was demonstrated that vital-dye enhanced fluorescence can identify the different lesions of GI and provide real-time, in vivo diagnoses (40), but the specific targeting probe has not been used. In our study, the CEACAM6- mAb-Alexa Fluor488 probe was synthesized to test the affinity of the anti-CEACAM6 probe with the GC cells. Because the near-infrared fluorescence (NIRF) imaging agents are found to be promising tools for noninvasive GC imaging (41, 42), on the other hand, the near infrared CEACAM6 –mAb-IRDye800CW probe was synthesized for the in vivo tracing study. The results showed that the anti-CEACAM6 probe can closely bind to the GC cells and can track the tumor in the MKN-45 cells derived GC mice model. Therefore, in order to demonstrate the diagnostic role of the probe in dysplastic mucosa, fresh specimens obtained from ESD operations were used for the first time. From the wide field of fluorescent endoscopy, it was shown that the CEACAM6-mAb-IRDye800CW probe can label the dysplastic mucosa precisely, the fluorescence intensity was increased gradually in the gastric mucosa from normal to cancerous, and the fluorescence intensity closely related to the CEACAM6 protein expression. Furthermore, it was demonstrated that the mucosa with different degrees of dysplasia or cancer has different surface structures by fluorescent micro endoscopy. It was speculated that the CEACAM6-mAb-IRDye800CW probe can diagnosis the precancerous lesions especially can distinguish the mucosa with CAG+IM to Dys.

Nevertheless, our work still has some limitations. There were only 15 dysplastic specimens used for this study. In the future, more samples should be used, and the CEACAM6 expression in different degrees of dysplastic mucosa should also be studied. Moreover, the results that we have obtained were only from a pilot study, further studies are needed to verify the diagnostic role of the anti-CEACAM6 probe in precancerous mucosa, and the ROC curve analysis needs be done to evaluate the sensitivity and specificity of anti-CEACAM6 probe.

In conclusion, CECAM6 is a potential biomarker for EGC, and the anti-CEACAM6 probe may provide a new endoscopic diagnostic method for EGC in the future.
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Extraosseous Ewing’s sarcoma (EES) is a malignant tumor that is classified as a rare disease. EES is common in children and adolescents, with a rarer incidence being present in the elderly. ES of the primary intestine is rare, with only a few reports described in the literature. Here we report a case of a 69-year-old male patient who was experiencing abdominal pain for over 3 months. Ultrasonography (US) revealed a solid hypoechoic lesion with multiple irregular necrotic areas in the left lower abdomen close to the dome of the bladder. Contrast-enhanced ultrasonography (CEUS) showed that the lesion exhibited heterogeneous enhancement and quick peripheral enhanced tissue wash-out classifying this mass as malignant. PET–CT showed a high metabolic mass in the lower abdomen, multiple metabolic nodules in the mesentery, considered as a small intestinal stromal tumor with lymph nodes metastasis, and that a diagnosis of lymphoma should be excluded. Esophagogastroduodenoscopy performed at another hospital 1 month prior to CT showed an abnormal density in the pelvic cavity that was considered as a colonic diverticulum with an abscess. The endoscopy showed no obvious occupying lesions. The mass was removed and postoperative pathology confirmed ES of the small intestine. The patient avoided receiving chemotherapy. After 2 months, skull metastasis was diagnosed and surgical intervention was done. His survival was only six months after the second surgery. To our knowledge, our case is the first report of ultrasound and CEUS manifestation of EES in the small intestine in elderly.




Keywords: Ewing’s sarcoma, extraosseous Ewing’s sarcoma, primitive intestine tumor, elderly, ultrasonography



Introduction

The Ewing’s sarcoma (ES) family of tumors is highly aggressive and includes the extraosseous ES (EES), peripheral primitive neuroectodermal tumor (PNET), Askin’s tumor and atypical ES (1). ES mainly occurs in the pelvic region or proximal long bone tissues in 10–20 year old adolescents (2, 3). There are only a few reports of EES in adolescents in the literature; EES in the elderly with primary ES of the small intestine is extremely rare (4–8). There are rare reports on the ultrasound and CEUS imaging features of EES, most of which are CT, MRI, and PET/CT images. It is challenging for physicians to come up with a pre-operative diagnosis since ESS has non-specific imaging features (9, 10). Here, we report a highly aggressive case of primary ES in the small intestine of a 69-year-old man with a short survival.



Case Presentation

A 69-year-old man presented a 3-month history of persistent dull pain in the left lower abdomen. The patient experienced occasional diarrhea, slightly black stools, a poor appetite, fatigue, and 20-lb weight loss. There was no nausea, vomiting, fever, or night sweats. The patient denied any personal or family history of cancer. Before being transferred to our hospital, the patient underwent a gastrointestinal endoscopy that showed no abnormalities. Abdominal CT revealed a large, irregular mass in the pelvic cavity (Figures 1D–F) that was considered as a intestine diverticulum with an abscess. He was suspected to have an inflammation and was treated with a two-week course of antibiotics in another medical facility. However, the antibiotics did not relieve his symptoms. His hemoglobin level was 111 g/L (standard 135–170 g/L), and occult blood (OB) test was positive. Biochemical infection screening and tumor markers (CEA, AFP, CA199, CA724, CA125) were all normal on admission. On physical examination, he was found to have a well-defined soft mass on the left lower abdomen, poor mobility, slight tenderness. Ultrasonography revealed a 6.1 3.8 × 4.2 cm irregular, heterogeneous hypoechoic mass in the left lower abdomen (Figures 1A, B). The tumor contained multiple necrotic areas and close contact with the bladder wall. Heterogeneous enhancement, and wash-out time of 54 s on CEUS (Figure 1C).




Figure 1 | (A) Ultrasound showed a well-defined heterogeneous hypoechoic mass on the left lower abdomen, (B) the mass close contact with the bladder wall (arrow); (C) Contrast-enhanced ultrasonography (CEUS) presented irregular necrotic areas, heterogeneous enhancement in the arterial phase with quick wash-out (54 s); (D–F) Abdominal CT showed a hypodense solid lesion in the wall of an ileal loop, with areas of necrosis within (arrow).



The PET–CT was performed revealing a highly metabolic mass in the lower abdomen and multiple metabolic nodules in the mesentery (Figures 2A–E). This was considered a small intestinal stromal tumor with lymph node metastasis. The patient did not show symptoms of lymphoma, and no abnormalities were found in other organs. The consensus of the attending radiologists and surgeons was that it was a malignant tumor rather than an inflammatory process. A core needle biopsy was rejected because of the broad area of necrotic tissue; there was also concern that adequate tumor tissue would not be obtained while risking intestinal perforation or tumor dissemination. Finally the patient underwent surgery to remove the lesion. A 5× 6 cm brown cauliflower-like mass was resected from the ileum, 50 cm away from the ileocecal junction and the surrounding lymph nodes. This mass invaded the serosal layer at the inferior portion of the bladder.




Figure 2 | (A–E) PET–CT showed a heterogeneously hypermetabolic pelvic mass, and multiple hypermetabolic nodules were observed in the mesentery; (F) An MRI 2 months after surgery showed an irregular lesion on the right side of the frontal bone, which grew across the skull and invaded the brain tissue.



Gross pathology showed the tumor to be friable and having multiple ulcerations on the surface (Figure 3A). H&E sections revealed a small, blue, round tumor (Figure 3B). Histopathological examination showed positive CD99, CK (pan), Ki67 (70%+), Fil-1, and CD34 levels (Figures 3C–E). Molecular analysis revealed positive EWSR1 fusion gene transcripts, as shown by RT-PCR (Figure 3F). Based on morphology and immunohistochemistry, the tumor was diagnosed as EES/PNET. The patient refused to receive chemotherapy after surgery. He was requested to come to the hospital for examination every month for the first half year, but he did not follow the advice. He came to the hospital because a soybean-like mass was on his forehead, and denied any other symptoms. An MRI was performed revealing a 2.3 × 2.1 × 2.3 cm lesion on the right side of the frontal bone (Figure 2F). The mass extended to the skull and invaded the brain tissue. A second surgery was performed to remove the lesion and adjacent erosive bone. Post-operative pathologic diagnosis revealed the same histology, i.e. the mass metastasized from the primary small intestinal tumor. We performed a telephone follow-up with this patient every two months but learned that he did not undergo any further treatment after the second surgery and died 6 months later; there was no more information about his death.




Figure 3 | (A) Gross pathology revealed an ileum tumor specimen with brittle texture and multiple ulcerations on the surface; (B) H&E staining revealed small round blue cells; ×40. (C–E) Immunohistochemistry showed positive Ki67, CD99 and Fli-1 staining; ×40. (F) Molecular analysis revealed positive EWSR1 fusion genes.





Discussion

EES is rare, occurs mainly in adolescents, and confers a poor prognosis (11, 12). The most common primary sites of the disease are in the lower extremities (41%), pelvis (26%), chest wall (16%), upper extremities (9%), spine (6%), hands and feet (3%) and skull (2%) (12). ESS present in rare sites has been reported to occur in the atrium, esophagus, maxillary sinus, and iris (13–18). In this case, the patient is a 69-year-old male presenting with an abdominal mass, making this case double rare (19, 20). Compared to young ES patients, elderly ES patients often have a poorer prognosis (20).

