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Background

The incidence and mortality of thyroid cancer, including thyroid nodules > 4 cm, have been increasing in recent years. The current evaluation methods are based mostly on studies of patients with thyroid nodules < 4 cm. The aim of the current study was to establish a risk stratification model to predict risk of malignancy in thyroid nodules > 4 cm.



Methods

A total of 279 thyroid nodules > 4 cm in 267 patients were retrospectively analyzed. Nodules were randomly assigned to a training dataset (n = 140) and a validation dataset (n = 139). Multivariable logistic regression analysis was applied to establish a nomogram. The risk stratification of thyroid nodules > 4 cm was established according to the nomogram. The diagnostic performance of the model was evaluated and compared with the American College Radiology Thyroid Imaging Reporting and Data System (ACR TI-RADS), Kwak TI-RADS and 2015 ATA guidelines using the area under the receiver operating characteristic curve (AUC).



Results

The analysis included 279 nodules (267 patients, 50.6 ± 13.2 years): 229 were benign and 50 were malignant. Multivariate regression revealed microcalcification, solid mass, ill-defined border and hypoechogenicity as independent risk factors. Based on the four factors, a risk stratified clinical model was developed for evaluating nodules > 4 cm, which includes three categories: high risk (risk value = 0.8-0.9, with more than 3 factors), intermediate risk (risk value = 0.3-0.7, with 2 factors or microcalcification) and low risk (risk value = 0.1-0.2, with 1 factor except microcalcification). In the validation dataset, the malignancy rate of thyroid nodules > 4 cm that were classified as high risk was 88.9%; as intermediate risk, 35.7%; and as low risk, 6.9%. The new model showed greater AUC than ACR TI-RADS (0.897 vs. 0.855, p = 0.040), but similar sensitivity (61.9% vs. 57.1%, p = 0.480) and specificity (91.5% vs. 93.2%, p = 0.680).



Conclusion

Microcalcification, solid mass, ill-defined border and hypoechogenicity on ultrasound may be signs of malignancy in thyroid nodules > 4 cm. A risk stratification model for nodules > 4 cm may show better diagnostic performance than ACR TI-RADS, which may lead to better preoperative decision-making.
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Introduction

Thyroid nodules occur in up to 68% of people in the general population worldwide, and 5-15% of nodules are malignant (1, 2). Research shows that the incidence and mortality of thyroid cancer, including thyroid nodules > 4 cm, has been on the rise in recent years and warrants further research (3). Both the 2017 Thyroid Cancer Staging Manual of the American Joint Committee on Cancer (AJCC) and the 2015 Management Guidelines of the American Thyroid Association (ATA) (Referred to as ATA) for adult patients with thyroid nodules and differentiated thyroid cancer list thyroid nodules > 4 cm as an important factor for surgical decision-making, as integrated into the Tumor, Node, Metastasis (TNM) staging system (4, 5). Recent guidelines have suggested ultrasound risk stratification patterns to assess the malignant risk of thyroid nodules, including the American College Radiology Thyroid Imaging Reporting and Data System (ACR TI-RADS) (4, 6–9). However, these methods are based mostly on research of thyroid nodules < 4 cm. For example, fine-needle aspiration biopsy (FNAB) is considered to be the gold standard for preoperative diagnosis of thyroid cancer. However, FNAB shows lower sensitivity and higher rates of false negative results in the case of thyroid nodules > 4 cm (10–12). Decisions related to surgery and other treatments may be affected if pre-operative assessment of thyroid nodules is inaccurate or incomplete. Thus, distinguishing malignant from benign nodules pre-operatively would assist in diagnosis and decision-making. The aim of the current study was to identify factors that predict malignancy in thyroid nodules > 4 cm and construct an applicable risk stratification model.



Material and Methods

Study protocols are shown in Figure 1.




Figure 1 | The study protocol.




Patients

Consecutive patients with at least one thyroid nodule > 4 cm who underwent thyroidectomy at the Peking Union Medical College Hospital (Beijing, China) between 2010 and 2017 were reviewed retrospectively. The inclusion criteria were as follows :(1) the size of the nodule was > 4 cm in its longest diameter, as determined by ultrasonography; and (2) the nodule had not previously been treated surgically. The exclusion criteria were: (1) pathology results from surgical tissue were unavailable for the patient, or (2) ultrasound images were poor or incomplete. A total of 279 thyroid nodules in 267 patients were included for the study (Figure 1). The patients comprised 185 females aged 60.0 ± 13.2 yr and 82 men aged 49.9 ± 13.3 years (Figure 1).

The study was approved by the Institutional Review Board of Peking Union Medical College Hospital. All patients provided informed consent for their clinical data to be published anonymously for research purposes.



Ultrasound Examination

Relevant clinical and ultrasound data of all cases were extracted from the central hospital database. Ultrasound examinations were performed with Phillips IU 22, GE Logiq 9 or GE Logiq 7 devices equipped with a linear array probe of 8-15 MHz A convex array probe of 5-12 MHz was used for larger thyroid nodules. Ultrasound images were retrospectively reviewed by two radiologists who had more than 5 years’ experience analyzing thyroid ultrasound, and who were blinded to patients’ clinical and pathological results. The age and sex of the patients were recorded, as were ultrasound features of each nodule, including size, composition, echogenicity, margin, shape, border, calcification and halo. The two radiologists resolved any inconsistencies in their reviews through discussion.

All thyroid nodules were also evaluated using ACR TI-RADS, Kwak TI-RADS and ATA (4, 6, 9). According to the ACR TI-RADS, points were given for all ultrasound features in a nodule. Features suggesting malignancy were awarded additional points. The total points determined the nodule’s ACR TI-RADS level, which ranged from TR1 (benign) to TR5 (high probability of malignancy) (Table 1).


Table 1 | Point system in ACR TI-RADS (6).





Statistical Analysis

Data analysis was performed using SPSS 19.0 (IBM, Chicago, IL, USA) and p < 0.05 as the definition of statistical significance. Nodules were randomly assigned to a training dataset or validation dataset (13). Continuous data were reported as means ± SD, and inter-group differences were assessed for significance using Student’s t-test. Differences in categorical data were assessed using the χ2-test or Fisher’s exact test as appropriate. Categorical variables were classified based on clinical and ultrasound findings. The continuous variable age was transformed into a categorical variable  (≥55 or < 55 years) based on a previous report (5).

The variables that were identified as statistically significant prognostic factors were assessed in multivariate logistic regression analysis. A nomogram was constructed based on the results of multivariate analysis and validated using the validation dataset, using the rms package in R 3.6.0. The diagnostic performance of the nomogram was evaluated using the concordance index (C-index) and area under the receiver operating characteristic curve (AUC). Bootstrapping validation (1,000 bootstrap resamples) was used to calculate a relative corrected C-index (14). A calibration curve (1,000 bootstrap resamples) was generated to verify the calibration of the prediction nomogram.

A model for risk stratification of thyroid nodules > 4 cm was established according to the nomogram. Nodules were classified as high, intermediate, or low risk. The cut-off values for the three-level risk stratification were determined according to AUC, sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV). Accuracy was calculated according to the cut-off value.

Similarly, the diagnostic performance of the ACR TI-RADS was evaluated in terms of AUC, sensitivity, specificity, PPV, NPV and accuracy. The results were compared between this reference standard and proposed model.




Results


Clinical Characteristics of the Sample

The study comprised 279 nodules in 267 patients, including 50 (17.9%) malignant and 229 (82.1%) benign nodules (Table 2). Of the 267 patients with a mean age of 50.6 ± 13.2 years (range, 17-80 years), 185 were women (60.0 ± 13.2 years) and 82 were men (49.9 ± 13.3 years).


Table 2 | Ultrasound features and ACR TI-RADS levels for 279 thyroid nodules > 4 cm.



Nodules were randomly assigned to a training dataset (n=140) or validation dataset (n=139) (Table 2). There was no significant difference in the ultrasound features between the two datasets. In this study, 264 (94.6%) thyroid nodules were performed with Phillips IU 22, 12 (4.3%, 1 malignant and 11 benign) were performed with GE Logiq 9, and 3 (1.1%, 3 benign) were performed with GE Logiq 7. The interclass correlation coefficient (ICC) of the two radiologists was 0.86 (95% CI, 0.76-0.92).



Model Construction and Validation

In the training dataset, 29 nodules (19.3%) were malignant (Table 2). We performed univariate logistic regression analysis using age, sex, composition, echogenicity, border, margin, shape, calcification, and halo. All variables except age and shape were identified as statistically significant risk factors (Table 2). These risk factors were then included in the multivariable analysis. Malignancy risk factors in multivariate analysis were as follows (Table 3): microcalcification [odds ratio (OR) 8.37, 95% confidence interval (CI) 1.641-42.724, p = 0.011], solid (OR 1.49, 95% CI 0.391-2.566, p = 0.008), ill-defined border (OR 4.40, 95% CI 1.074-18.031, p = 0.039) and hypoechogenicity (OR 2.94, 95% CI 1.031-8.389, p = 0.044).


Table 3 | Multivariate binary logistic regression in the training dataset.



A nomogram that integrated all four significant independent factors was constructed (Figure 2). The model showed a C-index of 0.833 (95% CI 0.752-0.915) for predicting malignancy in the training dataset (Figure 3A) and 0.897 (95% CI 0.835-0.9591) for predicting malignancy in the validation dataset (Figure 3C). Calibration curves for the probability of malignancy showed a good correlation between the nomogram-predicted and observed values (Figures 3B, D).




Figure 2 | Risk stratification nomogram to predict the probability of malignancy of thyroid nodules > 4 cm. For example, a solid hypoechogenic thyroid nodule > 4 cm that shows the ultrasound feature of microcalcification, but not ill-defined border receives 221 points and a malignancy risk of 0.88 (high risk).






Figure 3 | Receiver operating characteristic curve in the training dataset (A) and validation dataset (C). Calibration curve showing nomogram-predicted malignancy compared with the actual malignancy in the training dataset (B) and validation dataset (D).



The risk value of each factor was calculated using the nomogram. The risk value was 0.34 for microcalcification (100 points), 0.21 for solid and ill-defined border (70 points), and 0.14 for hypoechogenicity (50 points). Using the model, all nodules were assigned to one of three risk categories (Table 4): nodules with more than 3 factors were classified as high risk (0.8-0.9); nodules with 2 factors or microcalcification, as intermediate risk (0.3-0.7); and nodules with 1 factor except microcalcification, as low risk (0.1-0.2).


Table 4 | Risk stratification model for thyroid nodules > 4 cm.



In the training dataset, the malignancy rate of thyroid nodules > 4 cm that were classified as high risk was 90.0%; intermediate risk, 42.1%; and low risk, 10.8%. The corresponding malignancy rates in the validation dataset were 88.9%, 35.7%, and 6.9% (Table 4). The risk stratification of the model was compared with the ACR TI-RADS (p < 0.001, Table 5).


Table 5 | Comparison of malignancy risk stratification between the proposed model and ACR TI-RADS.





Diagnostic Efficiency of the Model

Receiver operating characteristic curves demonstrated that the best cut-off value of the model was intermediate risk. In the training dataset, the model had a sensitivity of 58.8%, specificity of 84.6%, NPP of 93.7%, PPV of 34.5%, accuracy of 81.4% and AUC of 0.833 (95% CI 0.752-0.915) (Table 6). The AUC of the nomogram was higher than that of ACR TI-RADS (0.823, 95% CI 0.750-0.882, p = 0.011). However, the model was similar to ACR TI-RADS in sensitivity (58.8% vs. 58.8%, p = 0.181) and specificity (84.6% vs. 86.2%, p = 0.424) (Table 6). The AUC of the nomogram was higher than that of Kwak TI-RADS (0.817, 95% CI 0.741-0.871, p = 0.214) and ATA (0.812, 95% CI 0.735-0.874, p = 0.158). There was no significant statistical difference in the AUC value among the ACR TI-RADS, Kwak TI-RADS and ATA (p > 0.05).


Table 6 | Diagnostic performance between the proposed model and ACR TI-RADS.



For the validation dataset, the model showed a sensitivity of 61.9%, specificity of 91.5%, NPV of 93.1%, PPV of 56.5%, accuracy of 87.1% and AUC of 0.897 (95% CI 0.835-0.959, Table 6). The AUC of the nomogram was higher than that of ACR TI-RADS (0.855, 95% CI 0.785-0.909, p = 0.040, Table 6). However, the model was similar to ACR TI-RADS in sensitivity (61.9% vs. 57.1%, p = 0.480) and specificity (91.5% vs. 93.2%, p = 0.680) (Table 6). The AUC of the nomogram was higher than that of Kwak TI-RADS (0.878, 95% CI 0.811-0.927, p = 0.445) and ATA (0.831, 95% CI 0.758-0.889, p = 0.205). There was no significant statistical difference in the AUC value among the ACR TI-RADS, Kwak TI-RADS and ATA (p > 0.05).




Discussion

In the present study, we established a model to predict the risk of malignancy for thyroid nodules > 4 cm. This model incorporated four factors relatively easy to determine from conventional ultrasound imaging of nodules: composition, echogenicity, border, and calcification. We observed that the model achieved satisfactory diagnostic performance in both the training and validation datasets. Furthermore, the proposed model predicted malignancy better than ACR TI-RADS in both datasets, although it showed similar specificity and sensitivity as the reference standard.

The thyroid nodules > 4cm have its unique ultrasonic risk stratification. In our study, multivariate regression revealed the following independent risk factors for thyroid cancer: microcalcification (OR 8.37, 95% CI 1.641-42.724), solid (OR 1.49, 95% CI 0.391-2.566), ill-defined border (OR 4.40, 95% CI 1.074-18.031) and hypoechogenicity (OR 2.94, 95% CI 1.031-8.389). Our findings were consistent with the three suspicious malignant signs (microcalcification, solid and hypoechogenicity) in ACR TI-RADS and Kwak TI-RADS, which confirmed the effectiveness of the existing guidelines. These factors were incorporated together to develop a nomogram. This nomogram could be a useful and convenient tool in clinical practice to evaluate the malignancy risk of thyroid nodules > 4cm. The model showed a C-index of 0.833 (95% CI 0.752-0.915) for predicting malignancy in the training dataset and 0.897 (95% CI 0.835-0.9591) for predicting malignancy in the validation dataset. Calibration curve plotting demonstrated its significant predictive and discriminatory capacity in the validation cohort. Using the model, all nodules were assigned to one of three risk categories): high risk (0.8-0.9), intermediate risk (0.3-0.7) and low risk (0.1-0.2). In the training dataset, the malignancy rate of thyroid nodules > 4 cm that were classified as high risk was 90.0%; intermediate risk, 42.1%; and low risk, 10.8%. The corresponding malignancy rates in the validation dataset were 88.9%, 35.7%, and 6.9%.

The risk stratification of the model > 4cm was different with the ACR TI-RADS (p < 0.001), which indicating that the thyroid nodules > 4cm have unique characteristics of ultrasonic risk stratification.

The proposed model may be convenient to implement in the clinic. Of various factors linked to nodule malignancy, including solid, hypoechogenicity, microcalcification, taller-than-wide shape and irregular/lobulated margin (4, 6, 9), our model identified only four independent risk factors: solid, hypoechogenicity, microcalcification, and ill-defined border. This suggests that fewer ultrasound features can still provide reliable predictions of malignancy. Taller-than-wide shape is considered an insensitive but highly specific indicator of malignancy (9, 15–18), especially in sub-centimeter thyroid nodules (15, 16), and it is assigned more points (3 points) in ACR TI-RADS to reflect an association with malignancy (6). However, none of the thyroid nodules in either the training or validation datasets had taller-than-wide shape, which may indicate that shape has no diagnostic value for thyroid nodules > 4 cm. This may reflect that ultrasonography is less accurate at assessing shape, the larger the thyroid nodule is. Conversely, our study identified ill-defined border as a predictor of malignancy, similar to a previous study (19), but this factor is assigned 0 point in ACR TI-RADS. Our model and associated nomogram may be clinically easier to use than ACR TI-RADS and more accurate for thyroid nodules > 4 cm.

The model > 4cm provides a better diagnostic efficiency than the ACR TI-RADS, kwak TI-RADS and ATA.

According to Kim’s meta-analysis (20), the overall diagnostic performance of the three risk stratification systems (the ACR TI-RADS, kwak TI-RADS and ATA) of the representative society guidelines were comparable. In this study, there was no significant statistical difference in the AUC value among the ACR TI-RADS, Kwak TI-RADS and ATA in two datasets (p > 0.05). The AUC value were also no significant statistical difference (p > 0.05) among the model > 4cm, Kwak TI-RADS and ATA, similar to Shen’s study (21).

The ATA guidelines cannot cover all nodules. For example, in this study, there were two hyperechoic thyroid nodules with microcalcification which were not belong to any risk stratification of ATA guidelines. The ACR convened committees developed a set of standard terms (lexicon) for ultrasound reporting and proposed a TI-RADS based on the lexicon. All nodules can be scored in ACR TI-RADS. And ACR-TIRADS showed the lowest rate of unnecessary FNAB and highest rate of malignancy in FNAB (22–24). So, the model > 4cm was mainly compared to ACR TI-RADS. The AUC of the model > 4cm was higher than of the ACR TI-RADS, whether in training dataset or in validation dataset, and the difference has statistically significant (p < 0.05). And the model was similar to ACR TI-RADS in sensitivity (61.9% vs. 57.1%, p = 0.480) and specificity (91.5% vs. 93.2%, p = 0.680), which were higher than Ha’s study (25). This predictive model can use fewer indicators to diagnose the risk of malignant thyroid nodules larger than 4cm, and its diagnostic efficiency was consistent with that of ACR TI-RADS.

One benign thyroid nodule predicted by our model to be malignant and classified as TR5 in ACR TI-RADS illustrates the shortfalls of both systems. Ultrasonography showed that the nodule was solid, hypoechoic, and microcalcified, and that it had irregular margins and an ill-defined border. The nodule received 290 points, and malignant risk was > 0.95 according to the model. Pathology analysis of surgical samples indicated Riedel’s thyroiditis, a rare inflammatory process involving thyroid and surrounding cervical tissues that is associated with systemic fibrosis (26). The nodules associated with this condition show nonspecific ultrasound features and so are often misdiagnosed (27, 28).

This study had limitations. First, it was a retrospective study, so confounding factors could not be controlled. Second, all patients underwent thyroidectomy, which may have led to selection bias. The clinical utility of this proposed model as a preoperative decision-making tool should be explored in prospective studies.



Conclusion

Thyroid nodules > 4 cm merit a unique ultrasonic risk stratification, and the model proposed here may outperform ACR TI-RADS. The model should be tested in large prospective studies for its ability to guide preoperative decisions.
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Background

Differential diagnosis between benign and malignant breast lesions is of crucial importance relating to follow-up treatment. Recent development in texture analysis and machine learning may lead to a new solution to this problem.



Method

This current study enrolled a total number of 265 patients (benign breast lesions:malignant breast lesions = 71:194) diagnosed in our hospital and received magnetic resonance imaging between January 2014 and August 2017. Patients were randomly divided into the training group and validation group (4:1), and two radiologists extracted their texture features from the contrast-enhanced T1-weighted images. We performed five different feature selection methods including Distance correlation, Gradient Boosting Decision Tree (GBDT), least absolute shrinkage and selection operator (LASSO), random forest (RF), eXtreme gradient boosting (Xgboost) and five independent classification models were built based on Linear discriminant analysis (LDA) algorithm.



Results

All five models showed promising results to discriminate malignant breast lesions from benign breast lesions, and the areas under the curve (AUCs) of receiver operating characteristic (ROC) were all above 0.830 in both training and validation groups. The model with a better discriminating ability was the combination of LDA + gradient boosting decision tree (GBDT). The sensitivity, specificity, AUC, and accuracy in the training group were 0.814, 0.883, 0.922, and 0.868, respectively; LDA + random forest (RF) also suggests promising results with the AUC of 0.906 in the training group.



Conclusion

The evidence of this study, while preliminary, suggested that a combination of MRI texture analysis and LDA algorithm could discriminate benign breast lesions from malignant breast lesions. Further multicenter researches in this field would be of great help in the validation of the result.
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Introduction

Breast cancer is increasingly acknowledged as a serious, worldwide public concern in women (1, 2). Several researchers have reported the incidence of breast cancer increases with age (3). This malignant and complex lesion, with a spectrum of its different subtypes, has resulted in various treatment modality, followed with heterogeneous responses and clinical outcomes (4). Early detection, diagnosis, and treatment are of crucial importance in improving the prognosis of the patients. In clinical practice, magnetic resonance imaging (MRI) is strongly suggested as the primary examination method of breast cancer for its non-ionizing radiation damage, high soft tissue resolution, and advantages in identifying the location and size of the lesions (5–8). However, a considerable problem with this kind of application is that there is hardly any competent method to separate the MRI patterns of benign breast lesions from the patterns of malignant breast lesions due to modest specificity, which usually leads to over- or undertreatment and unnecessary biopsy (9, 10). Although some studies have demonstrated that a mass size and non-mass enhancement with segmental or regional distribution indicate a breast papilloma with malignant lesions, in most cases, the differences were rather imperceptible (11). One major reason for this dilemma is the overlap between morphologic and kinetic characteristics between benign and malignant lesions (12, 13). Therefore, the importance has been raised to establish an efficient method to distinguish malignant breast lesions from benign breast lesions.

Recent development in texture analysis (TA), also known as radiomics, has led to a renewed solution to this demanding problem. TA, a mathematical method to quantify the heterogeneity in images by calculating the voxel intensity, has been applied to medical imaging (including computed tomography and MRI) and received satisfying results in the diagnosis of various lesions (14–16). Since TA can acquire the additional quantified information from the images that are not discernible to the human eye, more studies have been long established in the advantages of TA in facilitating differential diagnosis (17, 18). However, to date, limited researches have emerged to apply TA in differential diagnosis between benign and malignant breast lesions. The aim of this research has therefore been to adopt and evaluate machine learning algorithm combined with MRI TA in the discrimination of benign and malignant breast lesions.



Materials and Methods


Patient Selection

We retrospectively searched for patients diagnosed with benign or malignant breast lesions from January 1, 2014, to August 3, 2017, in the institution’s database. Eligibility criteria required patients to have 1) histopathological report of biopsy, 2) detailed electronic medical records, and 3) diagnostic MR scanning records before chemotherapy or surgical resection. Patients were excluded from the study if they had 1) existence of motion artifact on MR images and 2) received certain treatments (including surgical resection, chemotherapy, or radiotherapy) before MR scanning.



MR Imaging Sequence Selection

For all the patients enrolled in this study, after laying the patient in a prone position, contrast-enhanced T1-weighted sequence was available, and the imaging was performed using a 1.5-T MR scanner with a bilateral, dedicated, 16-channel phased-array breast coil (Magnetom Aera, Siemens Medical Solutions, Germany). Dynamic series consisted of seven individual dynamic images with axial fat-suppressed T1-weighted imaging (T1WI), and the parameters were as follows: repetition time/echo time (TR/TE) = 4.62/1.75 ms, slice thickness = 1.5 mm, and space = 0 mm. Of these dynamic images, one was obtained before the intravenous injection, and six were obtained after the intravenous injection. Gadolinium-DTPA (Magnevist, Berlin, Germany) was injected as the contrast agent (0.15 mmol/kg bodyweight) at a rate of 2.0 ml/s, followed by a 15-ml saline flush.



Image Processing and Lesion Segmentation

In this study, after a preliminary assessment on images, we selected contrast-enhanced T1-weighted (TIC) images for further analysis. Image series were imported from radiomics platform as Digital Imaging and Communications in Medicine (DICOM) files. We performed TA on LIFEx software (version 5.10, French Alternative Energies and Atomic Energy Commission) (19). We followed the guidelines of the image biomarker standardization initiative (IBSI) and manually segmented the two-dimensional region of interest (ROI) of the benign and malignant breast lesions depending on the imaging characteristic differences between the lesions and normal tissue (20). Two radiologists, blinded to the patients’ electronic medical record and histopathological diagnosis, used LIFEx software to draw the ROI with the assistance of a senior radiologist. For the purpose of higher validity as well as reproducibility, disagreements were addressed to the senior radiologist and received further discussion. The process was performed under the software protocols, and the ROI was carefully drawn layer by layer on the axial plane along the boundary of the lesions.



Texture Feature Extraction

No specific preprocessing was conducted in the present study. The image gray-level intensity was normalized to a scale of 1 to 64 (19). Image processing steps including interpolation, re-segmentation, and discretization were automatically performed by the radiomic-specific LIFEx software. For each patients’ image series, 45 texture features recommended by the IBSI were extracted from the delineated ROIs by first order or higher order. We extracted histogram-based indices as first-order statistics. In the higher-order statistics, texture features were calculated from six matrices: gray-level co-occurrence matrix (GLCM), gray-level run length matrix (GLRLM), gray-level zone length matrix (GLZLM) (also known as gray-level size zone matrix (GLSZM)), histogram-based matrix (HISTO), neighborhood gray-level dependence matrix (NGLDM), and Shape. The main texture features for all the included patients are recorded in Supplementary Table 1.



Texture Feature Selection

In Supplementary Table 2, we listed the definition and description of every kind of our extracted texture features. In this study, the capacity of the machine learning algorithm was limited; therefore, we could not take all the features into the analysis. Feature selection was conducted to determine the most related texture features and, additionally, avoid overfitting. Moreover, in order to find out optimal texture features, five independent selection methods were adopted, including distance correlation, gradient boosting decision tree (GBDT), least absolute shrinkage and selection operator (LASSO), random forest (RF), and extreme gradient boosting (XGBoost). These selection methods created five subsets and formed five different datasets.



Classification

Linear discriminant analysis (LDA) is a supervised pattern recognition technique that can separate groups by searching for one or several linear combination or discriminant of predictors that maximize the ratio of between-class variance and minimize the ratio of within-class variance. Related packages were downloaded from the scikit-learn, and the models were constructed by default (21). This case study established five independent classification models on the basis of LDA algorithm: distance correlation + LDA, RF + LDA, LASSO + LDA, XGBoost + LDA, and GBDT + LDA. We randomly divided the texture features of both benign and malignant breast lesions into the training groups and validation groups (training group:validation group = 4:1). The ratio of benign and malignant breast lesions in both groups was proportional to the ratio of total benign and malignant breast lesions enrolled in our study. After training, the models were later applied with the data from the validation group, and the performance was evaluated. For each model, the randomized procedure was repeated over 100 times to appraise the robustness of the machine learning algorithm. The sensitivity, specificity, areas under the curve (AUCs), and accuracy, which represented the ability of the model to distinguish the two lesions, were later calculated in both groups. The comparison between the five different models (distance correlation + LDA, RF + LDA, LASSO + LDA, XGBoost + LDA, and GBDT + LDA) was conducted to choose a relatively suitable model with the optimal discriminative ability of benign and malignant breast lesions. The flowchart of the MRI classification of benign and malignant breast lesions in different datasets is summarized in Figure 1.




Figure 1 | Flowchart of the MRI classification process by different selection methods. ROI, region of interest; GLCM, gray-level co-occurrence matrix; GLRLM, gray-level run length matrix; GLZLM, gray-level zone length matrix; NGLDM, neighborhood gray-level dependence matrix; LASSO, least absolute shrinkage and selection operator; GBDT, gradient boosting decision tree; RF, random forest; LDA, linear discriminant analysis; AUC, area under the receiver operating characteristic curve.





Ethics Approval

Studies involving human participants were reviewed and approved by the medical ethics committee of Daping Hospital. The patients/participants’ legal guardian provided written informed consent to participate in this study.




Results


Patient Characteristics

A total number of 314 patients were primarily selected from the database of the institution after a retrospective review of their MR images and electronic medical record. Among them, 51 patients were excluded according to the exclusion criteria. In the remaining patients, 71 were histopathology-proven benign breast lesions, while 194 were histopathology-proven malignant breast lesions. Table 1 displays the overview of baseline characteristics of the included patients. The median age and the age range for benign and malignant breast lesion groups were 31.9 (19–45) and 51.9 years (27–83), with a standard deviation of 6.0 and 10.3 years. In the benign lesion group, the majority comprised plasma cell mastitis (90.1%), while seven (9.9%) other patients were diagnosed with granulomatous mastitis. The numbers of malignant lesions for non-invasive carcinoma, invasive carcinoma, and others were 11 (5.7%), 194 (92.2%), and 4 (2.1%), respectively. All the patients underwent diagnostic MRI examination between January 2014 and August 2017. Figure 2 illustrates the contrast-enhanced T1-weighted MR images of two examples (A: malignant breast lesions; B: benign breast lesions).


Table 1 | Baseline characteristics of the 93 patients included in the analysis.






Figure 2 | Two examples of the axial plane of contrast-enhanced T1-weighted MR images. (A) Malignant breast lesions. (B) Benign breast lesions.





Benign Versus Malignant Breast Lesions

In the present study, we conducted five different texture feature selection methods on the statistics, including distance correlation, GBDT, LASSO, RF, and XGBoost. All the selected texture features are recorded and summarized in Supplementary Table 3. We constructed five different models based on the LDA algorithm and five different datasets of texture features. All these models had achieved high discriminant performance, and all the AUCs in these training groups are above 0.850. The detailed performance of these models (sensitivity, specificity, AUC, and accuracy) is listed in Table 2. The result suggested that the GBDT + LDA model achieved a statistically higher discriminative ability among the others and received the highest AUC in the training groups as well as validation groups. The sensitivity, specificity, AUC, and accuracy of the training groups’ model were 0.814, 0.779, 0.922, and 0.868, respectively; as for the validation group, the results were 0.883, 0.892, 0.911, and 0.868, respectively. The RF + LDA model also showed optimal discriminant ability with the AUC > 0.9 in the training group.


Table 2 | The performance of five different models.



Figure 3 directly illustrates the discriminative function of the GBDT + LDA models. Note that there was little overlap between the distribution of benign breast lesion groups (triangles) and malignant breast lesion groups (circles) and the distribution of group centroids (squares). The promising results indicated that GBDT + LDA models provided a qualitative separation between benign and malignant breast lesions. Figure 4 reveals an example of 100 independent training cycles in the GBDT + LDA models, in which the findings are shown in the distribution of the direct LDA function (A: benign breast lesions; B: malignant breast lesions).




Figure 3 | Discriminative function of the GBDT + LDA models. Distribution of the benign and malignant breast lesions that originated from multiple dimensions were reduced and reflected to a two-dimension plane. Little overlap was observed between the distribution of benign breast lesion groups (triangles) and malignant breast lesion groups (circles) and the distribution of group centroids (squares). It suggests a qualitative separation between benign and malignant breast lesions. GBDT, gradient boosting decision tree; LDA, linear discriminant analysis.