The imaging features of EES are non-specific. CT mostly presents a large, well-limited mass which is relatively hypodense or isodense compared to the adjacent muscle. It could contain lower attenuation areas due to intratumoral necrosis, presenting intense and heterogeneous enhancement. On MRI, this tumor is often of low to intermediate signal intensity on T1-weighted images; of high intensity on T2-weighed images and exhibits heterogeneous contrast enhancement. Occasionally, it shows a homogeneous, moderate enhancement on contrast-enhanced T1-weighted images. On Pet/CT, it often reveals increased metabolic activity, presents heterogeneity depending on degree of internal necrosis and hemorrhage (3, 9–11, 21–23). Our case provides the US appearance of ES in the intestine; it shows a well-defined heterogeneous solid mass on ultrasound; CEUS presents a heterogeneous high-enhancement mass with irregular necrosis and fast wash-in and wash-out; it is different from the inflammatory mass which has no wash-out or slow wash-out; enhancement and wash-out patterns on CEUS indicate a malignant lesion. Therefore, The EES/PNET imaging diagnosis requires a multimodality approach and should be consciously listed as possible differential diagnoses after excluding common tumors (9, 10, 24, 25).

EES/PNET of the intestine can be easily misdiagnosed due to the fact that its clinical and imaging features are similar to other types of malignant tumors, as experienced by our patient. It should be differentiated from the most common small intestine tumors including small bowel adenocarcinomas (SBA), malignant gastrointestinal stromal tumors (GISTs), and intestinal lymphoma. 1. SBA: It has been reported the most frequent histologically malignant tumor of the small intestine; most SBA arises in the duodenum; it can also arise in the jejunum, ileum, or in unspecified location. It often occurs at 60–70 years old. The most frequent symptoms are abdominal pain, obstruction, and occult gastrointestinal bleeding. Typically SBA gives an annular constriction to the intestine and grows into the cavity; infiltration into surrounding structures and distant metastases appears early (26, 27). 2. GIST: It is a mesenchymal neoplasm that arises in the gastrointestinal tract, common in the stomach or the small intestine. It can occur at any age, but mostly reported in individuals at the median age of 60–65 years. It typically causes bleeding, anemia, pain, and seldom obstruction. It mainly presents as eccentric growth outside the intestinal cavity; large GISTs are typically soft and fragile and prone to necrosis and hemorrhage; intratumor infection can occur when the ulcer is large, but local lymph-node metastases are rare (28, 29). 3. Intestinal lymphoma: It originates in the lymphoid tissue of the bowel wall, generally occurs in the ileum, and usually has a history of extra-intestinal lymphoma. It often occurs at a younger age (10 years or over 50 years). It presents diverse symptoms, mostly anemia, pain, diarrhea, and weight loss. It is characterized by diffuse infiltration and is not confined to a small area of the intestine; the mesenteric lymph nodes appear early, but it seldom invades the surrounding organs (30, 31). In our case, according to the clinical symptoms and imaging features, the preliminarily indication was that the tumor was malignant, but it was difficult to make a clear differential diagnosis from other common malignant tumors in the small intestine. In addition to the above differentiation, EES/PNET should be differentiated from inflammatory bowel disease (IBD). In this case, CT considered inflammation with abscess formation. However, the patient has no history of IBD, and bowel wall had no imaging changes such as inflammatory edema, anti-inflammatory treatment was ineffective, therefore, the diagnosis of IBD was excluded.

EES/PNET is not only a big challenge for imaging diagnosis but also poses challenges for pathology. EES masses often present with extensive hemorrhaging and necrosis; a fine needle biopsy is usually inadequate for diagnosis (21, 32). EES/PNET is termed as the Ewing’s family since they all show characteristics of small round blue cell tumors, immunohistochemical analysis of CD99, and FLI-1 helps in diagnosing ES/PNET. Still, these markers also can be expressed in other malignant tumors such as lymphoblastic lymphoma, other round cell sarcomas, solitary fibrous tumors. ES/PNETs are characterized by specific chromosomal translocations of the EWSR1 gene (1, 21, 25, 33). The diagnosis of ES is usually made postoperatively and requires histological, immunohistochemical, and molecular techniques.

EES is clinically characterized by rapid growth of the soft tissue mass, which is often manifested early in the lung, lymph nodes, and bone metastases (23). The treatment for EES consists of surgery, chemotherapy, and radiotherapy. The 5-year survival rate of EES after surgery and chemotherapy is ~70% (1, 12). In our case involving an elderly individual with ES in the small intestine, the patient did not receive chemotherapy and had distant metastasis. Unfortunately, his survival was only 6 months after the second surgery, further proving that EES is very aggressive and has a poor prognosis in the elderly. Therefore, local surgery treatment cannot predict a favorable survival of EES in the elderly.



Conclusion

We report a rare case of senile, small bowel primary ES showing rapid skull metastasis. A variety of preoperative imaging showed malignant features but it was difficult to distinguish it from common intestinal malignancies. Surgical resection is a conventional treatment, but due to its highly aggressive biological behavior has limited effects on improving the survival rate of EES. Thus, it is necessary to explore multimodality treatment approaches to achieve a better favorable outcome for elderly EES patients.
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Objective

Endoscopic ultrasound (EUS) is an established method for staging of colorectal cancer. Nevertheless, prior assessments of its T stage accuracy have been limited, particularly ambiguity in assessed T3 and T4a stage. This study was to characterize the EUS image features and pay attention to distinguish T3 from T4a T stage.



Methods

A total of 638 patients who prospectively underwent colorectal EUS were recorded. The final diagnoses were compared with the concurrent or follow-up histopathology. Univariate and multivariate logistic regressions were used to assess variation in diagnostic performance with case attributes.



Results

The accuracies of EUS in classifying colorectal cancer for overall, T1, T2, T3, and T4a stages are 73.04, 62.32, 67.46, 71.26, and 83.52%, respectively. With attention to EUS image features, the lesion penetrates the entire wall and locates below the seminal vesicles or cervix is T3 stage. If the lesion locates above clearly-defined space between the anterior rectal wall and the posterior surface of the seminal vesicles or cervix, we identify as T4a stage; However, when located above seminal vesicles or cervix but on the posterior wall of the rectum, the lesion still considers as T3 stage. The tumor location and histological type are associated with inaccuracy T stage.



Conclusions

EUS provides reliable diagnostic accuracy in the colorectal cancer stage. The seminal vesicles and cervix are the important markers to predict infiltration depth for T3/T4a stage. Furthermore, the tumor location, histological type, and EUS image features for each tumor T stage should warrant attention.
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Introduction

Accurate categorization of locoregional rectal cancer staging is crucial for prognostic assessment and making initial therapeutic decisions for patients. Endoscopic ultrasonography (EUS) provides detailed images and has emerged as an integral part of the staging of rectal cancer. In many studies involving colorectal cancer, the accuracy of EUS for T staging ranged from 70 to 93%, compared with 65 to 75% for computed tomography, and 75 to 85% for magnetic resonance imaging. EUS is indeed considered as the first-choice imaging modality for regional staging of colorectal cancer compared to other methods (1–6).

However, according to the recent edition of the cancer staging handbook of the American Joint Committee on Cancer (AJCC 8th) dated 2017 or AJCC 7th published 2010, the T3 lesions have been defined as an invasion into the subserosa or into the colorectal fat tissue(no visceral peritoneum covering); while the T4a stage penetrated through the peritoneum(serosa) but not having invaded an adjacent organ (7, 8). As we all know, from a technical perspective, distinguishing between subserosal and serosal lesions by EUS is challenging. EUS also fails to detect peritoneal reflection and ligaments. Therefore, T3/T4a stage encompasses the greatest variance than any other T category. Prior articles showed a high accuracy rate of EUS in the preoperative staging of rectal cancer, However, none discussed how they distinguished T3 from T4a when their got the accuracy in each stage. The concept of T3 and T4a are used indistinctly in the EUS workup.

The peritoneal reflection is a thin, translucent, serous membrane and is the most complexly arranged serous membrane in the body (9). Rectovesical ponch (rectovesical peritoneal reflection) is identified as the lowest peritoneum in the male pelvic cavity which is a transverse view at the level of the seminal vesicles. Douglas’ Pouch is the lowest peritoneum in the female pelvic cavity which is a transverse view at the level of the cervix (10, 11). EUS provides the accurate ability to differentiate anatomic structural of seminal vesicles or cervix and show remarkable features in their echogenic appearance. So, could seminal vesicles or cervix be used as markers for distinguishing T3 fromT4a stage? The original aim of the study is to prospectively assess the preoperative staging accuracy with a focus on T3/T4a by endorectal EUS according to seminal vesicles or cervix EUS features. Furthermore, previous studies have not reported the factors influencing the T stage of colorectal cancer, so we also attempted to identify sonographic features that affect the accuracy of EUS T staging.



Methods


Patient Selection

A total of 936 patients with colorectal cancer over the 3-year study period (September 2016 to September 2019) were included. All patients met the following criteria: (1) their diseases were pathologically proved colorectal cancer through a colonoscopy; (2) they underwent tumor-free resection (R0) margin status; and (3) they underwent pretreatment EUS. The exclusion criteria were: (1) any exposure to chemotherapy or radiation before EUS; (2) patients undergoing emergency surgery or palliative treatment; (3) patients with multiple malignancies or previous other primary cancers; (4) tumors with obstruction that EUS failed to pass through. In such tumors placing the transducer perpendicular to the tumor is difficult, rendering them more likely to be misstaged; and (5) lack of available surgical pathology data. The study was approved by the Ethics Committee of Tongji Medical College, Huazhong University of Science and Technology (IORG No: IORG0003571). All patients provided written informed consent for EUS operation and their information had been anonymized and de-identified.