Figure 4 | Examples of the 100 data analysis training cycles. Distribution of the direct LDA function determining benign and malignant breast lesions illustrates a promising performance of the GBDT + LDA models. GBDT, gradient boosting decision tree; LDA, linear discriminant analysis. (A) Distribution of the LDA function determined for the benign breast lesions for one cycle; (B) distribution of the LDA function determined for the malignant breast lesions for one cycle.






Discussion

Prior studies had stressed the importance of distinguishing benign breast lesions from malignant breast lesions in view of redundant invasive examination and the significant differences in their treatment strategies and prognostic results (22). Traditionally, MR scanning was recommended as a sensitive modality to detect and diagnose breast lesions, together with mammography, ultrasound, and image-guided needle biopsy. However, many uncertainties still existed about the accuracy of this modality for the characteristics of benign and malignant breast lesions resemblance on the conventional MR images (12). In the current study, we examined the discriminative ability of MRI-based TA by combining five different extracted MRI-based texture feature datasets with a supervised pattern recognition technique to establish five LDA-based models. The results indicated that all these models presented good discriminant ability. Moreover, a combination of GBDT selection method for TA and LDA algorithm for classification exhibited a better performance by statistics among the others. These findings highlight the potential usefulness of machine learning to complete the separation of benign and malignant breast lesions in clinical practice.

TA was a statistical method focused on the analytic techniques and the description of image texture, which was formerly defined as the repeating patterns of local variations in gray-level intensities (23). Advances in TA had enabled recent researches to visualize spatial histologic heterogeneity, capturing image patterns that were unrecognizable to human eyes. A considerable amount of literature has been published applying TA to discriminate breast lesions. A previous study had tried to adopt a combination of texture features (GLCM entropy, GLCM Sum Average, and GLCM Homogeneity) and morphology features to diagnose benign and malignant lesions from a 2D slice of 3D images (24). This idea was further extended by researchers, and a study was conducted to investigate the utility of 3D breast lesion characterization (GLCM) by Student’s t-test in distinguishing benign and malignant lesions (25). Compared with these studies, we enrolled a larger group of texture features generated from different matrixes. Moreover, we combined machine learning to select significant texture features, and the results of our models showed a reasonably high sensitivity, specificity, AUC, and accuracy. In recent years, other studies had tried to relate breast lesions TA of contrast-enhanced MR images to the underlying lesion subtypes and received satisfying results (26).

The past decade had seen the rapid development of machine learning applied to MR images in different fields (27–29). After evaluation of the performance of the selection methods and classification algorithms, predictive models were created for tumor grading, diagnosis of interest, and clinical outcome. The association between molecular expression (Ki67 and HER2) and contrast-enhanced MRI features were also observed in some studies (30, 31). Other researchers investigated machine learning in different radiological techniques such as mammograms and ultrasound (32, 33). Previous research had indicated that integration of 10-fold cross-validation method and machine learning into the interpretation of MR images can help to make decisive rules to manage suspicious breast lesions (34). Another study also achieved promising diagnostic results in discriminating breast lesions with deep learning method using ResNet50 (35). In our study, we built five different classification models based on LDA algorithm, and a relatively optimal machine learning model with a combination of LDA + GBDT demonstrated a non-inferior accuracy of 0.868 and 0.892 in the training and validation groups, respectively. The current findings to evaluate the performance of five different feature selection methods combined with LDA algorithms add to a growing body of literature on computer-aided diagnosis of breast lesions.

Many studies in the medical image field of machine learning algorithm had noticed the influence on the diagnostic performance caused by the adoption of different texture features. Recently, the IBSI had standardized the extraction of image biomarkers from imaging to present a high-throughput quantitative image analysis. All the texture features included in this study were recommended in the IBSI feature reference values and added to the quality of our research (20). Previous researches had discussed various kinds of selection methods including Student’s t-test, Mann–Whitney U test, ReliefF algorithm (36, 37). Based on the results, the interference of the selection method cannot be ruled out. Compared with previous studies, we extracted a relatively large number of parameters from different matrices, which increased the possibility to select the optimal features. Moreover, in order to establish the optimal classifier, we chose five different feature selection methods (distance correlation, RF, LASSO, XGBoost, and GBDT) with which the performances were later evaluated. Overall, the result of this study indicates that all the models showed good performance and that the GBDT + LDA model achieved a better performance for benign breast lesions from malignant breast lesions with the highest AUC of 0.922 in the training group. GBDT was proposed as a tree-based algorithm based on a greedy strategy (called gradient boosting) that evaluates the importance of a texture feature through the time it used as branching point for the tree. However, the results of this study must be interpreted with caution because no significant differences were observed between the performance of all the models, and the variance in AUC may result from the statistical group. Therefore, the results can only be suggested as a hypothesis generation and required verification from future, larger studies.

Several limitations to this pilot study need to be acknowledged. First, this study is single-centered. The selection bias for patients is unavoidable and may have influenced the analysis. Second, the sample size was relatively small, and a greater size of the sample is expected for further study to validate the results. Third, the results obtained in this study did not receive external validation in other datasets, and the diagnostic ability of this model may be influenced due to different MR scanners and image processing procedure. Fourth, only texture features from contrast-enhanced T1-weighted (TIC) images were introduced in this study. Further studies are required to explore the classifier adapted with texture features from other sequences.



Conclusion

The study was undertaken to design optimal classification model using texture features combined with machine learning algorithm and evaluate its sensitivity, specificity, AUC, and accuracy. We used five selection methods and established five discriminative models, and their performances were evaluated. In general, therefore, it seems that texture features have potential to be utilized in discriminating benign breast lesions from malignant breast lesions. More broadly, future multicenter researches with more patients in this field would be of great help to validate this preliminary result.
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Purpose

The detection and characterization of focal liver lesions (FLLs) in patients with cirrhosis is challenging. Accurate information about FLLs is key to their management, which can range from conservative methods to surgical excision. We sought to develop a nomogram that incorporates clinical risk factors, blood indicators, and enhanced computed tomography (CT) imaging findings to predict the nature of FLLs in cirrhotic livers.



Method

A total of 348 surgically confirmed FLLs were included. CT findings and clinical data were assessed. All factors with P < 0.05 in univariate analysis were included in multivariate analysis. ROC analysis was performed, and a nomogram was constructed based on the multivariate logistic regression analysis results.



Results

The FLLs were either benign (n = 79) or malignant (n = 269). Logistic regression evaluated independent factors that positively affected malignancy. AFP (OR = 10.547), arterial phase hyperenhancement (APHE) (OR = 740.876), washout (OR = 0.028), satellite lesions (OR = 15.164), ascites (OR = 156.241), and nodule-in-nodule architecture (OR =27.401) were independent predictors of malignancy. The combined predictors had excellent performance in differentiating benign and malignant lesions, with an AUC of 0.959, a sensitivity of 95.24%, and a specificity of 87.5%  in the training cohort and AUC of 0.981,  sensitivity of 94.74%, and specificity of 93.33% in the test cohort. The C-index was 96.80%, and calibration curves showed good agreement between the nomogram predictions and the actual data.



Conclusions

The nomogram showed excellent discrimination and calibration for malignancy risk prediction, and it may aid in making FLLs treatment decisions.





Keywords: focal liver lesion, liver, computed tomography, nomogram, neoplasm



Introduction

It is challenging for abdominal radiologists to detect and characterize focal liver lesions (FLLs) in patients with cirrhosis (1–3). Cirrhosis is a major risk factor for hepatocellular carcinoma (HCC) (4). The diagnosis of benign and malignant FLLs in cirrhotic individuals is important. However, in cirrhotic livers, these lesions may lack typical imaging features (1). Therefore, the final diagnosis may need to be verified by tissue sampling (1, 5). Accurate descriptions of FLLs guide their management, which ranges from conservative treatment to surgical excision (6). Proper identification can prevent unnecessary biopsy and allow the appropriate treatment to be selected (5, 7).

Computed tomography (CT) is commonly used to diagnose and manage patients with chronic liver disease (8–10). Dynamic CT has high sensitivity and specificity for diagnosing FLLs (11). The wash-in and washout of contrast agents can assist distinguishing HCC from other FLLs (12). Clinical and laboratorial risk factors, such as age and sex, are also helpful. However, many cases require further imaging or histopathological examination to confirm the diagnosis (5, 10). Therefore, it is helpful to develop a scoring system combining clinical information and imaging results to evaluate the malignancy of FLLs.

A nomogram is a graphical statistical tool that combines variables into a continuous scoring system to calculate precise risk probabilities for specific individual outcomes (13–15). This instrument is an important tool in modern medical decision-making in specialties of oncology (16–21), such as differentiating focal nodular hyperplasia (15) or hepatocellular adenoma (16) from HCC in noncirrhotic patients, prediction of microvascular invasion and liver failure after hepatectomy in patients with in HCC (22–25) and efficacy evaluation of intrahepatic cholangiocarcinoma after hepatectomy (26). CT-based nomograms may be used to predict the nature of FLLs, aiding clinicians in selecting the best management plan. We sought to develop a nomogram that incorporates clinical risk factors, blood indicators, and enhanced CT imaging findings to predict the nature of FLLs in cirrhotic livers.



Material and Methods


Patients

Our institutional review board approved this retrospective single-center study with a waiver for the requirement to obtain informed consent. The subjects had to have liver cirrhosis of any etiology, surgically confirmed after CT scans between January 2017 and December 2020.

The inclusion criteria were as follows: (a) serological markers, such as serum total bilirubin, plasma albumin, prothrombin time, blood platelet count and α-fetoprotein (AFP), measured simultaneously before surgery; (b) confirmation by pathology; (c) no history of preoperative anticancer therapy, including transcatheter arterial chemoembolization (TACE), percutaneous radiofrequency ablation (PRFA), or percutaneous ethanol injection (PEI); and (d) multidetector CT imaging. The exclusion criteria were as follows: (a) no pathological confirmation; (b) undergoing treatment before imaging or surgery; (c) incomplete serological markers before surgery; and (d) poor image quality. For patients with multiple lesions, we analyzed the largest lesion. A total of 348 surgically confirmed FLLs in 348 patients were included in the study. A total of 295 patients diagnosed from 2017 to June 2020 were included in a training cohort, and 53 patients diagnosed from July 2020 to December 2020 were included in a test cohort.

Age, sex, and basic patient information were collected. Routine examinations included serum total bilirubin, total plasma protein, prothrombin time, blood platelet counts, tumor marker AFP levels, and hepatitis (B and C) results. The Child-Pugh classification was determined for each patient based on the above variables. AFP > 20.0 ng/ml was the threshold for positivity (27).



CT Technique

The area from the diaphragm to the pubic symphysis was examined on a multidetector CT scanner (Aquilion 16, Toshiba Medical Systems Corporation; Tochigi ken, Japan; Brilliance 64, Philips, Netherlands; Aquilion ONE TSX-301A, Toshiba Medical Systems Corporation; Tochigi ken, Japan) with plain and dynamic contrast-enhanced scans as follows: tube voltage of 120 kVp, tube current of 200 mA, slice thickness of 5 mm, and rotation time of 0.5 seconds. The helical pitch was 0.9, the field of view was 35 to 40 cm, the matrix was 512 × 512, and a standard reconstruction algorithm was used. After plain CT scan, the patients received 80-100 mL of contrast agent (iodipamide, 370 mg I/mL, Bracco) at a rate of 3.5-4.0 mL/s, followed by 20 mL of saline solution through the elbow vein using a power injector. Scans in the arterial phase (AP, 35 seconds), portal venous phase (PVP, 70 seconds), and equilibrium phase (EP, 3 minutes) were obtained.



CT Imaging Analysis

Two radiologists(7 and 13 years of abdominal diagnostic experience) independently evaluated the CT images from the Picture Archiving and Communication System. They knew the purpose and design of the study, but they were unaware of the patient demographics, clinical history, clinical reports, and reference criteria. For each lesion, the readers assessed the presence of imaging features mainly based on Liver Imaging Reporting and Data System (LI-RADS) version 2018 (28, 29), some features reported in the literature (30, 31) or commonly used in reports. The included features were as follows: tumor size (maximum (Dmax) cross-section diameter), non-rim arterial phase hyperenhancement (APHE), non-peripheral washout in the PVP (washout), enhancing capsule in either the portal venous or delay phases (appearance detected as enhancing rim), blood product in mass (bleeding within or around the lesion without surgery, trauma or intervention), fat (excess fat in the whole or part of the mass relative to the background liver), necrosis (areas within the tumor without obvious enhancement), infiltrative appearance (invasion), mural nodules (peripheral nodules within the lesion attached to the tumor wall), satellite lesions (nodules in the surrounding parenchyma resemble the main lesion), halo enhancement(solar enhancement in parenchyma around the lesion), peritumoral enhance(rim arterial phase hyperenhancement), vein tumor thrombus (VTT, definite enhancement of soft tissue in the portal vein), delayed enhancement(progressive enhancement in the center of the lesion), internal artery (small vessels in the arterial stage), non-enhancing “capsule” (capsule appearance not detected as enhancing rim), mosaic architecture(random distribution of internal nodules or compartments, often with different radiographic features), nodule-in-nodule architecture (the internal nodules were small and larger than the external nodules, with different imaging features), corona enhancement, lymph node enlargement (short diameter >10mm) and ascites (perihepatic water density).



Statistical Analysis

Statistical analysis was performed using IBM SPSS Statistics version 25 (SPSS Inc., Chicago, IL, USA) and R version 3.3.4 (www.R-project.org). The Mann-Whitney U test was used for continuous variables, and the χ2 or Fisher exact test was used for categorical variables. To test the consistency of the two readers, a Kendall correlation coefficient was used to measure the index, and a kappa consistency test was used for the counting index. The k values were considered poor for a k of 0.01 to 0.20; fair for a k of 0.21 to 0.40; moderate for a k of 0.41 to 0.60; good for a k of 0.61 to 0.80; and excellent for a k of 0.81 to 1.00. Univariate analysis was used to compare the differences in clinical factors (all independent clinical risk factors, blood markers, and CT findings) between the two cohorts, and multivariate logistic regression analysis was used to establish a clinical factor model, with significant variables in the univariate analysis as the input. The odds ratio (OR) was used as a relative risk estimate for each risk factor and is presented with its corresponding 95% confidence interval (CI). After establishing the combined predictor, receiver operating characteristic (ROC) analysis was performed to calculate the area under the curve (AUC), sensitivity and specificity. A nomogram was developed by scaling the regression coefficients into a multiple logistic regression of 0-100 points. Important malignancy factors in the multivariate analysis were included in the nomograms. The total score is the sum of the points for each independent variable and is converted to the prediction probability. The nomogram’s performance was measured by the consistency index (C-index) and calibrated with 1,000 bootstrap samples to reduce overfitting bias (32). A calibration curve was plotted to evaluate the actual observations vs the nomogram predictions of the benignity or malignancy of lesions. Decision curve analysis (DCA) showed that the net clinical benefit was correlated with the diagnostic procedure including the established nomogram (33). All statistical tests were two-sided, and a P-value < 0.05 was considered statistically significant.