EUS Equipment and Technique Procedures

Curved heteroscope with a 360-degree radial echoendoscope (Olympus processor EU-ME2, Olympus, Tokyo, Japan) or forward viewing radial echoendoscope (EG-530UR2 and an Ultrasound Processor SU-9000 (FUJIFILM Corporation, Tokyo, Japan) were used, depending on localization of the tumor. If the lesion was located in the rectum, we used the curved heteroscope. When the tumor was beyond the rectum sigmoid junction colon, we always used with the latter one (FUJIFILM), which has a front endoscopic view, and the scope could be easily passed into the right side of the colon. We usually used 7.5 MHz for the staging of the tumor, as it was considered the optimal frequency to provide the best endosonographic imaging; however, the frequency was adjusted from 6 to 12 MHz to acquire the finest image. After preparation by rectal enema and inspection, the rectal lumen was filled with de-aerated water to assist acoustic coupling and to provide optimal EUS visualization. All operations were performed by three experienced gastroenterologists with a track record of more than 1,000 EUS per year.



Methods for Evaluation of Colorectal Cancer T Staging by EUS

Tumor stage was evaluated according to the new AJCC 8th TNM staging system. Analogous to pathologic classification, the extent of wall invasion was imaged as a hypoechoic disruption and evaluated based on the tumor infiltration into each layer (Table 1) (12, 13). For this prospective study, patients were included if the distal margin of the tumor was within 15 cm from the anal verge (14). In order to assess EUS accuracy: (1) We first used previously published method (15, 16), dividing tumor site into low, middle, or upper based on the distance of the tumor margin to the anus: upper third from 12 to 15 cm, middle third from 8 to 12 cm, and lower third from 7 cm to the anus; (2) Then, we used the new evaluation criterion. With special attention to the location of seminal vesicles and tumor during EUS: for T1 and T2 stage, the method is the same as published. For T3 stage, images show the lesion invades throughout the entire wall and locates below the seminal vesicles or cervix. When located above seminal vesicles or cervix but on the posterior wall of the rectum, the lesion is still considered as a T3 stage. However, if the lesion locates above clearly-defined space between the anterior rectal wall and the posterior surface of the seminal vesicles or cervix, we identify it as a T4a stage (Table 1 and Figure 1).


Table 1 | The EUS features and AJCC 7th/8th staging system for primary colorectal cancer.






Figure 1 | The schematic diagrams and EUS images for normal pelvic viscera and peritoneal reflection. (A, B). The schematic diagrams show normal pelvic viscera and peritoneal reflection for male (A) and female (B) (black shaded area); (C, D). EUS images for normal pelvic viscera about white light endoscopy, peritoneal reflection marker for male seminal vesicle (C) and female cervix level (D). The seminal vesicles and cervix are shown at the arrowheads.





Data Collection

In order to identify features that affect the accuracy of EUS T staging, we also focused on the case attributes of interest, namely, demographic information (patient age, sex), histological details pertaining to colorectal diagnosis (distance of the tumor from the anal verge, stage and histological type), white light endoscopy, and ultrasonic characteristics (visualized tumor size, ascites, the percent of circumferential involvement, detailed location of the lesion, orientation, the relationship between lesion and seminal vesicles or cervix). A challenge in the identification of nodes with EUS is the inability to visualize nodes that are outside the range of the transducer. Thus, rectal cancer N staging remains to be an area of uncertainty (17). The efficacy of EUS N staging and other related data are not shown.



Statistical Analysis

Categorical variable results are presented as numbers and percentages, and continuous variables are presented as mean ± standard deviation (SD). The possible influence of variously categorical or non-categorical variance was conducted by Pearson’s chi-squared test and t-tests. Subsequently, logistic regression models were performed to assess potential associations relate to EUS accuracy. Statistical analysis was performed using IBM SPSS Statistics software (version 20.0, IBM Corp, Armonk, NY, USA). A significance level of P ≤0.05 was used for all models (two-sided).




Results


General Patient Characteristics

In total, 638 (mean age, 57 y; range, 25–85 y) cases undergoing EUS stage were prospectively enrolled and met the inclusion criteria. Approximately 62.1% of the patients were male. The main presenting symptoms were bowel habit changes (13.4%), hematochezia (79.2%), melena (9.5%), abdominal pain (35.8%), anemic symptoms (25%), weight loss (12%), and partial gut stricture (n = 4.7%). Measured tumor size ranged from 0.8 to 6.5 cm (median, 2.85 cm), and mean distance of the tumor from the anal verge was 8.8 cm (range 3–60 cm). With consideration to the location of lesions, 296 tumors (46.39%) were located above the peritoneal reflection and T3 cases accounted for the majority of cases. For colon cancer, the lesions were located at the cecum (n = 9), ascending colon (n = 16), transverse colon (n = 21), descending colon (n = 35), and sigmoid colon (n = 59). Tumors were well differentiated in 10.0%, moderately differentiated in 63.5%, poorly differentiated in 18.8%, and signet ring cell adenocarcinoma in 7.7%, respectively. We also focused on EUS image characteristics, namely, presence of circumferential lesions (cancer extension beyond a semi-circular area, 41.5% of tumors were circumferential lesions≥1/2), and ascites (4.7%). The demographic and clinical characteristics are summarized in Table 2.


Table 2 | The Basic clinicopathological characteristics of the patients and tumors.





Efficacy of EUS in Classifying Colorectal T Stage

Compared with pT category, the overall accuracy of EUS in classifying colorectal T category was 73.04% and overstaging (15.67%) was more common than understaging (11.29%). With regard to T1 cases, our data showed that EUS had unsatisfactory accuracy and high overstaging rates (37.68%). Only 62.32% of pT1 patients were actually diagnosis and 78.19% (43/55) of uT1 patients were actually pT1 cases. In pT2 cases, 67.46% were accurately classified, but as many as 23.02% was overstaged as uT3 or uT4 lesions by EUS.

EUS had the highest accuracy (83.52%) in pT4a colorectal patients. However, note that as many as 17.24% of pT3 patients were overstaged as having uT4 lesions by EUS. Approximately 11.49% of pT3 patients identified by EUS were understaged from uT2 cases. The majority (30/182 cases) of understaging occurred in patients with EUS T4 tumors, eventually found to have pathological pT3 (24 cases) and pT2 (6 cases), as assessed by the resected specimens. We also separated the results of rectal and colon cancer T stage respectively. Detailed comparisons between uT and pT categories for all colorectal, rectal and colon cancer patients are presented in Table 3.


Table 3 | Results of endosonography (uT) categories and pathologic T (pT) categories for (1) all patients, (2) rectal cancer patients, and (3) colon cancer patients.





The EUS Image Features for Different Tumor T Stages

We then analyzed EUS image features and tried to summarize the characteristics for the different tumor T stages. The hypoechoic change of the first three layers (the mucosal layer to the submucosal layer) was a feature for T1 stage (Figures 2A, B). If accompanied with muscularis propria (MP) being indistinctly visible or having obvious thickening was considered to be an indicator that the lesion involved to the MP (T2 stage) (Figures 2C, D). The consistency rate between EUS and pathological results for this T2 stage feature was only 67.46% but it had a high positive predictive value (PPV) of 80.05%. Furthermore, when MP disappeared completely and is accompanied with an intact serosal layer was a marker that the lesion involved to the subserosa (T3 stage) (visceral peritoneum covering) (Figures 3D, 4D). Finally, we also found that the irregularities in the outer edge of the rectal wall were markers of rectal serosal layer penetration or arriving at colorectal fat tissue (no visceral peritoneum covering) (Figures 3, 4). The positive predictive value (PPV) for this characteristic is 88.79%. Rectal wall outer edge irregularity is an effective indicator for confirming serosal extension. Figures 2–4 depicted the EUS features of each T stage.




Figure 2 | The EUS image features for T1 and T2 tumor T stage. (A, B). Endoscopic view of superficial rectal cancers. Endoscopic images showed the T1 stage lesions infiltrate the mucosa and muscularis mucosae, with submucosa intact (arrowheads). Surgical resection confirmed moderately-differentiated adenocarcinoma confined to submucosal layer for male (A) and female (B); (C, D). Gastroscopy showed neoplasms located at the rectal walls. EUS images showed disappearance of the first three layers and companied by muscularis propria obvious thickening (arrowheads). The surgical specimen confirmed moderately-differentiated adenocarcinoma infiltrated to the muscolaris propria for male (C) and female (D).






Figure 3 | The endoscopic ultrasonography image features in T3 and T4a tumor T stage for male. Endoscopic images of the lesions showed neoplasms located at the rectum with dirty surface. (A) EUS images showed a thick hypoechoic lesion spreading from the mucosa to the whole rectal wall. The lesion located at posterior rectum and below the seminal vesicles (arrowheads); (B) The lesion located at anterior rectum and below the seminal vesicles (arrowheads); (C) The lesion located at posterior rectum but above the seminal vesicles (arrowheads). This T3 tumor penetrates the rectal wall and invaded perirectal fat; (D) The lesion located at anterior rectum and above the seminal vesicles. However, hypoechoic lesion invaded to entire wall with an intact serosa layer (arrowheads), meaning that the tumor is still limited to the rectal wall. The surgical specimen confirmed tumor confined to the subserosa; (E) The lesion located at anterior rectum and above the seminal vesicles. However, hypoechoic lesion invaded to entire wall with irregular rectal wall outer edge (arrowheads), meaning that the lesion invaded the rectal serosa. The surgical specimen confirmed tumor infiltrated to the serosa.






Figure 4 | The endoscopic ultrasonography image features in T3 and T4a tumor T stage for female. Endoscopic image showed a large ulcer located the rectal wall covering with moss. (A). EUS image showed an obviously thick hypoechoic lesion that spread throughout the entire wall. The lesion located at posterior rectum and below the cervix (arrowheads); (B) The lesion located at anterior rectum and below the cervix (arrowheads); (C) The lesion located at posterior rectum but above the cervix (arrowheads). This T3 tumor penetrates the rectal wall and invaded perirectal fat; (D) The lesion located at anterior rectum and above the seminal vesicles. However, hypoechoic lesion invaded to entire wall with an intact serosa layer (arrowheads), meaning that the tumor is still limited to the rectal wall. The surgical specimen confirmed tumor confined to the subserosa; (E) The lesion located at anterior rectum and above the seminal vesicles. However, hypoechoic lesion invaded to entire wall and serosal layer was irregularities in the outer edge of the rectal wall (arrowheads), meaning that the tumor had spread outside the serosa. The surgical specimen confirmed lesion infiltrated to the serosal layer.