Results


Histopathologic Results

A total of 348 FLLs were identified in the patients, including HCC (n = 196), cholangiocarcinoma (n = 43), metastasis (n = 24), neuroendocrine tumor (n = 2), undifferentiated sarcoma (n = 1), perivascular epithelioid cell tumor (n = 1), papillary neoplasm (n = 1), combined HCC- cholangiocarcinoma (n = 1), cyst (n = 32), hemangioma (n = 14), abscess (n = 10), focal nodular hyperplasia (n = 10), regenerative nodules (n = 4), adenoma (n = 4), parasitization (n = 2), extramedullary hemopoiesis (n = 2), and tuberculosis (n = 1). These FLLs were either benign (n = 79) or malignant (n = 269), as shown in Figure 1, and the baseline characteristics of the patients are shown in Table 1 and Table 2.




Figure 1 | Flowchart illustrating subject selection.




Table 1 | Characteristics of patients in the training and test cohorts (1).




Table 2 | Characteristics of patients in the training and test cohorts (2).





Interobserver Agreement

The indexes of lesion size (Dmax) had good consistency among observers (P > 0.05). The consistency value of the counting indexes among observers was greater than 0.75, indicating good consistency between observers.



Univariate Analysis of Independent Predictors of Malignancy

For categorical variables, sex (χ2 = 19.836, P < 0.001), pathogenesis (χ2 = 66.657, P < 0.001), AFP (χ2 = 61.136, P < 0.001), APHE (χ2 = 87.075, P < 0.001), washout (χ2 = 26.807, P < 0.001), enhancing capsule (χ2 = 5.798, P = 0.016), blood product in mass (χ2 = 9.882, P = 0.002), necrosis (χ2 = 27.228, P < 0.001), infiltrative appearance (χ2 = 9.529, P=0.002), mural nodules (χ2 = 5.882, P = 0.015), satellite lesions (χ2 = 9.529, P = 0.002), VTT (χ2 = 6.264, P = 0.012), internal artery (χ2 = 64.521, P < 0.001), ascites (χ2 = 5.663, P=0.017), non-enhancing capsule (χ2 = 44.611, P < 0.001), mosaic architecture (χ2 = 57.635, P < 0.001), and nodule-in-nodule architecture (χ2 = 62.087, P < 0.001) were significantly different between the two cohorts (Table 1). There were significant differences in blood platelet counts (P =0.002) and serum total bilirubin (P =0.042) between the benign and malignant cohorts, but there were no significant differences in the other indexes (P > 0.05) (Table 2).



Multivariable Factors Associated With Malignancy

Logistic regression evaluated the independent factors affecting malignancy. AFP (OR = 10.547, 95% CI 2.083- 53.401; P = 0.004), APHE (OR = 740.876, 95% CI 56.527- 9710.303; P < 0.001), washout (OR = 0.028, 95% CI 0.002-0.348; P = 0.005), satellite lesions (OR = 15.164, 95% CI 2.199-104.579; P = 0.006), ascites (OR = 156.241, 95% CI 1.822-13394.835; P = 0.026), and nodule-in-nodule architecture (OR = 27.401, 95% CI 4.982-150.700; P < 0.001) were independent predictors of malignancy (Table 3). The independent factors are used to build a model as combined predictors. The results of ROC analysis of the combined predictors for predicting malignant lesions are shown in (Figures 2A, B). In the training cohort, the AUC was 0.959, the sensitivity was 95.24%, and the specificity was 87.50%, while in the test cohort, the AUC was 0.981, the sensitivity was 94.74%, and the specificity was 93.33%. The order of AUCs was as follows: test cohort > training cohort > APHE > nodule-in-nodule architecture > AFP > washout > satellite lesions > ascites (Table 4).


Table 3 | The results of multivariate logistic regression analysis.






Figure 2 | ROC curves of the combined predictors for predicting malignant lesions in the training (A) and test (B) cohorts.




Table 4 | Results of receiver operating characteristic (ROC) analysis.





Malignancy Risk and the Prediction Nomogram

Based on the independent factors, we established a nomogram of the corresponding scoring system using RMS package in R as shown in Figure 3. Total points = 51 (AFP) + 100 (APHE) − 41 (washout) + 30 (satellite lesions) + 68 (ascites) + 54 (nodule-in-nodule architecture). The probability of malignant FLLs was approximately 80% for a patient with a score of 104, and with a cutoff point of 50%, the lesion was considered malignant. With a 50% cutoff point, a score of more than 80 points indicated malignant FLLs with a C-index of 96.80%. Moreover, calibration curves showed good agreement between the nomogram predictions and the actual data (Figures 4A, B). The DCA results are shown in Figures 5A, B.




Figure 3 | Based on the independent factors, the nomogram analysis method was used to establish a prediction scoring system. To use the nomogram, find the score for each variable on the corresponding axis and the total scores for all of the variables, and draw a line from the total score axis to the malignant risk axis to determine the malignancy risk (APHE, nonrim Arterial phase hyperenhancement; Satellite,Satellite lesions; Nodule,Nodule-in-nodule architecture).






Figure 4 | Calibration curves of the nomogram for estimating the malignancy risk in the training (A) and test (B) cohorts. On the calibration curve, the x-axis is the nomogram-predicted probability of malignancy, and the y-axis is the actual probability. The dotted line represents the ideal curve; the small, dotted line is the nomogram curve; and the straight line is the bias-corrected curve.






Figure 5 | Decision curve analysis for the combined nomogram in the training (A) and test (B) cohorts. The Y axis represents the net benefit, and the X axis represents the threshold probability. The solid blue line shows the expected net benefit per patient based on Nomogram.






Discussion

In this study, we established a precise nomogram based on CT imaging findings for predicting the malignancy of FLLs. The results indicate a good identification effect.

Triphasic CT scans are effective tools for differentiating benign and malignant FLLs, as the sensitivity, specificity, positive predictive value, negative predictive value, and diagnostic accuracy were 100%, 80%, 94.5%, 100% and 95.5%, respectively (34). Diffusion weighted imaging (DWI) may provide additional information for the differentiation of HCC from nodules with abnormal hyperplasia by detecting the movement of freely diffusible water molecules. DWI model has a reference value for describing FLLs, the distributed diffusion coefficient, which shows good diagnostic performance (35).

In the univariate analysis of independent predictors of malignancy, most factors showed significant differences between the benign and malignant cohorts. Male patients with higher serum total bilirubin, higher AFP levels and lower blood platelet counts may be prone to malignant lesions. In CT, the presence of the following features indicates a high possibility of malignant lesions: APHE, washout, enhancing capsule, blood product in mass, necrosis, infiltrative appearance, mural nodules, satellite lesions, VTT, internal artery, ascites, non-enhancing capsule, mosaic architecture, and nodule-in-nodule architecture. Multivariable factors including AFP, APHE, washout, satellite lesions, ascites, and nodule-in-nodule architecture, were independent predictors of malignancy. A previous study reported that capsular enhancement is an important imaging biomarker for predicting high-grade HCC, and non-enhancing capsule is not significantly associated with high-grade HCC (36). However, our study showed that in our cohort, capsular enhancement was not an independent predictor of malignancy. The reason may be that some of the benign lesions such as abscesses, also showed capsular enhancement. APHE and washout are the main features of HCC, while nodule-in-nodule architecture is an auxiliary feature of HCC (37, 38). Nodule-in-nodule architecture, defined as a small nodule within the lesion, is an independent predictor of microvascular invasion (MVI) of HCC (36) and is proven to be an independent predictor of malignancy in our study. HCC accounts for the majority of malignant lesions, and these three features are independent predictors for the identification of benign and malignant FLLs in this study. A diagnostic model including AFP, sex, age and prothrombin time (ASAP model) has been shown to accurately predict the development of HCC in patients at high risk of hepatitis B virus. The ASAP model performed well in both the test and validation groups (39). In our study, with the exception of AFP, sex, serum total bilirubin, blood platelet counts, and pathogenesis were not independent predictors of malignancy, although there were statistically significant differences in these factors between the benign and malignant cohorts. The order of AUC values suggested that the combined predictors were the strongest in the diagnosis of malignant lesions (sensitivity = 95.24%, specificity = 87.50%). This model also had high diagnostic sensitivity (94.74%) and specificity (93.33%) in the test group.

We established a nomogram with a corresponding scoring system. With a cutoff point of 50%, it can accurately determine if an FLL is malignant. An example of image scoring is illustrated (Figures 6A–C).This lesion demonstrates no arterial phase hyperenhancement (APHE,0 score points, Figure 6A), presence of washout (minus 41 score points, Figure 6B), without satellite lesions (0 score points), ascites (68 score points, Figure 6C) and nodule-in-nodule architecture (54 score points, Figure 6C), with AFP>20.0 ng/ml (51 score points). The nomogram equation therefore would be as follows: 51 (AFP) + 100 (APHE) -41 (washout) + 30 (satellite lesions) + 68 (ascites) + 54 (nodule-in-nodule architecture) =132, indication malignancy according to the nomogram score > 80 points. Washout is one of the main features in the diagnosis of HCC, but in our study, it was negatively associated with benign and malignant tumors. One of the possible reasons is that some benign lesions, such as adenomas, can show washout, while some HCC lesions lack washout. In addition, washout is a purely visual criterion, which may result in observer-dependent bias. According to the literature reports, quantitative washout assessment in LI-RADS has the opposite effect in HCC diagnosis and needs to be redefined (40).




Figure 6 | A 58 years old man with FLLs in segment VI, AFP>20.0 ng/ml, (A) no APHE in arterial phase (red arrow), (B) washout in portal venous phase, (C) presence of nodule-in-nodule architecture(yellow star) and ascites(green arrow), without satellite lesions. This lesion indicates malignancy according to the nomogram score greater than 80 points. The pathological result was hepatocellular carcinoma.



In this study, the C-index (96.80%) and calibration curve demonstrated that our nomogram was accurate in predicting the malignancy of lesions. However, there are some limitations to our model. First, this was a small, single-center, retrospective study that lacked a external validation group, which may alter the scoring system’s efficiency. Therefore, multicenter and large-scale studies are necessary to improve the scoring system, and a prospective study is needed to confirm its reliability. Second, cirrhosis is likely to increase the possibility of HCC, which may cause selective bias. Third, rare lesions of liver were really small in our study. Assessing more data can make the model more generalizable.



Conclusion

Based on AFP and CT findings including APHE, washout, satellite lesions, ascites, and nodule-in-nodule architecture, we developed an objective scoring system to predict the risk of malignancy. This model may aid in making informed treatment decisions for FLLs. A large-scale, prospective validation study is needed to assess the broad applicability of the nomogram.
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Using nephrographic phase CT images combined with pathology diagnosis, we aim to develop and validate a fusion feature-based stacking ensemble machine learning model to distinguish malignant renal neoplasms from cystic renal lesions (CRLs). This retrospective research includes 166 individuals with CRLs for model training and 47 individuals with CRLs in another institution for model testing. Histopathology results are adopted as diagnosis criterion. Nephrographic phase CT scans are selected to build the fusion feature-based machine learning algorithms. The pretrained 3D-ResNet50 CNN model and radiomics methods are selected to extract deep features and radiomics features, respectively. Fivefold cross-validated least absolute shrinkage and selection operator (LASSO) regression methods are adopted to identify the most discriminative candidate features in the development cohort. Intraclass correlation coefficients and interclass correlation coefficients are employed to evaluate feature’s reproducibility. Pearson correlation coefficients for normal distribution features and Spearman’s rank correlation coefficients for non-normal distribution features are used to eliminate redundant features. After that, stacking ensemble machine learning models are developed in the training cohort. The area under the receiver operator characteristic curve (ROC), calibration curve, and decision curve analysis (DCA) are adopted in the testing cohort to evaluate the performance of each model. The stacking ensemble machine learning algorithm reached excellent diagnostic performance in the testing dataset. The calibration plot shows good stability when using the stacking ensemble model. Net benefits presented by DCA are higher than the Bosniak 2019 version classification when employing any machine learning algorithm. The fusion feature-based machine learning algorithm accurately distinguishes malignant renal neoplasms from CRLs, which outperformed the Bosniak 2019 version classification, and proves to be more applicable for clinical decision-making.




Keywords: renal neoplasms, machine learning, Bosniak-2019 classification, cystic renal lesions, radiomics analysis



Introduction

The detection rate of cystic renal lesions (CRLs) is increasing rapidly due to the growing use of computed tomography (CT). However, a considerable number of CRLs are simple renal cysts or benign cystic renal neoplasms according to histopathologic results after surgery; only a proportion of CRLs are malignant renal neoplasms. Cystic renal neoplasms refer to a diverse category of kidney tumors according to the WHO kidney tumor classification, which have a wide range of biological profiles, and the necessity of early surgical treatment for malignant CRL cannot be overstated (1). Since the components of CRL must be identified correctly in order to determine the appropriate treatment strategies, CT imaging is routinely used to distinguish CRLs. Meanwhile, CRLs are difficult to diagnose and manage especially in the early stage as they show a complex pattern in CT images including thickness of septation, enhancement of the mural nodule, and calcifications (2). In an attempt to identify malignant CRL at early stage, standardize the terminology explaining complicated renal cysts, and provide classification standards for stratifying surgically required renal lesions, the Bosniak classification system was created (3). In the 2019 version of the Bosniak classification system, more discriminative and quantitative criteria were introduced to improve the specificity in identifying higher-risk CRL categories and explicit detailed meanings about key terms to promote agreement and consistency among different readers. Based on the updated Bosniak classification, one or more enhancing nodules in CRL with obtuse margins (more than 4 mm) or with acute margins represent malignant renal neoplasms. Thickened wall or septa with enhancement in CRL also suggests the possibility of malignancy (4). However, according to the Bosniak classification, these high-risk CRL (IIF, III, and IV) could still be benign renal cysts rather than malignant neoplasms. Inaccurate treatment and related diagnostic errors caused by the misapplication of Bosniak classification may increase excessive medical care following undesirable outcomes including renal function impairment, re-operation, and neoplastic transplantation (5, 6). It has been shown that the diagnostic performances of the Bosniak 2019 classification criteria do not improve considerably compared with the previous version. A large number of previous Class III lesions will be reclassified as IIF according to the 2019 Bosniak version, resulting in decreased sensitivity (7, 8). The majority of Bosniak I and II lesions are benign renal cysts and Bosniak IIF, III, and IV lesions are more likely to be renal neoplasms. Approximately 10%–20% of Bosniak IIF lesions, 50% of Bosniak III lesions, and 90% of Bosniak IV lesions are considered to be renal neoplasms according to the latest research (9). To increase the diagnosis sensitivity and overcome the limits of biased visual image assessment, quantitative image analysis approaches using machine learning techniques also known as radiomics have gained popularity in recent years (10). In this study, we aim to develop and validate a stacking ensemble-based machine learning model using deep learning and radiomics features to stratify malignant cystic renal neoplasm more precisely.



Materials and methods


Participant enrollment and pathology assessment

In this retrospective study, data originated from abdominal CT scans or dedicated CT urography (CTU) scans in two separate institutions comprising unenhanced phases, corticomedullary phases, and nephrographic phases (Vue PACS, Carestream Health Inc & General Electric Advantage Workstation). Ethics committees in both institutions approved this retrospective investigation. Candidate participants included those with renal cysts larger than 1 cm, those with no surgery history (renal needle biopsy, nephrolithotomy, nephrectomy, or partial nephrectomy), those without conditions linked to multiple renal cysts (polycystic disease, Von Hippel–Lindau syndrome, or autosomal dominant polycystic kidney disease), and those with less than 25% solid portion in cystic lesions. Each individual in this study could only include verified cystic renal masses based on the final pathology findings, ensuring a realistic and reliable model’s presentation. The detailed selection process and the pathological results of two cohorts are displayed in Figure 1.