Seminal Vesicles and Cervix Could be Well Markers for Distinguishing T3 FromT4a Stage

In order to accurately distinguish T3 fromT4a stage, we first divided the tumor site into three segments: upper third from 12 to 15 cm (115 patients, 23.09%), middle third from 8 to 12 cm (309 patients, 62.05%), and lower third from 7 cm to the anus (74 patients, 14.86%) (Table 2). Interestingly, using this judgment method, EUS had the lowest accuracy for middle-third tumors (53.07%) but the highest accuracy for lower-third tumors (71.62%) (Table 4). The overall accuracy of EUS in classifying rectal T3 and T4a category were 66.04 and 60.09%, respectively. Accuracy results for the T3 stage were 63.48% in the upper third, 53.07% in the middle third, and 71.62% in the lower third rectum. For the T4a stage, 69.93% in the upper third, 52.28% in the middle third, and no T4a stage lesions were located at the lower third rectum. There were statistically significant differences in the EUS accuracy among the different tumor locations (p = 0.029 for T3 stage and p = 0.011 for T4a stage). The middle third rectum is an important anatomical level of peritoneal reflection. This implies that peritoneal reflection is crucial to for distinguishing T3 fromT4a stage.


Table 4 | Factors affecting EUS T staging accuracy, overstaged and understaged according to clinicopathologic and endoscopic variables by univariate logistic regression analysis.



Therefore, for further analysis, we then take seminal vesicles and cervix into account as if they are considered as the same anatomical transverse view of peritoneal reflection (Figures 3, 4). Using this new judgment method, the accuracy of EUS for T3 staging increased from 66.04 to 74.26% and T4a staging from 60.09 to 78.45%, respectively. There was a statistically significant difference in EUS accuracy between these two different evaluation criteria (p = 0.006). Collectively, the seminal vesicle or cervix is the important marker to better predict infiltration depth in uT3/T4a rectal cancer.



Factors Influencing Evaluation of EUS Colorectal Cancer Staging

Univariate and multivariate logistic regression models are generated to test potential associations between lesion characteristics and EUS accuracy. EUS diagnostic accuracy was not influenced by the age, gender, cancer diameter, and circumferential lesions (p >0.05). Compared with patients staged with rectum, those who were staged with colon had more accuracy (71.89% vs. 77.14%, Table 3, p = 0.04). Interestingly, univariate logistic regression analysis showed that ascites, MP thickening, rectal wall outer edge irregularity, and lower third tumor location were associated with higher accuracy of EUS (p <0.05, Table 4). Rectal wall outer edge irregularity was a significant factor for accuracy by further multivariate logistic regression analysis (p = 0.003; Table 5). The middle-third tumors seem to present a significant overstaging (p = 0.002). Further multivariate logistic regression analysis indicated the lesions located at middle-third presented a significantly higher risk of overstaging (p = 0.028, OR = 3.736; Table 5).


Table 5 | Multivariate analysis of clinicopathologic and endoscopic factors affecting EUS T staging.



There were also significant differences in the accuracy among each histological type (p = 0.001). EUS had the highest accuracy for well-differentiated and tended to decline in lesions differentiation getting worse. For well-differentiated tumors, EUS had better staging success relative to that for signet ring cell carcinoma (81.25% vs. 59.18%). The signet ring cell carcinoma had a greater possibility of understaging (p = 0.015, OR = 4.012); More importantly, seminal vesicles or cervix is a good marker for distinguishing T3 fromT4a stage, which is a significant factor for accuracy by univariate logistic regression analysis. When further subjected to multivariate analysis, seminal vesicles or cervix also presented a crucial factor for accuracy for distinguishing T3 fromT4a stage with a 6.859-fold Odds Ratio (p = 0.001) (Table 5).




Discussion

EUS utility to stage colorectal cancer has been recently debated because of reports quoting worse results than those previously published, ranging from 63 to 96% (18–21). The current study describes the EUS T stage accuracy by using two different judgment methods and paying attention to distinguish T3 from T4a T stage. The key findings of this paper are the following: (1) The relationship between the lesions and the seminal vesicles or cervix visualized by EUS might be a predictive factor for distinguishing T3 fromT4a stage; (2) When the lesions are located above the seminal vesicles or cervix, there is a difference between the anterior (T4a) and posterior (T3) walls of the rectum; (3) Rectal wall outer edge irregularity, the tumor location, and histological type were associated with accuracy; (4) The EUS image features of each tumor T stage could guide judgment for EUS gastroenterologist.

A multicenter, prospective, country-wide quality-assurance study at more than 300 hospitals, showed that the pooled uT–pT correspondence of rectal cancer was 64.7% for the EUS of 29,206 patients in Germany (18). Currently, our finding indicates the overall accuracy of EUS in classifying colorectal T category were 73.04%. The results included that colon cancer may be the reason for higher accuracy than reported. For tumor location, the impact on the endosonographic assessment of wall invasion is not settled yet. Some authors reported better accuracy rates for high compared to low rectal tumors (15, 16). There is a significantly better result for tumors within 12 cm of the anal verge. In their opinions, less accurate staging in the lower rectum may have difficulty in reaching all sites of the ampulla recti with a rigid probe. The typical endosonographic five-layer structure of the rectal wall is somewhat less well defined at the level just above the anal canal.

However, there are also contradictory findings (22, 23). Our data would support the latter, in the present study, where inaccuracy was almost completely confined to high and middle rectal tumors. The one reason for the less accurate staging may be a technical shortcoming. It difficult for effacement of the transducer to the tumor when the rigid probe is bent over a colonic bend or in strictures (24). The application of curved radial array echoendoscopes has been limited to the rectum and distal sigmoid colon because of the oblique viewing optics. Colon cancer staging with EUS was not possible until the development of EUS forward viewing radial echoendoscope. It is able to feasibly and safely reach all colonic lesions and within time frames similar to standard colonoscopy procedures and could overcome these limitations (17, 25). The other reason is distinguishing between subserosal and serosal lesions by EUS is indeed challenging. EUS fails to detect peritoneal reflection and ligaments from new AJCC rectal tumor staging version.

So, to date, no group has analyzed the accuracy value of transrectal ultrasound with respect to tumor position on the peritoneal reflection. We used the new method and made sure whether seminal vesicle or cervix as a marker had any influence on the reliability of tumor staging. Analysis showed that there was a significantly difference on the position relationship between the lesions and the seminal vesicles or cervix if they are within reach of the scanner. The impact of endosonographic seminal vesicles or cervix as important instruments is to better predict infiltration depth for distinguishing T3 fromT4a stage. When the lesions invaded throughout the entire wall and are located below the seminal vesicles or cervix, we consider the lesions as T3 stage. If the lesions are located above clearly-defined space between the anterior rectal wall and the posterior surface of the seminal vesicles or cervix, we identify them as T4a stage. If the cancer lesions are located at the posterior rectal wall and above seminal vesicles or cervix, we still consider the lesions as T3 stage.

Furthermore, we also identify factors that affect the accuracy of EUS T staging and found MP disappeared completely and accompanied with an intact serosal layer might be a marker that the lesion involved to the subserosa. The consistency rate was nearly 71%. For serosa invasion, colorectal wall outer edge irregularity is a good indicator of cancer invasion. In addition, the location of the tumor and its histological type are associated with accuracy of EUS staging. Tumor located in middle was an independent indicator that was associated with EUS overstaged and tumors in signet ring cell adenocarcinoma type were related with EUS understaged. The reason may be that tumors differentiate into signet ring cell adenocarcinoma are commonly scirrhous and infiltrative and tend to have tumor microinvasion (26). Microscopic neoplastic invasion into the next layer is undetectable by EUS. These results suggested that careful attention is required during EUS examination and must precede therapeutic schedule for colorectal cancer with these characteristics.

Certainly, the present study has its inherent limitations that require further discussion. First, the sample of patients is relatively small suggesting restricted application of the results; Secondly, T stage with including a subgroup, such as T1a vs. T1b, T4a vs. T4b, could be a further discussion. Finally, the EUS accuracies for N/M staging being not compared is another limitation that should be considered in this study. A multicenter prospective study with a larger patient cohort is required. More data from other centers are warranted to test our results.

In conclusion, EUS could serve as an accurate technology to determine the invasion depth of colorectal cancer. It is worth noting that in this study, the seminal vesicles or cervix should be used to warrant attention while discriminatingly scanning between T3 and T4a disease. Colorectal cancers with location and histological type were more frequently associated with incorrect staging. For these patients, it is recommended that gastroenterologists should consider the T stage image characteristics we mentioned above.
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Characteristic Training Cohort (n = 94) P Value Validation Cohort (n = 41) P Value
Early stage Advanced stage Early stage Advanced stage
(n=49) (n=45) (n=21) (n=20)
Age (years), median (range) 60 (33-77) 60 (39-72) 0.928 58 (39-78) 58 (47-65) 0.488
Gender (%) 0.111 0.541
Male 27 (62.8%) 32 14 (68.3%) 14
Female 22 (37.2%) 13 7 (31.7%) 6
Tumor location (%) 0.0037* 0.816
Head of pancreas 38 (60.6%) 19 15 (61.0%) 10
Body of pancreas 4 (19.1%) 14 4 (21.9%) 5
Tail of pancreas 7 (20.2%) 12 2(17.1%) 5
Maximum diameter (cm), median (range) 2.8(0.8-6.9) 39(1.2-7.4) 0.0024* 2.8(1.4-10) 3.45 (1.9-10.1) 0.318
CA19-9 (%) 0.363 0.977
<37 15 (26.6%) 10 6 (26.8%) 5
>37 34 (73.4%) 35 15 (71.2%) 15
CA12-5 (%) 0.0615 0.496
<35 28 (47.9%) 17 9 (41.5%) 8
>35 21 (52.1%) 28 12 (68.5%) 12
CEA level (%) 0.0434* 0.731
<5 35 (61.7%) 23 1 (58.5%) 13
>5 14 (38.3%) 22 10 (41.5%) 7
AP Rad-score (mean + SD) -0.8174 + 0.1922 0.6514 + 0.2005 <0.0001* -0.2655 + 0.2666 0.8453 + 0.4531 0.0389*
PVP Rad-score (mean + SD) -1.333 £ 0.2786 1.719 £ 0.6186 <0.0001* -0.8151 + 0.6176 0.7543 + 0.3631 0.0367*
AP+PVP Rad-score (mean + SD) -0.8174 + 0.1922 0.6514 + 0.2005 <0.0001* -2.813 + 0.6681 0.2171 + 1.162 0.0277*
Clinic model score (mean + SD) 0.4113 + 0.02563 0.5521 + 0.02489 0.0002* 0.4238 + 0.03181 0.5550 + 0.04277 0.0176*
Nomogram Rad-score (mean + SD) 0.1854 + 0.03625 0.7982 + 0.03571 <0.0001* 0.2258 + 0.05102 0.7629 + 0.06029 <0.0001*

CA19-9, carbohydrate antigen 19-9; CA12-5, carbohydrate antigen 12-5; CEA, carcinoembryonic antigen; AP, arterial phase; PVP, portal vein phase; Rad-score, radiomics score. *P < 0.05.
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81.2
87.5
9r.7

Specificity (%)

62.5
81.2
62.5
68.7
56.2
56.2
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Quantitative CR (n=16)x =S PR (n=16) X+ S P

parameters Value
Energy

15 NACRT 0.027 + 0.010 0.028 + 0.009 0.669
Change -0.007 + 0.013 -0.008 + 0.009 1.000
2"4 NACRT 0.020 + 0.007 0.020 + 0.005 0.809
Entropy

15 NACRT 5.775 + 0.440 5.779 + 0.348 0.985
Change 0.309 + 0.641 0.998 + 0.803 0.032*
2"d NACRT 6.084 + 0.442 6.777 + 0.827 0.047*
Inertia

15! NACRT 5.542 + 5.871 4.488 + 2.864 0.867
Change 3.484 + 5917 2.680 + 2.866 0.491
2"d NACRT 9.027 + 5.122 7.169 + 3.525 0.381
Correlation

15! NACRT 0.127 + 0.057 0.130 + 0.041 0.696
Change -0.054 + 0.071 -0.046 + 0.037 0.590
2"d NACRT 0.073 + 0.051 0.083 + 0.040 0.341
Cluster shade

15! NACRT 3.783 + 21.441 1.341 +17.837 1.000
Change —-25.878 + 48.778 —-16.604 + 25.707 0.590
2"d NACRT —-22.095 + 41.193 -156.263 + 27.953 0.491
Cluster prominence

15! NACRT 941.802 + 701.885 736.507 + 463.486 0.445
Change 626.211 + 1063.668 386.524 + 783.817 0.724
2"d NACRT 1668.012 + 846.041 1128.031 + 650.653 0.080
IDM

15! NACRT 0.468 + 0.092 0.482 + 0.067 0.590
Change -0.890 + 0.121 -0.080+-0.059 0.515
2"d NACRT 0.378 + 0.095 0.402 + 0.079 0.402

** means significant difference.
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Quantitative parameters CR (n=16)x =S PR (n=16)x + S P-value

Ktrans (min~")

1! NACRT 0.454 +0.213 0.444 £ 0.162 0.867
Change -0.337 + 0.235 -0.146 + 0.212 0.008*
2" NACRT 0.117 + 0.065 0.299 + 0.231 0.002**
Kep(min™")

1! NACRT 0.771 £ 0412 0.849 + 0.432 0.838
Change -0.376 + 0.482 -0.338 + 0.423 0.515
2" NACRT 0.395 + 0.254 0.512 + 0.387 0.491
ve

15t NACRT 0.388 + 0.107 0.352 + 0.057 0.239
Change -0.258 + 0.147 -0.066 + 0.234 0.005**
2" NACRT 0.130 + 0.094 0.322 + 0.204 0.002**
vp

1! NACRT 0.008 + 0.006 0.011 + 0.020 0.402
Change -0.005 + 0.005 -0.007 +0.217 0.468
2™ NACRT 0.008 + 0.003 0.004 + 0.008 0.926

X + S, mean + standard deviation.
** means significant difference.
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Sensitivity (%)
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T1 value (mean = SD) (ms)

Whole pancreas with PDAC 1,6756 + 288.1
Chronic pancreatitis 1,324.0 £ 222.9
Normal control pancreas 860 +£709
p-Value® <0.001

*o-Value is the difference between three groups.

T2 value (mean = SD) (ms)

63.7 £ 6.1

57.7 £10.7

48.0+2.9
<0.001

ADC value (mean % SD) (x10~3 mm?2/s)

1.519 £ 0.189

1.345 £ 0.174

1.127 £ 0.158
<0.001
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T1 value (mean =+ SD) (ms) T2 value (mean =+ SD) (ms) ADC value (mean % SD) (x 103 mm?/s)

PDAC 1,816.5 + 208.5 649 +7.6 1.625 £ 0.243
Downstream pancreas 1,183.1 £225.7 549 +6.9 1.231 £ 0.168
Upstream pancreas 16985 + 292.0 61.0+82 1.355 £ 0.194
p-Value® <0.001 0.037 0.003

*o-Value is the difference between three groups.
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T1 value (mean + SD) (ms) T2 value (mean + SD) (ms) ADC value (mean % SD) (x10~3 mm?2/s)

Normal pancreatic head 846.3 + 74.6 475+£29 1.146 £ 0.177
Normal pancreatic body 854.6 + 85.6 48.1+4.2 1.129 £ 0.172
Normal pancreatic tail 870.0 +£83.2 479+35 1.108 £ 0.184
p-Value* 0.563 0.832 0.802

*o-Value is the difference between three groups.
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Comparison groups

PDAC vs. non-tumor pancreas

PDAC vs. chronic pancreatitis

PDAC vs. normal control pancreas

Non-tumor pancreas vs. chronic pancreatitis
Non-tumor pancreas vs. normal control pancreas
Chronic pancreatitis vs. normal control pancreas
Upstream pancreas vs. normal control pancreas
Downstream pancreas vs. normal control pancreas

T1-value

<0.001
<0.001
<0.001

0.636
<0.001
<0.001
<0.001
<0.001

T2-value

0.026
0.624
<0.001
0.720
0.266
0.071
<0.001
0.003

ADC

0.003
0.117
<0.001
0.945
0.015
0.025
0.003
0.435
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sensitivity

1.0

0.8

0.6
w—T1(AUC: 0.901, 95%Cl: 0.874-0.928)
0.4 w=T2(AUC: 0.552, 95%CI:0.507-0.598)
=== ADC(AUC:0.712, 95%Cl: 0.672-0.752)
~==T1 + T2(AUC:0.913, 95%CI:0.887-0.938)
—=T1 + ADC(AUC:0.934, 95%Cl: 0.914-0.953)
T2 + ADC(AUC: 0.725, 95%Cl:0.686-0.763)
0.2 =Tl + T2 + ADC(AUC: 0.937, 95%CI: 0.918-0.956)
——reference line
0.0 =

0.0 0.2 0.4 0.6 0.8 1.0

1 - specificity
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Key points

® Chronic pancreatitis (CP) is associated with a marked increase in the risk of
pancreatic ductal adenocarcinoma (PDAC). The differentiation of PDAC and
CP is an important topic.

©® Using multi-dimensional MRI methods we found significant differences in T1,
T2 and ADC values in tissue characteristics of the whole pancreas between
PDAC, CP and normal control pancreas.

® Combining T1, T2 and ADC values provided greatest discrimination between
PDAC, CP and normal control pancreas.
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Parameters T1-VIBE- T2 MRCP T T2 DWI
DIXON HASTE mapping mapping
(ms) (ms)
Slice thickness 3 5 1 5 5 6
(mm)
Gap (mm) 0 1 0 55 55 1
# Slices/partitions 72 46 80 3 3 50
Repetition time (ms) 4.15 1,000 8,903 27 3.15 4,500
Echo time (ms) 1.39/2.65 98 701 112 1.32 47
(OP/IP)
Echo train length 2 109 2 45
Acquisition matrix 320 x 180 256 x 178 384 x 384 192 x 126 192 x 144 172 % 132
Flip angle (degree) 9 105 100 35 12 90
FOV (mm) 247 x 330 226 x 330 300 x 300 390 x 390 390 x 390 306 x 399
iPAT acceleration 3 2 2 2 2 2
factor
Scan time 18-s single 22-s free 10-min free 10sx 3 10s x 3 3:50 min
breath-hold breathing breathing breath-hold breath-hold free breathing
Additional Respiratory T2 prepared = 0, b =50 (2 average),
information trigger 30, and 55 ms 300 (4 average),