Figure 1 | Flowchart illustrating how the cystic renal masses were enrolled and the distribution of pathology results in the final datasets. Detailed inclusion and exclusion criteria are also displayed in the flowchart. CRLs were classified as benign or malignant CRL based on pathological findings. After that, training datasets were applied to build machine learning models, and testing datasets were adopted to reclassify cystic renal masses based on the Bosniak 2019 version and assess model performance.





Radiomics feature extraction

For extracting handcrafted radiomics features, radiomics feature class can be divided into three groups (1): first-order statistics, (2) shape features, and (3) second-order features. The image type of radiomics features can be divided into three groups: (1) original, (2) log, and (3) wavelet. Using the standard sample parameters setting provided in the official Pyradiomics YAML file, we extracted 1,231 handcrafted radiomics features in each individual.



3DResnet50 feature extraction

For extracting deep learning features, we defined a 3D-cropbox containing CRL area. The 3D-cropbox’s width and length match the maximum cross-section area of the CRL, while its height matches the dimensions comprising the CRL area. In the 3D-cropbox, the area outside the ROI will be filled with black. After CRL regions have been segmented, the informative slices (the consecutive axial slices containing the full CRL area) will be cropped and resized to 14 mm * 128 mm * 128 mm (14-layer CT scans, default Voxel spacing is 1mm). The preprocessed images will be selected as the input of the convolutional neural network (CNN) model with pretrained weights. Deep learning features in each individual originated from the preprocessed CT images in the ROI area with 14 consecutive slices. Figure 2 displays the detailed workflow of the 3D-cropbox. By removing the last layer of the pretrained model, disabling gradient updates, and adding a 3D maximum pooling layer, we extracted 2,048 deep learning features in each individual. The detailed 3DResnet50 structure can be found in the Supplementary Table 1.




Figure 2 | Detailed workflow of the 3D-cropbox. To assure that deep learning features retrieved from the 3D-cropbox are entirely tumor characteristics, the area outside the ROI will be filled with black.





Radiomics feature harmonization

CT acquisition and reconstruction parameters have a direct impact on handcrafted radiomics features. However, it is impractical to standardize platforms and parameters in advance across different institutions (11). ComBat harmonization, one of the strategies designed to deal with the batch effect, has been widely used in genomics-related research. In this study, ComBat harmonization methods are used to address the difference in extracted radiomics features originating from different image acquisition procedures.



Correlation coefficient test

The intraclass correlation coefficients and interclass correlation coefficients are utilized to determine selected features with high reproducibility and robustness in image processing setting parameters. The interclass correlation coefficient results are extracted from two independent readers who randomly selected 25% participants in the enrolled datasets. The intraclass correlation coefficient results are calculated from one reader who randomly outlined the same participants in the enrolled datasets at different times (1 month interval) (12).



Quality control methods

The quality control approach for radiomics analysis and deep learning feature extraction consists of five steps: (1) image quality control, (2) region-of-interest (ROI) quality control, (3) feature extraction quality control, (4) feature selection quality control, and (5) machine learning algorithm quality control. We follow the recommendations from the Image Biomarker Standardization Initiative (IBSI) (13). Radiomics quality scores (RQS) are adopted to assess the reliability in this research (14). Detailed quality control methods and RQS calculation results are introduced in the Supplementary File.



Statistical analysis

All ROIs are achieved through ITK-SNAP (version 3.6.0), and radiomics features extraction are executed using Pyradiomics package (version 3.0.1). The pretrained 3DResnet50 model weights come from 23 medical datasets (including brain MR images and lung CT images), which has been an open source published in Tencent’s Medicalnet project (https://github.com/Tencent/MedicalNet). Deep learning features are extracted after adding a 3D maximum pooling layer in the 3DResnet50 model. After feature extraction, the least absolute shrinkage and selection operator (LASSO) approach is selected to choose the most recognized feature subsets in the training datasets (15, 16). We use the fivefold cross-validation method to select candidate variables. Pearson correlation coefficients for normal distribution and Spearman’s rank correlation coefficients for non-normal distribution are used to identify whether redundant features existed in the primary selected radiomic features. Meanwhile, the intraclass correlation coefficients and interclass correlation coefficients are used to assess the final selected feature’s reproducibility. Fivefold cross-validation Grid Search methods are adopted for parameter tuning in the stacking model construction. Figure 3 depicts the detailed workflow in model construction. Receiver operating characteristic (ROC) curve analysis and accuracy score (ACC) are used to evaluate each model’s performance. DeLong tests are used to evaluate whether the statistical significance of area under the ROC curve (AUC) value exists in four models compared with the Bosniak 2019 version. Calibration curve is adopted to evaluate consistency performances of four models in the testing dataset. Decision curve analysis (DCA) is adopted to assess the clinical practicality. Two-sided p-value less than 0.05 is considered statistically significant. All four machine learning models are implemented using the scikit-learn package, and all statistical analysis and plot drawings are implemented using python (3.9 version) and R software (4.0.5 version).




Figure 3 | Flowchart presents the detailed procedure in fusion feature-based model construction and assessment methodology.






Results


Participants

This retrospective study was approved by both hospital ethics committees, and private information of all patients had been de-identified. Among those participants included in development cohort (The First Affiliated Hospital of Chongqing Medical University), 98 individuals were diagnosed as benign CRL and 68 individuals were diagnosed as malignant CRL. In the pathological results of testing cohort (The Second Affiliated Hospital of Chongqing Medical University), 11 individuals have malignant CRL diagnosed and 36 individuals have benign CRL diagnosed. Detailed characteristic distributions are displayed in Table 1.


Table 1 | Detailed distribution of the Bosniak 2019 classification and pathology results in the training cohort and testing cohort.





Machine learning algorithm performance in CRL classification

Figures 4 and 5 show the detailed performance of base models and stacking ensemble model, respectively. The AUC values in the base models (Random Forest, Support Vector Machine, Xgboost) and the final model all demonstrate good discriminative ability (Figure 4). The p-value in the DeLong test shows that the results of the stacking ensemble radiomics model are statistically significant when compared to the Bosniak classification (p < 0.05). Detailed performance of four machine learning models compared with the Bosniak 2019 version classification in the training and testing cohorts is displayed in Table 2. In Figure 5, all four machine learning models illustrate good calibration performance.




Figure 4 | ROC curve is adopted to evaluate the diagnostic efficacy in four models. All four models have similar and excellent performance and detailed AUC values are respectively displayed in the graph, indicating the robust performance of quantitative features after LASSO selection.






Figure 5 | Calibration curve in the testing dataset. The ideal prediction curve is represented by the black dashed line. The model is more accurate as the actual prediction curve gets closer to the dashed line. The bar chart below depicts the average distribution of four models’ predicted probabilities.




Table 2 | The performance of predictive models and the Bosniak 2019 version classification in the testing cohort and training cohort.





Clinical impact of the machine learning model compared with the Bosniak 2019 classification

DCA for four machine learning models in the testing dataset reveal that all four machine learning models deliver a higher net benefit than “none” and “all” treatment methods under most threshold probabilities (Figure 6). Meanwhile, according to the histopathologic results in the testing dataset, all four machine learning models provide a higher net benefit than the management guideline based on the Bosniak classification in terms of correctly stratifying cyst lesions into malignant renal neoplasms and benign renal masses, implying that using machine learning algorithm will provide better clinical decision support. Four instances of the final model’s performance in the testing cohort are presented in Figure 7. Detailed confusion matrixes for four machine learning models and the Bosniak classification are displayed in Supplementary Material.




Figure 6 | Decision curve analysis for four models compared with the Bosniak 2019 version in testing datasets. The net benefit is represented on the y-axis and the corresponding threshold probability is represented on the x-axis. The stacking model is represented by the red line. The Bosniak 2019 version is represented by the yellow line. All machine learning models present better performance and offered more net benefit than the Bosniak model.






Figure 7 | Nephrographic phase images for four cystic renal lesions in the testing datasets. Cystic renal lesion in (A) is benign 2019 Bosniak II lesion and cystic renal lesion in (C) is identified as clear cell renal cell carcinoma according to the histopathologic results after surgery, which stacking model properly predicted as cystic renal neoplasms. Cystic renal lesion in (B, D) are classified as 2019 Bosniak IIF, which are accurately identified as benign CRL by the stacking machine learning model.






Discussion

Although the updated Bosniak classification system has a close correlation with cystic renal tumors, it has limits when analyzing the pathological results of Bosniak IIF, III, and IV classified CRLs, leading to inappropriate surgical operations and excessive follow-up costs. Identifying low-risk Bosniak classified CRLs can help prevent overtreatment and an increase in healthcare costs (17, 18). Previous findings suggested that the progression of Bosniak IIF cystic renal masses was 4 years (19). The high-risk Bosniak CRL had a quick progression that required radical nephrectomy rather than inappropriate surgical procedures like renal cyst decortication (20, 21). In this retrospective study, using stacking ensemble machine learning methods, we achieved excellent diagnostic performance in discriminating benign CRLs from malignant CRLs, which outperformed the Bosniak classification system. In the final model, we included 19 reproducible and discriminating radiomics features and 5 deep learning features, which displayed robust and consistent performance between cross-validation datasets and testing datasets.

The following elements contribute to the stacking ensemble model’s reliability (1): The research procedure adheres to IBSI guidelines. (2) By using histopathologic examinations as diagnostic criterion, the diagnostic accuracy in this study is confirmed. (3) A stacking ensemble machine learning algorithm prevents overfitting in the training dataset. (4) In the testing step, the stacking model shows good diagnostic performance. (5) The RQS analysis results of this study was 16, which indicated that the quality of this radiomics study was reliable and reproducible. The points were accumulated by adhering to the following criteria: image protocol quality compliance (+1), feature reduction or adjustment for multiple testing compliance (+3), discrimination method with resampling method compliance (+2), calibration statistics method compliance (+1), validation from another institute compliance (+3), comparison to “gold standard” compliance (+2), potential clinical utility (+2), open-sourced code (+1), and open-sourced radiomics features compliance (+1). The updated 2019 version of the Bosniak classification intends to address inter-reader variability and improve diagnostic performance in predicting malignancy CRL. However, the proposed classification ability has yet to be confirmed (22). In this study, two different well-trained readers still disagreed on some CRL issues. In contrast, the stacking decision algorithm demonstrated strong and consistent performance without requiring subjective judgment across the testing datasets.

Many earlier studies have shown that machine learning approaches can be used to stratify CRL (23, 24). However, only a few studies rely on pathology as the diagnostic criteria (25). Miskin et al. used a CT texture-based machine learning method to distinguish CRLs as benign cysts and potentially malignant cysts based on cystic renal mass reclassification using the Bosniak 2019 version (26). However, the Bosniak classification does not have a precise pathological standard, and benign lesions may still be present in these potentially malignant groups, which limited the clinical value. Recently, Reinhold et al. used a CT-based radiomics model with a clinical decision algorithm to distinguish malignant CRLs from CRLs (27). However, they defined benign CRLs as non-imaging changes over 4 years’ follow-up rather than pathological diagnostic criteria that could lead to actual biases, and the ability to distinguish benign from malignant CRLs remains debatable since benign CRLs were not defined by a pathological standard. In this study, all included CRLs have postoperative pathological results, which ensured that the model performance was reliable. Stacking algorithms demonstrated high specificity and sensibility, which may potentially impact clinical practice when radiologists or urologists try to evaluate and determine the right surgical procedure for CRLs.

Although the final machine learning model effectively predicted the outcome of CRL pathology, several limitations should also be mentioned. First, limited by the clinical sample size of CRLs, the diagnostic performance of our machine learning model in large samples still needs to be validated while testing datasets were used in this work. Second, we adopted nephrographic phase CT images to build the machine learning algorithm rather than using triple-phase CT images. In the Bosniak 2019 version, MRI standard features were formally added, whereas there is very little research focusing on renal cysts’ textural features in MR images (28, 29). Previous studies have shown that using renal mass protocol MRI (with subtraction images) can help identify whether there are underlying enhancing features related to malignancy (2, 30). Nephrographic phase CT images and corticomedullary phase CT images for the radiomics model all demonstrated good discriminatory capability when compared with the Bosniak 2019 version categories (31). Future studies could attempt to integrate the triple-phase CT images and MR images by sequence-to-sequence models like the recurrent neural network (RNN) and vision transformer (VIT) (32, 33). Meanwhile, cystic nephroma is typically prevalent in female patients aged 50 to 60 years, which indicates that clinical variables such as age and gender may be potential predictors, and a mixture model that combines radiomics features with clinical features may further improve diagnostic performance (34).



Conclusion

In summary, a stacking fusion feature-based machine learning meta model demonstrates good discrimination capability in stratifying malignant cystic renal neoplasms in CRLs across the testing datasets, which will be beneficial in diagnosing malignant CRLs at a curable stage, reducing overdiagnosis and overtreatment in CRLs.



Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



Ethics statement

Written informed consent was not obtained from the individual(s) for the publication of any potentially identifiable images or data included in this article.



Author contributions

Q-HH and HT contributed equally to this work and share the first authorship. Q-HH, HT, F-JL, and Y-NZ designed the study; Q-HH, HT, and F-TL performed the experiments and collected the data. Q-HH analyzed the data and wrote the manuscript. M-ZX and QJ reviewed and edited the manuscript. All authors read and approved the final manuscript.



Funding

This study was supported by the National Key Research and Development Project, No. 2020YFC2005900.



Acknowledgments

We appreciate all radiologists and related staff in the First Affiliated Hospital of Chongqing Medical University for their assistance in data collection and ROI sketching.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2022.1028577/full#supplementary-material



References

1. Moch, H, Cubilla, AL, Humphrey, PA, Reuter, VE, and Ulbright, TM. The 2016 who classification of tumours of the urinary system and Male genital organs-part a: Renal, penile, and testicular tumours. Eur Urol (2016) 70(1):93–105. doi: 10.1016/j.eururo.2016.02.029

2. Hu, EM, Zhang, A, Silverman, SG, Pedrosa, I, Wang, ZJ, Smith, AD, et al. Multi-institutional analysis of ct and mri reports evaluating indeterminate renal masses: Comparison to a national survey investigating desired report elements. Abdom Radiol (2018) 43(12):3493–502. doi: 10.1007/s00261-018-1609-x

3. Smith, AD, Allen, BC, Sanyal, R, Carson, JD, Zhang, H, Williams, JH, et al. Outcomes and complications related to the management of bosniak cystic renal lesions. AJR Am J roentgenol (2015) 204(5):W550–6. doi: 10.2214/ajr.14.13149

4. Dana, J, Gauvin, S, Zhang, M, Lotero, J, Cassim, C, Artho, G, et al. Ct-based bosniak classification of cystic renal lesions: Is version 2019 an improvement on version 2005? Eur Radiol (2022). doi: 10.1007/s00330-022-09082-x

5. Yang, B, Qiu, C, Wan, S, Liu, J, Li, Q, Mai, Z, et al. Long-term follow-up study of the malignant transformation potential of the simple renal cysts. Trans Androl Urol (2020) 9(2):684–9. doi: 10.21037/tau.2020.03.29

6. Soputro, NA, Kapoor, J, Zargar, H, and Dias, BH. Malignant ascites following radical nephrectomy for cystic renal cell carcinoma. BMJ Case Rep (2021) 14(7):e243103. doi: 10.1136/bcr-2021-243103

7. Schoots, IG, Zaccai, K, Hunink, MG, and Verhagen, P. Bosniak classification for complex renal cysts reevaluated: A systematic review. J Urol (2017) 198(1):12–21. doi: 10.1016/j.juro.2016.09.160

8. Yan, JH, Chan, J, Osman, H, Munir, J, Alrasheed, S, Flood, TA, et al. Bosniak classification version 2019: Validation and comparison to original classification in pathologically confirmed cystic masses. Eur Radiol (2021) 31(12):9579–87. doi: 10.1007/s00330-021-08006-5

9. Spiesecke, P, Reinhold, T, Wehrenberg, Y, Werner, S, Maxeiner, A, Busch, J, et al. Cost-effectiveness analysis of multiple imaging modalities in diagnosis and follow-up of intermediate complex cystic renal lesions. BJU Int (2021) 128(5):575–85. doi: 10.1111/bju.15353

10. Corrias, G, Micheletti, G, Barberini, L, Suri, JS, and Saba, L. Texture analysis imaging “What a clinical radiologist needs to know”. Eur J Radiol (2022) 146:110055. doi: 10.1016/j.ejrad.2021.110055

11. Hu, Y, Xie, C, Yang, H, Ho, JWK, Wen, J, Han, L, et al. Computed tomography-based deep-learning prediction of neoadjuvant chemoradiotherapy treatment response in esophageal squamous cell carcinoma. Radiother Oncol (2021) 154:6–13. doi: 10.1016/j.radonc.2020.09.014

12. Pleil, JD, Wallace, MAG, Stiegel, MA, and Funk, WE. Human biomarker interpretation: The importance of intra-class correlation coefficients (Icc) and their calculations based on mixed models, anova, and variance estimates. J Toxicol Environ Health Part B Crit Rev (2018) 21(3):161–80. doi: 10.1080/10937404.2018.1490128

13. Zwanenburg, A, Vallières, M, Abdalah, MA, Aerts, H, Andrearczyk, V, Apte, A, et al. The image biomarker standardization initiative: Standardized quantitative radiomics for high-throughput image-based phenotyping. Radiology (2020) 295(2):328–38. doi: 10.1148/radiol.2020191145

14. Lambin, P, Leijenaar, RTH, Deist, TM, Peerlings, J, de Jong, EEC, van Timmeren, J, et al. Radiomics: The bridge between medical imaging and personalized medicine. Nat Rev Clin Oncol (2017) 14(12):749–62. doi: 10.1038/nrclinonc.2017.141

15. Perez-Ortiz, M, Gutierrez, PA, Tino, P, and Hervas-Martinez, C. Oversampling the minority class in the feature space. IEEE Trans Neural Networks Learn Syst (2016) 27(9):1947–61. doi: 10.1109/tnnls.2015.2461436

16. Vasquez, MM, Hu, C, Roe, DJ, Chen, Z, Halonen, M, and Guerra, S. Least absolute shrinkage and selection operator type methods for the identification of serum biomarkers of overweight and obesity: Simulation and application. BMC Med Res Method (2016) 16(1):154. doi: 10.1186/s12874-016-0254-8

17. Campbell, SC, Clark, PE, Chang, SS, Karam, JA, Souter, L, and Uzzo, RG. Renal mass and localized renal cancer: Evaluation, management, and follow-up: Aua guideline: Part I. J Urol (2021) 206(2):199–208. doi: 10.1097/ju.0000000000001911

18. Campbell, SC, Uzzo, RG, Karam, JA, Chang, SS, Clark, PE, and Souter, L. Renal mass and localized renal cancer: Evaluation, management, and follow-up: Aua guideline: Part ii. J Urol (2021) 206(2):209–18. doi: 10.1097/ju.0000000000001912

19. Boissier, R, Ouzaid, I, Nouhaud, FX, Khene, Z, Dariane, C, Chkir, S, et al. Long-term oncological outcomes of cystic renal cell carcinoma according to the bosniak classification. Int Urol Nephrol (2019) 51(6):951–8. doi: 10.1007/s11255-019-02085-6

20. Huang, Z, Wang, H, and Ji, Z. Giant polycystic papillary renal cell carcinoma: A case report and literature review. Front Oncol (2022) 12:876217. doi: 10.3389/fonc.2022.876217

21. Xv, Y, Lv, F, Guo, H, Liu, Z, Luo, D, Liu, J, et al. A ct-based radiomics nomogram integrated with clinic-radiological features for preoperatively predicting Who/Isup grade of clear cell renal cell carcinoma. Front Oncol (2021) 11:712554. doi: 10.3389/fonc.2021.712554

22. Pacheco, EO, Torres, US, Alves, AMA, Bekhor, D, and D’Ippolito, G. Bosniak classification of cystic renal masses version 2019 does not increase the interobserver agreement or the proportion of masses categorized into lower bosniak classes for non-subspecialized readers on ct or Mr. Eur J Radiol (2020) 131:109270. doi: 10.1016/j.ejrad.2020.109270

23. Gillingham, N, Chandarana, H, Kamath, A, Shaish, H, and Hindman, N. Bosniak iif and iii renal cysts: Can apparent diffusion coefficient-derived texture features discriminate between malignant and benign iif and iii cysts? J Comput assist tomogr (2019) 43(3):485–92. doi: 10.1097/rct.0000000000000851

24. Lee, Y, Kim, N, Cho, KS, Kang, SH, Kim, DY, Jung, YY, et al. Bayesian Classifier for predicting malignant renal cysts on mdct: Early clinical experience. AJR Am J roentgenol (2009) 193(2):W106–11. doi: 10.2214/ajr.08.1858

25. Li, Y, Dai, C, Bian, T, Zhou, J, Xiang, Z, He, M, et al. Development and prospective validation of a novel weighted quantitative scoring system aimed at predicting the pathological features of cystic renal masses. Eur Radiol (2019) 29(4):1809–19. doi: 10.1007/s00330-018-5722-6

26. Miskin, N, Qin, L, Matalon, SA, Tirumani, SH, Alessandrino, F, Silverman, SG, et al. Stratification of cystic renal masses into benign and potentially malignant: Applying machine learning to the bosniak classification. Abdom Radiol (New York) (2021) 46(1):311–8. doi: 10.1007/s00261-020-02629-w

27. Dana, J, Lefebvre, TL, Savadjiev, P, Bodard, S, Gauvin, S, Bhatnagar, SR, et al. Malignancy risk stratification of cystic renal lesions based on a contrast-enhanced ct-based machine learning model and a clinical decision algorithm. Eur Radiol (2022) 32(6):4116–27. doi: 10.1007/s00330-021-08449-w

28. Ferreira, AM, Reis, RB, Kajiwara, PP, Silva, GEB, Elias, J, and Muglia, VF. Mri evaluation of complex renal cysts using the bosniak classification: A comparison to ct. Abdom Radiol (2016) 41(10):2011–9. doi: 10.1007/s00261-016-0797-5

29. Krishna, S, Schieda, N, Pedrosa, I, Hindman, N, Baroni, RH, Silverman, SG, et al. Update on mri of cystic renal masses including bosniak version 2019. J magn reson Imaging JMRI (2021) 54(2):341–56. doi: 10.1002/jmri.27364

30. Davenport, MS, Hu, EM, Smith, AD, Chandarana, H, Hafez, K, Palapattu, GS, et al. Reporting standards for the imaging-based diagnosis of renal masses on ct and mri: A national survey of academic abdominal radiologists and urologists. Abdom Radiol (2017) 42(4):1229–40. doi: 10.1007/s00261-016-0962-x

31. Zhang, Y, Zhao, Y, Lv, Y, and Gu, X. Value of quantitative ctta in differentiating malignant from benign bosniak iii renal lesions on ct images. J Comput assist tomogr (2021) 45(4):528–36. doi: 10.1097/rct.0000000000001181

32. van Griethuysen, JJM, Fedorov, A, Parmar, C, Hosny, A, Aucoin, N, Narayan, V, et al. Computational radiomics system to decode the radiographic phenotype. Cancer Res (2017) 77(21):e104–e7. doi: 10.1158/0008-5472.Can-17-0339

33. Han, K, Wang, Y, Chen, H, Chen, X, Guo, J, Liu, Z, et al. A survey on vision transformer. IEEE Trans Pattern Anal Mach Intell (2022). doi: 10.1109/tpami.2022.3152247

34. Terada, N, Arai, Y, Kinukawa, N, Yoshimura, K, and Terai, A. Risk factors for renal cysts. BJU Int (2004) 93(9):1300–2. doi: 10.1111/j.1464-410X.2004.04844.x



Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 He, Tan, Liao, Zheng, Lv, Jiang and Xiao. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.




ORIGINAL RESEARCH

published: 27 October 2022

doi: 10.3389/fonc.2022.978164

[image: image2]


Ultrasound super-resolution imaging for the differential diagnosis of thyroid nodules: A pilot study


Ge Zhang 1,2†, Jing Yu 1†, Yu-Meng Lei 1, Jun-Rui Hu 3, Hai-Man Hu 4, Sevan Harput 5, Zhen-Zhong Guo 2*, Xin-Wu Cui 6* and Hua-Rong Ye 1*


1 Department of Medical Ultrasound, China Resources & Wisco General Hospital, Wuhan University of Science and Technology, Wuhan, China, 2 Hubei Province Key Laboratory of Occupational Hazard Identification and Control, Wuhan University of science and technology, Wuhan, China, 3 Department of Chemistry and Chemical Engineering, Queen’s University Belfast, Belfast, United Kingdom, 4 Department of Electrical and Electronic Engineering, Hubei University of Technology, Wuhan, China, 5 Department of Electrical and Electronic Engineering, London South Bank University, London, United Kingdom, 6 Department of Medical Ultrasound, Tongji Hospital, Tongji Medical College, Huazhong University of Science and Technology, Wuhan, China




Edited by: 

Damiano Caruso, Sapienza University of Rome, Italy

Reviewed by: 

Natalia D Gladkova, Privolzhsky Research Medical University (PIMU), Russia

Fajin Dong, Jinan University, China

*Correspondence: 

Hua-Rong Ye
 yehuarong@hotmail.com

Xin-Wu Cui
 cuixinwu@live.cn
 Zhen-Zhong Guo
 zhongbujueqi@hotmail.com


†These authors have contributed equally to this work and share first authorship

Specialty section: 
 This article was submitted to Cancer Imaging and Image-directed Interventions, a section of the journal Frontiers in Oncology


Received: 25 June 2022

Accepted: 12 October 2022

Published: 27 October 2022

Citation:
Zhang G, Yu J, Lei Y-M, Hu J-R, Hu H-M, Harput S, Guo Z-Z, Cui X-W and Ye H-R (2022) Ultrasound super-resolution imaging for the differential diagnosis of thyroid nodules: A pilot study. Front. Oncol. 12:978164. doi: 10.3389/fonc.2022.978164




Objective

Ultrasound imaging provides a fast and safe examination of thyroid nodules. Recently, the introduction of super-resolution imaging technique shows the capability of breaking the Ultrasound diffraction limit in imaging the micro-vessels. The aim of this study was to evaluate its feasibility and value for the differentiation of thyroid nodules.



Methods

In this study, B-mode, contrast-enhanced ultrasound, and color Doppler flow imaging examinations were performed on thyroid nodules in 24 patients. Super-resolution imaging was performed to visualize the microvasculature with finer details. Microvascular flow rate (MFR) and micro-vessel density (MVD) within thyroid nodules were computed. The MFR and MVD were used to differentiate the benign and malignant thyroid nodules with pathological results as a gold standard.



Results

Super-resolution imaging (SRI) technique can be successfully applied on human thyroid nodules to visualize the microvasculature with finer details and obtain the useful clinical information MVD and MFR to help differential diagnosis. The results suggested that the mean value of the MFR within benign thyroid nodule was 16.76 ± 6.82 mm/s whereas that within malignant thyroid was 9.86 ± 4.54 mm/s. The mean value of the MVD within benign thyroid was 0.78 while the value for malignant thyroid region was 0.59. MFR and MVD within the benign thyroid nodules were significantly higher than those within the malignant thyroid nodules respectively (p < 0.01).



Conclusions

This study demonstrates the feasibility of ultrasound super-resolution imaging to show micro-vessels of human thyroid nodules via a clinical ultrasound platform. The important imaging markers, such as MVD and MFR, can be derived from SRI to provide more useful clinical information. It has the potential to be a new tool for aiding differential diagnosis of thyroid nodules.





Keywords: thyroid nodule, super-resolution, ultrasound imaging, microbubble, contrast-enhanced ultrasound



Introduction

Thyroid nodules are very common all over the world (1, 2). The main objective of the thyroid nodules-diagnosis is to distinguish malignant nodules from benign ones. Ultrasound (US) is a primary medical imaging tool in determining the risk stratification of thyroid nodules, which is critical for clinical management of thyroid nodules, which offers guidance for the application of fine-needle aspiration (FNA), as well as treatment decisions in patients with thyroid nodules (3, 4). Malignant US imaging patterns of thyroid nodules including solid composition, ill-defined margins, hypoechogenicity, microcalcifications, taller than wide and a lack of “halo” have been widely defined in previous studies (5).

Thyroid Imaging Reporting and Data System (TI-RADS), as the most used ultrasound-based malignancy risk stratification systems of thyroid nodules, is not enough to exclude or confirm thyroid malignancy sensitively and specifically (6, 7). TI-RADS classification is largely affected by the inter-observer variability, which results in suboptimal sensitivity and specificity (8). Furthermore, atypical benign and malignant nodules, especially TI-RADS 3 and 4 nodules, have a certain overlap in patterns during the routine US examination. These overlaps can easily lead to misdiagnosis of diseases and thus challenges for clinicians. Therefore, it is particularly important to explore a new way to accurately diagnose benign and malignant nodules.

Vascular distribution and flow characteristics within the nodule are broadly believed to play an important role in determining tumor characteristics (9). A number of scholars believe that angiogenesis has a great importance for distinguishing benign and malignant thyroid nodules. Micro-vessel density (MVD) has been regarded as the gold standard for the evaluation of tumor angiogenesis (10). Furthermore, some studies have indicated that counting micro-vessels may reflect local extrathyroidal and vascular invasion (11). Jiang performed immunohistochemical staining for CD31 and CD34 to obtain MVD on 122 thyroid nodules with different pathological types. The results showed the MVD in benign thyroid nodules was significantly higher than that in malignant thyroid nodules (12). Considering the invasiveness of acquiring MVD in this way, a new method to obtain micro-vessel density in thyroid nodules non-invasively still requires further exploration.

Color Doppler flow imaging (CDFI) is a widely used US blood flow imaging since the motion of red blood cells acting as scatterers. However, only relatively fast flow (larger than 1 cm/s) in the large vessels can be detected (13). Thus, CDFI is not an ideal imaging approach to observe the microvasculature and also the relatively slow flows in these micro-vessels. In the last several decades, the application of contrast-enhanced ultrasound (CEUS) on thyroid-related diseases has greatly improved. CEUS can significantly enhance the US contrast echo of the bloodstream, nevertheless, the imaging resolution of CEUS is still limited by the diffraction limit of US applied (14). Therefore, CEUS is still insufficient to observe the microvasculature at the capillary level and also the microvascular flow rate (MFR) within the micro-vessels. Besides, no guidelines recommend CDFI and CEUS as a routine method for US risk stratification of thyroid nodules (15–17).