800 (6 average)
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Clinicopath-ological Group N Expression of P
features CEACAM6
Total 89 1.618+2.147 0.000
Age(years) >50 82 1.683+2.217 0.331
<560 7 0.857+0.690
Sex male 62 1.645+2.057 0.866
female 27 1.5656+2.379
metastasis no 87 1.655+2.157 /
yes 2 0
Depth of invasion Serosa inner 63 1.611+2.197 0.963
Serosa outer 26 1.635+2.062
T staging T1-2 14 0.929+0.896 0.026
T3-4 75 1.746x2.287
N staging NO 21 1.643+2.180 0.498
N1-4 68 1.610+2.152
Pathological grading Il 17 0.853+0.843 0.007
l-iv 72 1.799+2.319
AJCC clinical staging 1-2 33 1.500+£2.118 0.693
3-4 56 1.687+2.180
Tumor diameter(cm) <5 45 1.500+1.787 0.603
>5 44 1.739+2.477

Bold values, P < 0.05.
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Author

X (19)
Al (21)

Kumar (34)
Durn-Acevedo (36)
Schwemans (35)

Sample size

37 GG va 93 normalignant gastic condtons
99.GO v2 325 OLGNO-V
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Subtypes

Gender

Clinical stage

T stage

N stage

M stage

Lauren classification

Differentiation

HER2 status

Treatment

Bold values, P < 0.05.

male
female

OWN =0 hWWN-= KON

1
intestinal
diffuse
mixed
poorly
moderately
well
negative
positive
surgery
5-FU based adjuvant
Other adjuvant

CEACAM6
HR (95%Cl)

0.95 (0.77 - 1.17)
0.94 (0.67 - 1.34)
0.58 (0.21 - 1.59)
0.42 (0.22 - 0.78)
0.95 (0.71 - 1.26)
1.15 (0.78 - 1.68)
/
0.7 (0.46 - 1.07)
1.08 (0.76 — 1.52)
0.65 (0.28 - 1.52)
0.47 (02 - 1.11)
0.64 (0.42 - 0.98)
1107 - 1.72)
1.13 (0.67 - 1.93)
0.8 (0.61 - 1.05)
1.32 (0.74 - 2.35)
0.75 (0.55 - 1.09)
0.84 (0.6 - 1.18)
1.1(0.4 - 3.04)
1.49 (1 - 2.22)
1.57 (0.82 - 3.03)
0.78 (0.33 - 1.84)
0.97 (0.78 - 1.21)
0.7 (0.54 - 0.91)
0.89 (0.67 - 1.19)
1.44 (1.02 - 2.04)
0.47 (019 - 1.2)

P value

0.6236
0.7394
0.2817
0.0049
0.7284
0.4822
/
0.0999
0.6716
0.3124
0.0771
0.0364
0.6888
0.6424
0.1127
0.3467
0.0747
0.3145
0.8541
0.0505
0.1736
0.5664
0.7962
0.0079
0.438
0.0395
0.1069
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Technique pCR Residual tumor cells Specificity Sensitivity PPV NPV Accuracy

Pathology 8 22 = - = = .
(27%) (73%)

ceCT based densitometry 14 16 88% 68% 50% 94% 73,3%
(47%) (53%) (/8 (15/22) (7/14) (15/16) (22/30)

MRI 9 16 50% 1% 44% 75% 64%
(36%) (64%) (4/8) (12/16) (4/9) (12/16) (16/25)

Rectal endosonography 4 17 60% 94% 75% 88% 85,7%
(19%) (81%) (3/5) (16/16) (3/4) (16/17) (18/21)

In the first row, histopathologic results are shown. Rows 2-4 indicate the results of the different imaging techniques. Column 1 + 2 show the number of patients referred as pCR or residual
tumor cells, according to the respective imaging technique. Columns 3-7 show the results of the respective 2-by-2 tables.
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Methods Training cohort (n = 94) Validation cohort (n = 41)

AUC (95%Cl) SEN SPE AUC (95%Cl) SEN SPE
AP signature 0.793 (0.697-0.869) 0.600 0.857 0.733 (0.572-0.859) 0.850 0.619
PVP signature 0.850 (0.774-0.925) 0.733 0.816 0.831 (0.676-0.986) 0.950 0.857
AP+PVP signature 0.919 (0.865-0.974) 0911 0.796 0.831 (0.69-0.972) 0.800 0.857
Clinical mode! 0.730 (0.629-0.817) 0.689 0.735 0.719 (0.557-0.848) 0.550 0.857
Combined nomogram 0.940 (0.871-0.979) 0.889 0.898 0.912 (0.781-0.978) 0.850 0.905

AP, arterial phase; PVP, portal vein phase; AUC, area under the receiver operating characteristic curve; SEN, sensitivity; SPE, specificity.

Delong test
p-value

0.527
0.830
0.257
0.910
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Variables P Odds ratio (95%

cl)
Accuracy
Rectal wall outer edge irregularity 0.003  3.779 (1.105-
8.311)
Middle third rectum 0.012  0.492 (0.090-
0.862)
Well-differentiated 0019 2.723 (1.522-
6.198)
Signet ring cell adenocarcinoma 0.001  0.208 (0.049-
0.939)
Seminal vesicles and cervix for distinguishing T3 0.001 6.859 (2.190-
fromT4a stage 10.865)
Overstaged
Middle third rectum 0.028  3.736 (1.290-
6.314)
Understaged
Signet ring cell adenocarcinoma 0015  4.012 (1.302-
9.724)

All variables were calculated by binary or multivariate logistic regression analysis. Results
for variables with P >0.05 were not shown. Cl, confidence interval.
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Datasot  No. of Normal

TCGA-COAD
TCGA-READ
GSEORE
GSE44076
GSE183
GSE20916
GSES7364
GSE44861
GSE81558
GSE22598
GSE113513
GSE110224

£l
2
12
148
15
109
67
55
9
17
1
17

No. of Tumor _Platform 1D

RNAseq
RANAseq
GPLSTO.
GPL13667
GPLSTO.
GPLSTO.
GPLST0.
GPLag21
GPL1S207
GPLSTO.
GPL15207
GPLSTO.

No. of Row
Porl Platforms

17557

17418
54675
49386
54675
54675
54675
2217
49395
54675
49395
54675

TCGA-COAD, TCGA-Colon adenocarcinoma; TCGA-READ, TCGA-Rectum
adenocarcinoma; GSE, Gene Expresson Omnibus Seres; GPL, Gene Expression

A bace ot
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Variables

Cross-sectional portions
Circumferential lesions >1/2
Circumferential lesions <1/2

Ascites
Absence of ascites

MP thickening
Absence of MP thickening

Rectal wall outer edge irregularity
Absence of Rectal wall outer edge irregularity
Tumor located at rectum

Upper third

Middle third

Lower third

Histological type
Well-differentiated

Moderately differentiated

Poorly differentiated

Signet ring cell adenocarcinoma

No. of accuracy (%)

201/265 (75.85%)
258/373 (69.17%)

24/30 (80.00%)
422/608 (69.41%)

73/89 (82.02%)
3368/549 (67.03%)

3310/402 (77.11%)
1155/236 (65.68%)

773/115 (63.48%)
164/309 (53.07%)
53/74 (71.62%)

52/64 (81.25%)
305/405 (75.31%)
83/120 (69.17%)
29/49 (59.18%)

0.204

0.041

0.023

0.001

No. of overstaged (%)

35/265 (13.21%)
65/373 (17.43%)

3/30 (10.00%)
100/608 (16.45%)

9/89 (10.11%)
1111/549 (20.22%)

5507402 (12.44%)
447/236 (19.92%)

116/115 (13.91%)
88/309 (28.48%)
13/74 (17.57%)

7/64 (10.94%)

57/406 (14.07%)

21/120 (17.50%)
6/49 (12.25%)

P

0.583

0.883

0.305

00.224

0.493

No. of understaged (%)

29/265 (10.94%)
50/373 (13.40%)

3/30 (10.00%)
86/608 (14.14%)

7/89 (7.87%)
770/549 (12.75%)

442/402 (10.45%)
334/236 (14.40%)

226/115 (22.61%)
57/309 (18.45%)
8/74 (10.81%)

5/64 (7.81%)
43/405 (10.62%)
16/120 (13.33%)
14/49 (28.57%)

0.941

0.847

0.416

00.774

00.190

0.001

EUS, endoscopic ultrasonography; MP, muscularis propria. The results depend on the AJCC 7th/8th edittion. The decimal point is accurate to three digits.
Bold values indicate that P < 0.05 were statistically significant.
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(1) pT categories

uT categories (AJCC 8th)

™ T2 T3 T4 Accuracy, % Overstage, % Understage, %
T 69 43 18 8 0 62.32 37.68 0
T2 126 12 85 21 8 67.46 9.52 28.02
T3 261 0 30 186 45 71.26 17.24 11.49
T4 182 0 6 24 152 83.52 0 16.48
pTtotal 638 55 139 239 205 73.04 16.67 11.29
(2) pT categories uT categories (AJCC 8th)

T T2 T3 T4 Accuracy, % Overstage, % Understage, %
T 69 43 18 8 0 62.32 37.68 0
T2 m 11 74 18 8 66.67 9.91 23.42
T3 202 0 21 150 31 74.26 10.40 16.34
T4 116 0 6 19 al 78.45 0 21.55
pTtotal 498 54 19 195 130 71.89 16.67 11.44
(3) pT categories uT categories (AJCC 8th)

T T2 T3 T4 Accuracy, % Overstage, % Understage, %
T
T2 16 1 11 3 0 73.34 6.66 20.00
T3 59 0 9 36 14 61.02 16.25 23.73
T4 66 0 0 5 61 92.42 0 7.58
pTtotal 140 1 20 44 75 7714 12.14 10.72

p, pathological: u, ultrasonographic; AJCC American Joint Committee on Cancer. Because we didn't diagnose T1 stage of colon cancer, it is expressed as “
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Characteristic