In the last few years, inspired by optical super-resolution imaging (SRI), US SRI technique can bypass the compromise between penetration and resolution as the conventional US imaging is limited in image resolution by the diffraction to the scale of wavelength. After the injection of a low concentration of microbubble contrast agents, spatially isolated microbubbles can be localized, and their displacement can be tracked within a subwavelength resolution (18, 19). Therefore, US SRI and super-resolved velocity map (SRVM) can be generated at such a submicron scale, providing possibility to bridge the gap between multiple imaging techniques and histopathology (20, 21). After the generation of US SRI and SRVM, a number of useful clinical parameters could be derived from them, such as MVD and MFR. These clinical parameters could effectively help clinicians for clinical decision-making and also the disease managements. US SRI was firstly demonstrated in vitro using a single micro-channel in 2011 to show that US SRI could remarkably break the inherent diffraction limit (22). US SRI technique was then implemented in the mouse ear in 2015. This study firstly introduced the concept of SRVM and showed that the magnitude and direction of flow velocity within the microvasculature can be derived (23). Moreover, US SRI was demonstrated in the rat brain (18) and a cancer model (24) respectively to show its potential to be a useful tool for a more comprehensive understanding and diagnostics of various disease progressions that alter the microvascular blood flow.

To our best knowledge, there have been no studies on the performance of SRI in discriminating between benign and malignant thyroid nodules. This study intended to explore whether SRI technique could image micro-vessels in thyroid nodules. Based on this, the CEUS images obtained by a low concentration of microbubble injection were used to perform US SRI processing. MFR and MVD within the thyroid area were further calculated to probe a new technical method for distinguishing benign and malignant thyroid nodules.



Materials and methods


Clinical data acquisition

From November 2021 to December 2021, 24 patients with thyroid nodules were enrolled (comprising 24 thyroid nodules that were classified as TI-RADS category 3 or 4). Patients aged ≥ 18 years with solid thyroid nodules that were > 5 mm in maximum diameter can be included in the study. Potential patients with any of the following conditions: large calcifications of the nodule with posterior acoustic shadow; previous medication, radiation, or surgery of the thyroid; hyperthyroidism, thyroiditis; or currently pregnant were excluded. All 24 thyroid nodules in 24 patients were diagnosed based on histopathological results from surgical excision or FNA. This study was approved by the Institutional Review Board of China Resources & Wisco General Hospital (approval number: HRWGZYY20210021). Written informed consent was obtained from each patient who underwent CEUS examinations.

All the ultrasound examinations were conducted by one senior radiologist who has received standardized training of thyroid nodules before collecting materials in this study. All patients underwent B-mode, CDFI and CEUS imaging respectively with an US platform (Resona 9s, Mindray Bio-Medical Electronics Co. Ltd., Shenzhen, China) and an L14-5WU linear array transducer (9.0 MHz center frequency, bandwidth 4 MHz - 14 MHz). During the scanning, the patients were asked to be supine and to expose the neck fully. The thyroid nodules were scanned in transverse and longitudinal sections. The patients were asked to avoid swallowing and hold their breath briefly during the scan to avoid the motion. According to the TI-RADS classification, the location, size, composition, echogenicity, margins, calcifications, and shape of thyroid nodules were observed and recorded, and then the nodules were assigned into different TI-RADS categories according to their total scores. Meanwhile, CDFI was also conducted to observe the blood flow and vascular morphology in and around the nodules. All the image datasets were acquired respectively at the same plane with the most abundant blood supply in each nodule.

For the SRI data acquisition, a low concentration of SonoVue (Bracco, Milan, Italy) microbubble solution was injected intravenously as a bolus of 0.1 mL as this technique requires to localize spatially isolated individual microbubble signals. Real-time dual-mode images (B-mode and CEUS) were utilized to guide the image plane and observe the microbubble signals after the injection. For each dataset, more than 1,500 images were acquired at a frame rate of 80 Hz. A mechanical index (MI) of 0.08 was used to avoid the microbubble destruction during the CEUS examinations. The other imaging parameters were set on the US system as follows: gain 10 dB, dynamic range 100. A stack of several thousands of US images was obtained for thyroid nodules for further US SRI processing. For each dataset, the pathological results received from biopsy and quantifications achieved from US SRI were compared.

For the routine CEUS examination, 2.4 mL of SonoVue was rapidly injected intravenously followed by a 5 mL of physiological saline solution to flush and promote the perfusion of the contrast agent in the blood vessels. The other imaging parameters remained the same as the previous SR examination. The data acquisition pipeline is shown in Figure 1.




Figure 1 | Data acquisition pipeline. A low concentration of microbubbles (0.1 mL) was injected to acquire B-mode and CEUS datasets for further US SRI processing. Then a routine concentration of microbubbles (2.4 mL) was injected to acquire B-mode, CEUS and CDFI datasets for US characteristics of thyroid nodules.





Ultrasound imaging processing

The image data was obtained via the clinical US platform. The super-localization processing was performed offline using MATLAB (version R2021b; MathWorks Inc., Natick, MA, USA). A previous established two-stage motion correction (25–27) was applied to correct the tissue motion during the scanning.

For each dataset, a singular value decomposition (SVD) processing technique was used to filter out the tissue signal and retain the microbubble signals. Super-Localization processing was performed on each frame after setting an image pixel value threshold to reject the noise and detect potential microbubble signals. Each observed point spread function (PSF) was compared with a calibration PSF according to their area (A), intensity (I), and shape/eccentricity (E). These parameters were used to discard potential non-microbubble signals and noises. All the observed PSFs with the corresponding three attributes were summarized into three matrices. All the values were normalized in each matrix. The location of each spatially isolated microbubbles was calculated by the “centroid” method. The centroid of each localized microbubble was computed by its intensity-weighted center of mass. All the localizations from all the images were assembled into the final SRI (28).

The MFR was calculated based on the region of interest (ROI) which was manually drawn on MATLAB referring to the contours of benign and malignant thyroid nodules on both the B-mode image and the corresponding SRVM. To compute the MFR, the tracking method computes the best correlated bubble signals within a search window between neighboring images. Briefly, each microbubble detected in the image H and each of the microbubbles in the image H+1 was recorded within a search window. Since the frame rated of 80 Hz was used, 800 micrometers was set as the maximum search window so that flow rate up to 15 mm/s can be tracked. For each signal in the frame H, a paired signal in the image H+1 was identified if they have the maximum normalized cross-correlation value above a determined threshold of 0.8. The distribution of microvascular flow rate was visualized by the histogram of microbubble velocities.

The MVD was defined as tracked microbubble area divided by the ROI area. The ROI was also manually drawn on MATLAB referring to the contours of benign and malignant thyroid nodules on both the B-mode image and the corresponding SRI. The post-processing flow chart used in this study is shown in Figure 2.




Figure 2 | Post-processing flow chart to compute US SRI and the corresponding parameters. Motion estimation is performed on the original B-mode dataset, the generated transformation matrix is applied on the corresponding CEUS dataset to compensate for the movements. Then the bubble signals are detected and tracked over frames to compute the final SR images.





Statistical analysis

Results were expressed as the mean ± standard deviation. Statistical significance was analyzed using the two-sample t-test. All the continuous variables conformed to a normal distribution. A chi-square test was performed for independence to observe if two variables are related. A p value smaller than 0.05 was regarded to suggest statistical significance; a p-value smaller than 0.01, strong significance; and a p value smaller than 0.001, high significance.




Results


Ultrasound images of thyroid nodules

As shown in Table 1, clinical information, and grayscale US characteristics of 24 thyroid nodules who underwent thyroid imaging from the China Resources & WISCO General Hospital medical records database (12 cases in each group of benign and malignant groups) were obtained. 24 TI-RADS category 3 and 4 thyroid nodules were identified as 12 malignant thyroid nodules and 12 benign nodules via the pathological results; all malignant nodules were papillary carcinomas (n = 12). Benign nodules included: thyroid adenoma (n = 6), nodular goiter (n = 5), and 1 other (subacute thyroiditis, n = 1). The gender, age, nodule size and composition were not found to differ significantly between malignant and benign nodules (p > 0.05). Among the sonographic features, hypoechogenicity or marked hypoechogenicity and microcalcification and aspect ratio had statistic differences between malignant and benign nodules (p < 0.05).


Table 1 | Patient clinical information and grayscale US characteristics of thyroid nodules for 24 patients.



Various imaging techniques were performed to depict the microvasculature of benign and malignant thyroid nodules on human. SRI was also performed to visualize the microvasculature. Each moving isolated microbubble in the representative benign and malignant thyroid nodules was tracked locally to generate SRI and super-resolved velocity map (Videos 1, 2). Figure 3 above showed the B-mode and the corresponding CDFI, CEUS and SRI and SRVM images of the representative benign (A-E) and malignant (F-J) thyroid nodule respectively. Figure 4 showed two zoomed-in sections of the benign thyroid nodule in Figures 3A–E as the white and yellow boxes indicated in Figures 3A–E respectively. Figure 5 showed two zoomed-in sections of the malignant thyroid nodule in Figures 3F–J as the white and yellow boxes indicated in Figures 3F-J respectively.




Figure 3 | US images of the representative benign and malignant thyroid nodules. (A) B-mode image of the benign thyroid nodule. (B) CDFI images show the flow within the benign thyroid nodules. (C) CEUS image shows the accumulation of microbubbles along the frames within the benign thyroid nodule. (D) SRI shows the microvasculature within the benign thyroid nodule. (E) SRVM shows the flow velocity within the benign thyroid nodule. (F) B-mode image of the malignant thyroid nodule. (G) CDFI images show the flow within the malignant thyroid nodules. (H) CEUS image shows the accumulation of microbubbles along the frames within the malignant thyroid nodule. (I) SRI shows the microvasculature within the malignant thyroid nodule. (J) SRVM shows the flow velocity within the malignant thyroid nodule.






Figure 4 | Two zoomed-in sections showing the detailed comparisons of benign thyroid nodule between (A, F) B-mode, (B, G) CDFI, (C, H) CEUS, (D, I) SRI and (E, J) SRVM as the white and yellow boxes indicated in Figures 3A–E.






Figure 5 | Two zoomed-in sections showing the detailed comparisons of malignant thyroid nodule between (A, F) B-mode, (B, G) CDFI, (C, H) CEUS, (D, I) SRI and (E, J) SRVM as the white and yellow boxes indicated in Figures 3F–J.



For CDFI, various flow patterns can be observed in both benign and malignant thyroid nodules, which include spotty, short lines, branching, and tortuous. Moreover, only large vessels with relatively fast blood flows can be observed as CDFI technique was not sensitive enough to visualize the microvascular flow. However, SRVM can visualize the microvascular flow with finer details and reveal the MFR within the microvasculature clearly whereas CDFI cannot as demonstrated in Figures 4B, E, G, J and 5B, E, G, J. Similar to CDFI, in the SRVM, the red color represented the relatively high flow rate and blue color represented the relatively low flow rate. It should be noted that a number of microvascular flow patterns shown in SRVM cannot be observed in CDFI.

For CEUS, after the injection of microbubble solution, the CEUS images showed an iso-enhancement pattern in the benign thyroid nodule and a heterogeneous hypo-enhancement pattern in malignant thyroid nodule. Microvasculature cannot be clearly seen on CEUS since the image resolution is inherently limited by the US transmission frequency. After super-localization processing, SRI can reveal the microvasculature within the thyroid nodule with much greater detail. Two adjacent micro-vessels cannot be observed on CEUS whereas they can be clearly seen in SRI as demonstrated in Figures 4C, D and 5C, D. Additionally, the tortuosity of individual micro-vessels was clearly reflected in SRI as SRI offered a better image resolution which could distinguish adjacent micro-vessels. However, it is challenging to observe tortuosity of individual micro-vessels in CEUS as the contrast signal of two adjacent micro-vessels may overlap together into a large vessel as shown in (Figures 4C, D, H, I and 5C, D, H, I).



Quantification of ultrasound super-resolution imaging

The MFR and MVD in both benign and malignant thyroid nodules were quantified respectively as shown in Figure 6 and Table 2. The mean value of the MFR in benign thyroid nodule region was 16.76 ± 6.82 mm/s whereas that in malignant thyroid region was 9.86 ± 4.54 mm/s. The mean value of the MVD in benign thyroid region was 0.78 while the value for malignant thyroid region was 0.59. A chi-square test was performed for independence to observe if two variables are related. A p value of < 0.001 suggests that two variables are related. The results showed that MFR and MVD within the benign thyroid nodules were 41.2% and 24.4% significantly higher than those within the malignant thyroid nodules respectively.




Figure 6 | Quantification of (A) MFR and (B) MVD in both benign and malignant thyroid nodules. *** represents that there is a highly significant difference between two groups (p-value < 0.001).




Table 2 | Chi-square test for MVD and MFR.






Discussion

In this study, we utilized a novel US SRI technique to visualize the microvasculature and the corresponding microvascular flow rate within thyroid nodules. Compared with conventional CDFI and CEUS modalities, SRI could reveal more blood flow information within thyroid nodules; our results demonstrate the feasibility of using SRI to visualize microvasculature in human thyroid nodules. In addition, US SRI is capable of generating maps of microvascular morphology and blood flow velocity with a capillary-level image resolution. These features allow for a detailed analysis of local hemodynamics within the thyroid region, showing that the MFR and MVD within benign thyroid nodules are significantly higher than those within malignant thyroid nodules. This work may provide new important imaging markers for clinicians to differentiate benign and malignant thyroid nodules based on the microhemodynamics of thyroid nodules. For the first time as far as we are aware, US SRI technique was applied to help differentiate the benign and malignant thyroid nodules in patients with a clinically available US system and scanner. Image features, such as MFR and MVD, computed from the US SRI were evaluated to differentiate the benign and malignant thyroid nodules.

Previous studies examining vascularity within thyroid nodules by CDFI to differentiate benign from malignant thyroid nodules have shown controversial results. By analyzing 698 thyroid nodules of multiple studies, the results showed that 55.56% of the studies showed increased vascularity in malignant thyroid nodules, while the remaining studies showed no difference or even a decrease (29). The possible reasons for this discrepancy may be the differences in nodule size and pathological type. These different manifestations of vascularity in the benign and malignant thyroid nodules limit the application of CDFI in the differentiation of benign and malignant nodules. Our results demonstrated no significant difference was showed in blood flow patterns between benign and malignant thyroid nodules as showed in Figure 3. This diagnostic variability may be since CDFI cannot overcome the diffraction limit of ultrasound to truly reveal intra-nodular microvascular information (14).

CEUS makes up for deficiencies of conventional B-mode ultrasound and CDFI for imaging various diseases (30). The main adding value of CEUS is the visualization of sequence and intensity of vascular perfusion and hemodynamics. However, to date, no specific contrast enhancement pattern can be used to diagnose benign and malignant thyroid nodules alone (31). Widely accepted CEUS enhancement patterns for diagnosing malignant thyroid nodules include the following criterion: hypo-enhancement, heterogeneous and slow wash-in and wash-out curve lower than in normal thyroid tissue. The pathological basis may be related to the malignant nodules’ complex neovascularization. Once the tumor grows beyond the newly formed vasculature, necrosis and embolism may occur in the tumor, resulting in an uneven enhancement or low enhancement pattern (5, 12, 32). Combining CEUS and quantitative analysis, our results also showed that malignant thyroid nodules tend to have low enhancement or uneven enhancement but without statistical difference. This may be due to the small sample size. Despite the high sensitivity and specificity of CEUS in diagnosing nodules, there is still a 12.5% missed diagnosis rate and a 13.67% misdiagnosis rate (5). Thus, a new method to obtain vascular distribution and flow characteristics in thyroid nodules non-invasively still requires further exploration.