No. of patients

(%)
Age (year)
Mean + SD (rang) 57.0+10.8
(25-85)
Median (P25, P75) 58.0 (45.0,
65.0)

Gender
Male
Female
Tumor location
Rectum
Colon
Distance, cm, +SD (range) from the anal verge to the distal
border of the tumor*
Location in relation to peritoneal reflection, no. (%)
Below
Above
Tumor located at rectum
Upper third
Middle third
Lower third
Cross-sectional portions
Circumferential lesions >1/2
Circumferential lesions <1/2
Ascites
Absence of ascitest
Histological type
Well-differentiated
Moderately differentiated
Poorly differentiated
Signet ring cell adenocarcinoma
8™ AJCC pathologic T category
pT1
pT2
pT3
pT4

396 (62.1%)
242 (37.9%)

498 (78.1%)
140 (21.9%)
8.8 + 4 (3-60)

342 (53.61%)
296 (46.39%)

115 (23.09%)
30 (62.05%)
74 (14.86%)

265 (41.5%)
373 (58.5%)
30 (4.7%)
608 (95.3%)

64 (10.0%)

405 (63.5%)

120 (18.8%)
49 (7.7%)

69 (10.82%)
126 (19.75%)
261 (40.91%)
182 (28.52%)

SD, standard deviation; AJCC, American Joint Committee on Cancer; pT, pathological T
stage; For histological type, a patient may have two, such as moderately and poorly

differentiated types, the worse was for the final result.
*Data based on EUS.
Data based on pathology.
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Primary
tumor

(M

T

T2

T4a/Tab

Ustage'

Tumor localized in the mucosa (T1a) or
submucosa (T1b) and do not extend
beyond the first three echo layers

Tumor has infilrated the muscularis
propria, but is localized in the rectal wall,
with some destruction visible, and
thickened low echoes in the muscle layer
Tumor invades through the muscularis
completely and may even extend beyond
the five echo layers into the perirectal
space

T4a: Tumor invades the visceral
peritoneum with irregular low echo jagged
protrusions which are suggestive of tumor
involvement of tissue outside of the
intestinal wall

T4b: tumor involvement of adjacent organs
or tissues (prostate or vagina, etc.)

Our criteria

EUS images show disappearance, mild thickness and hypoechoic
change of the first two hypoechoic layer, and normal (T1a) or interrupt
(T1b) third hyperechoic layer

EUS images of the lesion show disappearance of the first three layers
and companied by muscularis propria visible indistinctly or obvious
thickening

EUS images show the lesion invades throughout the entire wall and
locates below the seminal vesicles and cervix or locates at the posterior
rectal wall but above seminal vesicles and cervix

EUS images show the lesion invades throughout the entire wall and
locates above clearly-defined space between the anterior rectal wall
and the posterior surface of the seminal vesicles and cervix (T4a) or
tumor involvement of adjacent organs or tissues (prostate or vagina,
etc.)

P stage®

THa: Intraepithelial or invasion of
lamina propria

T1b: Tumor invades submucosa
Tumor invades muscularis propria

Tumor penetrating beyond the
muscularis propria, invading the
subserosa or arriving at colorectal fat
tissue (no visceral peritoneum
covering)

T4a: Tumor having perforated the
visceral peritoneum(serosa) but not
having invaded an adjacent organ;
T4b: Tumor penetrating the adjacent
organ.

Tustage was T staging definition of colorectal carcinoma by EUS.
2hstage was T staging definition of colorectal carcinoma by pathology.
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Variables.

Sex
Mao

Femalo
Age (Y)
T stage

Pathological T stage
Ginical T stage
Coincidence
Overestimation
Underestimation

13

33 (16.5%)
11(55%)
64 (49.87)

44 (22%)
43 (21.6%)
1905%)
24 (12%)

Taa

127 (63.5%)
29 (145%)
63 (43.62)

156 (76%)
157 (78.5%)
132 (66%)
25(125%)
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Parameters

APT SI (%)

ADC (x 1073 mm?/s)
D (x 1072 mm?/s)
D* (x 1073 mm?/s)
f.9%)

Spearman correlation coefficients

0.679
—0.433
-0.517
0247
-0.502

P value

<0.001
<0.001
<0.001

0.021
<0.001
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Parameters

APT S (%)

ADC (x 10-% mm?/s)
D (x 10~° mm2/s)
D* (x 10-% mm?/s)
(%)

Combined

AUC (95% Cl)

0.890 (0.805-0.947)
0.713 (0.606-0.804)
0.757 (0.654-0.842)
0612 (0.502-0.714)
0.733 (0.628-0.822)
0.929 (0.854-0.973)

P value

<0.001
<0.001
<0.001

0.066
<0.001
<0.001

Optimal cutoff value

431

1.48
0.94
97.95
29.35

Youden index

0.678
0351
0377
0.212
0.423
0.729

Sensitivity (%)

86.71
53.06
53.06
67.35
55.1

86.71

Specificity (%)

82.05
82,05
84.62
53.85
87.18
87.18
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Parameters

Sequences
Repetition time/echo time (ms)
Flip angle (°)

Field of view (mm?)

Matrix (frequency x phase)
Number of excitations

Slice thickness (mm)

Slice gap (mm)

No. of sices

Ti-weighted imaging

Axial LAVA flex
4.3/1.6
14
360 x 324
260 x 210
1
4.0
[
24

T2-weighted imaging

Axial FSE T2WI
10,000/70
110
360 x 360
320 x 320
15
4.0
05
24

APT imaging

Axial CEST-EPI
2500/11.9
20
400 x 400
128 x 128
1
5.0
N/A
1

IVIM imaging

Axial SE-EPI
2500/58.8
90
380 x 380
128 x 128
2-6
5.0
1.0
20

LAVA, liver acquisition with volume acceleration; CEST, chemical exchange saturation transfer; FSE, fast spin-echo; SE, spin-echo; EPI, echo-planar imaging; N/A, not applicable.
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Edmondson-Steiner Grade*

Parameters G1(n=19) G2 (n=30) G3(n=28) G4 (n=11) P value
APT S (%) 274127 347+ 102 621266 753 +317 <0.001
ADC (x 10-2 mm2/s) 170 £032 1.41£0.19 131 £0.27 1.35 & 0.42 <0.001
D (x 10-% mm?/s) 118+ 033 092+ 026 0.79 % 0.20 0.69 +0.22 <0.001
D* (x 10-° mm?/s) 134.42 + 51.93 120.72 + 44.18 114.24 + 49.18 90.53 + 35.98 0.101
(%) 37.13£9.13 26.35 + 624 23,69 +7.79 2274+ 7.84 <0.001

*Data are expressed as mean + standard deviation.
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Characteristic Number of ~ MRI-defined MRI-defined P Value
patients MTMP STMP
n=13 =87

Age (years) 0.852
<51 78 35(47.9) 43 (49.4) -
=51 82 38(62.1) 44 (50.6) -

Sex 0536
Man 110 52(71.2) 58 (66.7) -
Women 50 21(28.8) 29(33.3) -

CEA (ng/m) 0.204
<5 87 43(58.9) 44 (50.6) -
25 73 30 (41.1) 43 (49.4) -

BMI (kg/m?) 0.135
<22 87 39(63.4) 48 (85.2) -
=22 73 34 (46.6) 30 (44.8) -

Baseline MRF Status 0.111
Positive 45 16(219) 29(33.3) -
Negative 115 57 (78.1) 58(66.7) -

DTA (cm) 1]
<5 83 38(62.1) 45 (51.7) -
5-10 57 24(32.9) 33(37.9) -
>10 20 11(15.1) 9(10.3) -

ML (cm) 0.494
<5 88 38(62.1) 50 (57.5) -
=5 72 35(47.9) 37 (42.5) -

Baseline T staging 0211
1-2 1" 4(65) 780) -

3 106 47 (64.4) 59(67.8) -
4a 18 6(82) 12(138) -
b 25 16(219) 9(103) -

Baseline N staging 0942
0 50 23(315) 27 (31.0) -

1 46 21(288) 25 (28.7) -

2 64 29(39.7) 35 (40.2) -
Pathological T staging 0114
0 20 8(11.0) 12(13.8) -

1 9 6(8.2) 3(3.4) -

2 13 5(68) 802 -

3 % 51(69.9) 45 (51.7) -
4a 16 3(4.1) 13(14.9) -
b 6 0(0) 6(6.9) -
Pathological N staging 0.245
0 82 40(54.8) 42 (48.3) -

1 4 20 (27.4) 21(24.1) -

2 37 13(17.8) 24(27.6) -
TRG 0,009
0 20 8(11.0) 12(138) -

1 ] 12(16.4) 29(33.3) -
2 74 37 (50.7) 37 (42.5) -

3 2 16(21.9) 9(10.3) -
NAT regimen 0.787
Without radiation 8 41(86.2) 47 (54.0) -
With radiation 72 32 (43.8) 40 (46.0) -

Data are number of patients, with percentages in parentheses.

MRF, mesorectal fascia; DTA, distance from the inferior pert of the tumor to the anal
verge; TML, tumor maximal length; BMI, body mass index; MTMP, mixed type of
mucin pool; STMR, separate type of mucin pool; NAT, neoadjuvant therepy; TRG, tumor
regression grade.
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Characteristic Number of Responsiveness Non-responsiveness P Value

patients group group
n=61) (n=99)

Agelyears) 0932
<51 78 30(49.2) 48 (48.5) -
>51 82 31(50.8) 51(51.5) -

Sex 0.743
Man 10 41(67.2) 69(69.7) -
Women 50 20 (32.8) 30(30.3) -

CEA (ng/mi) 0.480
<5 87 31(50.8) 56/(56.6) -
>5 73 30(49.2) 43 (43.4) -

Baseline MRF status 0.436
Positive 45 15 (24.6) 30(30.3) -
Negative 15 46 (75.4) 69(69.7) -

DTA status (cm) 0.368
<5 8 28(45.9) 55(65.6) -
5-10 57 26 (42.6) 31(31.3) -
=10 20 7(115) 13(13.1) -

ML (cm) 0.406
<5 8 31(50.8) 57 (67.6) -
=5 72 30(49.2) 42 (42.4) -

BMI (kg/m?) 0.302
<22 87 30(49.2) 57(67.6) -
=22 73 31(50.8) 42 (42.4) =

Baseline T staging 0.161
12 11 5@2) 6(6.0) -

3 106 35(67.4) 71(71.7) -
4a 18 7(115) 1(11.1) -
4 2 14(23.0) 11(11.1) -

Baseline N staging 0.753
0 50 18 (29.5) 32(32.3) -

1 46 18 (29.5) 28(28.3) -

2 64 25 (41.0) 39/(39.4) -
MRI-defined MP type 0011
MTMP 73 20 (32.8) 53(63.5) -
STMP 87 4167.2) 46 (46.5) -
NAT regimen <0.001
Without radiation 8 19(31.1) 69(69.7) -
With radiation 72 42(68.9) 30(30.3) -

Data are number of patients, with percentages in parentheses.
MRF, mesorectal fascia; DTA, distance from inferior part of tumor to the anal verge; TML, tumor maximal length; BMI, body mass index; MTMP, mixed type of mucin pool; STMP,
separate type of mucin pool: NAT, neoadjuvant therapy.
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Planes TR/TE (ms) NEX FOV (cm) Matrix Section

thickness/gap
(mm)
Oblique axial T2WI 4,294/108 4 24 x 24 288 x 256 3/05
Oblique coronal T2Wi 2,358/108 4 24 %24 288 x 256 3/05
Oblique sagittal T2WI 2,591/125 4 2828 288 x 224 305
Oblique axial DWI (b = 0.1200 s/mm?) 4,560/92.6 4 40 x 40 192 x 192 3/05
Oblique axial TIWI 4,19/135 2 24 %24 320 x 224 3/05

TR, repetition time; TE, echo time; NEX, number of excitation; DWI, diffusion-weighted imaging; T1WI, T1-weighted imaging: T2WI, T2-weighted imaging.
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MP pattern

MP Sl on T2WI

MTMP Significantly higher than the
muscularis propria, lower
than the mesorectal fat

STMP Significantly high signal
(equal to or higher than the
mesorectal fa)

MRI-defined MP type

Solid tumor
component Sl on
T2WI

Equal to or slightly
above the muscularis
propria

Equal to or slightly
above the muscularis
propria

Sl, signal intensity; MP. mucin pool: MTMP. mixed-type MP; STMP, separate-type MP.

MP relationship with
solid tumor
component

MP and solid
components are
cross-distributed

MP is not mixed with
solid component

Pathology-defined MP type

The solid components of the tumor are
clustered or flaky, and the two components are
cross-distributed. The mucus lake s floating in
the tumor components

Alarge number of mucus lakes, in which
clustered or flaky tumor components cannot be
found, but a few tumor cells can be found
scattered within the MP. The solid components
of the tumor are relatively limited
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patients with GC who underwent
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with distant metastasis in
the operation
(n=5)

CT data can not be obtained
from other hospital
(n=27)

Quality of CT images were not
satisfactory for diagnosis (n=3)

Patients enrolled
(n=87)
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Models Training cohort (n = 121) Validation cohort (n = 51)

Sensitivity Specificity Accuracy (95% ClI) AUC (95% CI) Sensitivity  Specificity Accuracy (95%Cl) AUC (95% CI)

Clinical model 0.57 0.86 0.74 (0.66,0.82) 0.74 (0.66,0.82) 0.57 0.93 0.78 (0.65,0.89) 0.81(0.69-0.92)
Rad-score 0.85 0.81 0.83 (0.76,0.90) 0.90 (0.85-0.96) 0.90 0.73 0.80 (0.67,0.90) 0.89 (0.80-0.97)
Combined nomogram 0.73 0.94 0.86 (0.78,0.92) 0.92 (0.88-0.97) 0.81 0.87 0.84 (0.71,0.93) 0.95 (0.90-1.00)
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Combined nomogram Age subgroup Sex subgroup CT-reported LN status subgroup

All group (n = 172) Young (n = 65) Old (n = 107) Male (n = 94) Female (n = 78) CT-LN(+) (n =52) CT-LN(-) (n = 120)
Patients LNM (+) = 102 LNM (+) =27 LNM (+) =43 LNM (+) = 33 LNM (+) = 37 LNM (+) = 40 LNM (+) = 30
LNM (—) =70 LNM (—) = 38 LNM (—) = 64 LNM (—) = 61 LNM (—) = 41 LNM (=) =12 LNM (=) =90

AUC values (95% Cl) 0.965 (0.926,1.000) 0.912(0.861,0.963) 0.940 (0.895,0.985) 0.918 (0.859,0.976) 0.973 (0.934,1.000) 0.878 (0.816,0.940)
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Characteristics

Training cohort (n = 121)

Validation cohort (n = 51)

LN Metastasis(+) LN Metastasis(—) P LN Metastasis(+) LN Metastasis(—) P
Age, mean + SD 64.1 +8.6 62.2 + 9.6 0.260 64.8 +10.3 62.2+94 0.364
Sex, No(%)
Male 42 (58.3) 22 (44.9) 0.205 19 (63.3) 11 (52.4) 0.622
Female 30 (41.7) 27 (65.1) 11 (36.7) 10 (47.6)
CA-199 level, No(%)
Normal 11 (15.8) 11 (22.4) 0.444 12 (40.0) 2 (9.5) 0.037
Abnormal 61 (84.7) 38 (77.6) 18 (60.0) 19 (90.5)
Tumor size on CT (cm) 33+14 BI4&17 0.267 84418 41 +21 0.141
Primary site
Head and neck 40 (55.6) 31 (63.3) 0.511 14 (46.7) 14 (66.7) 0.260
Body and tail 32 (44.4) 18 (36.7) 16 (63.3) 7 (3.3)
Margin
Well-defined 7(9.7) 3(6.1) 0.711 0 (0.0 2 (9.5) 0.321
Poorly defined 65 (90.3) 46 (93.9) 30 (100.0) 19 (90.5)
Parenchymal atrophy
Yes 5 (6.9) 12 (24.5) 0.014 3(10.0) 8 (36.1) 0.040
No 67 (93.1) 37 (75.5) 27 (90.0) 13 (61.9)
Pancreatic duct dilatation
Yes 33 (45.8) 32 (65.3) 0.054 14 (46.7) 9 (42.9) 0.992
No 39 (64.2) 17 (34.7) 16 (63.3) 12 (57.1)
CT-reported T stage
™ 17 (23.6) 9(18.4) 0.853 5(16.7) 2 (9.5) 0.296
T2 35 (48.6) 24 (49.0) 19 (63.3) 10 (47.6)
T3 15 (20.8) 11 (22.4) 5(16.7) 6 (28.6)
T4 5 (6.9) 5(10.2) 1(3.3) 3 (14.3)
CT-reported vascular
invasion
Yes 7(9.7) 7 (14.3) 0.631 2(6.7) 6 (28.6) 0.084
No 67 (93.1) 42 (85.3) 28 (93.3) 15 (71.4)
CT-reported LN status
LN-negative 62 (86.1) 21 (42.9) <0.001 28 (93.3) 9 (42.9) <0.001
LN-positive 10 (13.9) 28 (67.1) 2(6.7) 12 (87.1)
Radiomics score, median —1.3 (2.9, -0.5) 0.7 (0.0,1.3) <0.001 —-1.3(-1.8,-0.1) 0.8(0.3,1.2) <0.001

(interquartile range)






OPS/images/fonc-10-01654/fonc-10-01654-t002.jpg
Intercept and variable

Combined model (95% CI)

Clinical Model (95% CI)

Odds ratio P Odds ratio P
Intercept 0.52 (0.26,1.02) <0.01 0.29 (0.18,0.49) <0.01
Parenchymal atrophy 3.69 (0.75,21.07) 0.09 3.47 (1.04,12.78) 0.05
Pancreatic duct dilatation NA NA 0.37 (—0.50,1.24) 0.40
CT-reported LN status 5.23 (1.59,19.25) <0.01 7.63 (3.22,19.36) <0.01
Rad score 4.75 (2.68,9.88) <0.01 NA NA

NA, not available.





OPS/images/fonc-10-01654/fonc-10-01654-g004.jpg
Sensitivity

1.0

08

0.6

04

0.2

0.0

0 10 20 30 40 50 70 80 90 100
Points L 1 1 1 1 1 1 1 1 1
1
CT_LN_status —
0
1
Pancreas_atrophy ——
0
rad_score T T T T T T T T T T 1
-9 -8 -7 -6 -5 -4 -3 -2 -1 0 1 2 3
Total Points e ARARRasaS RA N ARasnass A ARRnaas!
0 10 20 30 40 50 60 70 80 90 100 110 120
Risk of LN metastasis — T T
0.10306 09
(o8
z°]
AUC: 0.92 (0.88 -0.97) ‘é AUC: 0.95 (0.90 - 1.00)
AUC: 0.90 (0.85 - 0.96) P~ AUC: 0.89 (0.80 - 0.97)
AUC: 0.74 (0.66 - 0.82) S AUC: 0.81 (0.69 - 0.92)
—— Nomogram & —— Nomogram
Radscore o 7 Radscore
— Clinics — Clinics
I I I I T T = I I I I T I
0.0 0.2 04 06 08 1.0 0.0 0.2 04 06 08 1.0
1 - Specificity 1 - Specificity