US SRI has shown the capability to noninvasively visualize and quantify microvascular structures and blood flow dynamics with resolution below the wave diffraction limit (33–35). A large number of previous studies have demonstrated the capability of applying US SRI technique in-vitro and in various animals (23, 28, 34, 36). Recently, several studies have shown that, US SRI technique can be successfully applied on human brain and kidney to further help clinicians for medical diagnosis (37–39). In 2018, first-in-human applications of the US SRI techniques using clinical scanners were demonstrated in human breast cancer (40). Opacic et al. showed that US SRI could provide a number of clinical parameters such as velocities and directions of movement in individual vessels which can differentiate tumors with different vascular phenotypes, and it may provide opportunities for functional characterization of tumors and the assessment of therapy response. To assess any early changes in breast cancer following vascular disrupting agent (VDA) treatment, a study using 3-dimensional (3-D) super-resolution ultrasound (SR-US) imaging to observe MVD in breast lesions showed that the MVD of each tumor volume was significantly reduced at 24 hours after VDA treatment (41), indicating the feasibility of super-resolution technique for disease diagnosis via calculating micro-vessel density and microvascular flow rate in masses. However, there is no previous study reported the application of US SRI on human thyroid nodule to differentiate the benign and malignancy. In this study, our results confirmed that the super-resolution technique can not only clearly display the micro-vessels in thyroid nodules, but also quantify the MFR and MVD in the nodules. In addition, the MFR and MVD within benign thyroid nodules were significantly higher than those within malignant thyroid nodules, which showed the consistency with the previous study. The possible explanations could be that, in malignant thyroid region, the micro-vessels are more irregular and tortuous. Previous study has also reported that, some malignant thyroid nodules are completely avascular (42).

There are a few challenges existing in the general SRI technique. A previous study has reported a successful two-stage motion correction technique on the super-resolution imaging of human lower limb (28). This study has shown that two-stage motion correction could significantly correct the in-plane motion for the super-resolution imaging. For the out-of-plane motion, it is still a challenge for the 2D US imaging. Therefore, a 3D super-resolution imaging technique equipped with a 2D array probe is expected to overcome this problem. It should be noted that, the CDFI shown in Figure 3 were not acquired at the same time as the CEUS image acquisition. Therefore, it may contribute to the reason that the CDFI images were not well corresponded to the final SR image. Another challenge exists in this study is that the acquisition of CEUS images for SR image processing requires the patients and the image transducer to remain stationary during the image acquisition. This is another general challenge for all the SR image processing (43). This is because it is difficult to ask patients to hold their breath for more than 10 s to acquire the image data. Moreover, heart beating is another inevitable factor that contributes to the tissue motion. All these factors would affect the SRI reconstruction of microvasculature.

There are some other limitations existing in this study. First, the sample size is relatively small in this study. Nevertheless, multiple studies have demonstrated the feasibility and reliability of super-resolution techniques to provide a number of clinical parameters of micro-vessels at the micron scale. A larger sample size is desired to draw a more solid conclusion to differentiate the benign and malignant thyroid nodules using US SRI. SR image generation is quite time-consuming and requires offline processing. The graphics processing unit (GPU) parallel processing is also desired to be integrated into the SR processing in the future to further accelerate the SR image generation. Second, the MVD in benign and malignant nodules could not be obtained by immunohistochemical staining in this study, however the difference in MVD obtained by SRI in benign and malignant thyroid nodules showed consistency with previous study (12), manifesting that the MVD within the benign thyroid nodules were significantly higher than those within the malignant thyroid nodules.

In conclusion, US SRI has been successfully demonstrated on human thyroid nodule to show finer microvascular details at a submicron scale image resolution and obtain important imaging markers, such as MFR and MVD within the thyroid nodule region which cannot be obtained from conventional B-mode, CEUS and CDFI techniques. Conventional multimodal US imaging techniques together with SRI technique could effectively improve the diagnostic accuracy in differentiating benign and malignant thyroid nodules as more useful clinical information (such as MVD and MFR parameters) can be provided for radiologists to differentiate benign and malignant thyroid nodules. The gap between conventional imaging techniques and histopathology can be bridged via US SRI to provide a new approach for clinicians to manage thyroid nodules and avoid unnecessary punctures.
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Objective

This study compared the diagnostic value of various diagnostic methods for lymph node metastasis (LNM) of papillary thyroid carcinoma (PTC) through network meta-analysis.



Methods

In this experiment, databases such as CNKI, Wanfang, PubMed, and Web of Science were retrieved according to the Cochrane database, Prisma, and NMAP command manual. A meta-analysis was performed using STATA 15.0, and the value of the surface under the cumulative ranking curve (SUCRA) was used to determine the most effective diagnostic method. Quality assessments were performed using the Cochrane Collaboration’s risk of bias tool, and publication bias was assessed using Deeks’ funnel plot.



Results

A total of 38 articles with a total of 6285 patients were included. A total of 12 diagnostic methods were used to study patients with LNM of PTC. The results showed that 12 studies were direct comparisons and 8 studies were indirect comparisons. According to the comprehensive analysis of the area of SUCRA, US+CT(86.8) had the highest sensitivity, FNAC had the highest specificity (92.4) and true positive predictive value (89.4), and FNAC+FNA-Tg had higher negative predictive value (99.4) and accuracy (86.8). In the non-invasive method, US+CT had the highest sensitivity, and the sensitivity (SEN) was [OR=0.59, 95% confidence interval (CI): (0.30, 0.89]. Among the invasive methods, the combined application of FNAC+FNA-Tg had higher diagnostic performance. The sensitivity was [OR=0.62, 95% CI: (0.26, 0.98)], the specificity (SPE) was [OR=1.12, 95% CI: (0.59, 1.64)], the positive predictive value was [OR=0.98, 95% CI: (0.59, 1.37)], the negative predictive value was [OR=0.64, 95% CI (0.38, 0.90)], and the accuracy was [OR=0.71, 95% CI: (0.31, 1.12)].



Conclusion

In the non-invasive method, the combined application of US+CT had good diagnostic performance, and in the invasive method, the combined application of FNAC+FNA-Tg had high diagnostic performance, and the above two methods were recommended.





Keywords: lymph nodes metastasis, diagnostic value, network meta-analysis, multiple diagnostic methods, papillary thyroid carcinoma



1 Introduction

Thyroid cancer (TC) is one of the most common endocrine tumors worldwide, with an incidence rate of 3.1% and a mortality rate of 0.4% (1). The increase in papillary thyroid carcinoma (PTC) is the main reason for the increased incidence of adenocarcinoma (2). Although PTC has a good prognosis, the probability of distant cervical lymph node metastasis (LNM) in PTC patients reaches 90% (3), so the status of LN is also an important basis for judging recurrence and LN dissection (4). At the same time, for patients with LNM of PTC, the operation caused by persistent LNs recurrence will increase the risk of postoperative complications such as dyspnea, asphyxia, hypoparathyroidism, etc. (5, 6). Therefore, preoperative diagnosis is an important means for PTC patients to avoid persistent LNs recurrence and reduce complications.

At present, the commonly used methods for diagnosing the metastasis of LNM of PTC include CT, magnetic resonance imaging (MRI), IWBS, US, strain elastography (SE-US), Contrast-Enhanced Ultrasonography (CEUS), FNAC and other detection methods. But each of these methods has its advantages and disadvantages; In a single diagnostic method, ultrasound (US) is the main basis for clinical diagnosis of PTC (7), and the accuracy of the ultrasound results in the neck is high (8). However, the identification of LNM of PTC often needs to be judged by doctors’ experience, which is often regarded as an inaccurate method (9). For patients with lymph node infiltration or distant metastasis of DTC after surgical resection, ultrasound-guided fine-needle aspiration cytology (FNAC) can be performed, and the sensitivity can reach 70–80% (10), while the sensitivity of computed tomography (CT) can reach 94.5% (11). In recent years, combined diagnostic methods such as US+CT (12) and US+ Contrast-Enhanced Ultrasonography (CEUS) (13) have also been commonly used to diagnose the LNM of PTC. Among these studies, the preoperative diagnostic performance of different diagnostic methods for LNM of PTC has been evaluated and analyzed or only one or two diagnostic methods have been compared, but a thorough evaluation has not been performed. Since different diagnostic methods have different diagnostic efficacy, and the diagnostic efficacy of the same diagnostic method is different in different studies, we conducted a meta-analysis to evaluate the diagnostic performance of different diagnostic methods for LNM of PTC so as to obtain the optimal diagnostic protocol.

In this study, we summarized the available evidence, investigated and compared a variety of different diagnostic techniques through network meta-analysis and the use of two or more published direct comparative studies, and concluded the optimal diagnostic protocol for LNM of PTC through comprehensive analysis. The results of this study will provide more evidence-based data for the development of guidelines and will guide patients with LNM of PTC to use appropriate diagnostic methods for preoperative or postoperative evaluation.



2 Methods


2.1 Retrieval strategy

We used keywords such as “Thyroid Neoplasms”, “lymph node”, “Neoplasm Staging”, “Lymphatic Metastasis”, and”Elasticity Imaging Techniques” in PubMed, Embase, Web of Science, CNKI, and Wanfang databases for retrieval. In order to obtain more sufficient data, we also screened the references of the retrieved articles (Table 1).


Table 1 | Search strategy.




2.1.1 Inclusion and exclusion criteria

Inclusion criteria: ① Research subjects: PTC patients diagnosed with LNM. ② Study type: A randomized controlled study was conducted and two or more functional or non-invasive diagnostic methods should be included. ③ Gold standard: postoperative histopathology reports. ④Outcome indicators: It can reflect the sensitivity (SEN), specificity (SPE), positive predictive value (PPV), negative predictive value (NPV), and accuracy of various diagnostic methods for LNM in patients with PTC.

Exclusion criteria: ① There were less than 2 diagnostic methods in the study; ② There were no clear inclusion and exclusion criteria in the study; ③Reviews and lecture-type literature. ④ Literature for which the full text cannot be obtained.




2.2 Literature screening

Two researchers (Qiao-Li Li, Si-Rui Wang) read the titles and abstracts of the retrieved literature respectively. According to the inclusion and exclusion criteria established in this study, the literatures that did not meet the inclusion criteria were excluded, and the literatures that might meet the inclusion criteria and other related literatures were obtained and the relevant literatures were further intensively read. Articles with disagreements that were difficult to determine whether to be included were determined through discussion or consultation with a third party (Jun Li).



2.3 Quality evaluation of literature

For the RCT study, according to the method provided by the Cochrane Handbook, the research group adopted the risk of bias assessment tool of the Cochrane Collaboration (14) (RevMan v.5.3.5, Cochrane Collaboration, Oxford, UK), evaluated the methodological quality of the included studies from 6 aspects, and made the judgment of “yes” (low bias), “no” (high bias) and “unclear” (lack of relevant information or uncertainty of bias).



2.4 Data extraction

The data extracted in this study mainly included: (1) Characteristics of studies in the literature (author, publication time, country, study type, gold standard, etc.) (2) Subject characteristics (sample size, gender of patients, mean age or age range) (3) Effect indicators.



2.5 Statistical analysis

We grouped them according to different diagnostic methods and performed a network meta-analysis using the extracted diagnostic tools for the diagnostic performance of lymph node metastases.

We used Stata software (version-15.1) to perform the aggregation and analysis of NMA using Markov Chain Monte Carlo Subset Simulation in a Bayesian-based framework according to the instruction manual for Prisma NMA (15). We used the nodal method to quantify and demonstrate the agreement between direct and indirect comparisons. Through the calculation of the instructions in the Stata software and whether the P value was greater than 0.05, it was judged whether the consistency check was passed.

Network diagrams of different exercise interventions were presented and described using Stata software. In the resulting network diagram, each node represented a different diagnostic approach, and the lines connecting the nodes represented direct head-to-head comparisons between interventions. The size of each node and the width of the connecting lines were proportional to the number of studies.

The diagnostic performance of each diagnostic method was analyzed by the area under SUCRA, and the certainty that one method was superior to the other was measured. Although SUCRA could effectively express the percentage of diagnostic performance of each diagnostic method, there was a possibility that there was no actual clinical significance between the diagnostic methods. In order to detect whether there was publication bias in some studies, funnel plots were generated for each diagnostic efficacy, and symmetry criterion were used to check.




3 Results


3.1 Selection and characteristics of literature

A total of 4490 articles were extracted through literature search of the database and reference extraction, of which we excluded 1247 duplicate articles. Of the remaining 3243 articles, there were 2829 articles, 59 pathology reports, 699 review articles, 10 letters, and 72 meta-analyses and systematic reviews. 2061 articles not related to this study were excluded by review of the title and abstract. Among the remaining 414 articles, 376 articles failed to obtain the full text or failed to meet the inclusion criteria, and finally 38 articles were included, with a total of 6285 people. (Figure 1). The articles we included all fulfilled the requirement that the study population was patients with LNM of PTC and that their diagnoses were shown preoperatively or postoperatively by two or more diagnostic methods, such as US, CT, and MRI, and the data for direct comparison in the results were evaluated (Table 2).




Figure 1 | Flow diagram of literature selection.




Table 2 | Characteristics of the studies included in the meta-analysis.





3.2 Quality assessment and publication bias

The 38 articles we included (11–13, 15–45, 47, 49) included 36 retrospective studies and 2 prospective studies. We performed a network meta-analysis using STATA 15.0 (14), and 38 articles were assessed for quality, risk of bias and applicability issues using QUADAS-2 (50). The overall quality of the articles was satisfactory, but there may be potential bias in personnel selection. Among the 38 articles, 8 articles had unclear risk of bias, and 2 articles had high risk. In terms of index testing, because some doctors did not strictly implement blinding in the processing of results, there were 12 literatures with unclear risk of bias. In terms of reference standard bias, there were 6 articles with unclear risk of bias, because it was not indicated whether there was an appropriate time interval between the trial to be evaluated and the gold standard. Two articles had unclear risk of bias with respect to follow-up time. In terms of applicability, all literatures showed no high risk of bias in patient selection, index test, and reference standard. (Figure 2) The authors' assessment of each domain for included study. This study used funnel plots to detect possible publication bias, and the results showed that the distribution of funnel plots was roughly symmetric, suggesting that there was no publication bias or other bias in the study (Figure 3).




Figure 2 | Bias risk of the included studies (QUADAS 2 criteria).






Figure 3 | A = CEUS, B = CT, C = FNA-Tg, >  D = FNAC, E = FNAC+FNA-Tg, F = IWBC, G = MRI, H = PET/CT, I = SE-US, J = US, K = US+CEUS, L = US+CT.





3.3 Pairwise meta-analysis

Through the results of SEN, SPE, PPV, NPV, and Accuracy of various diagnostic methods, a network meta-analysis graph can be made (Figure 4), in which the gridlines in the analysis diagram represented a direct comparison between the two groups of diagnostic methods, the thickness of the gridlines represented the number of articles included, and the size of the solid dots at both ends of the gridlines represented the sample size. Of the 38 studies compared, 12 were direct comparisons and 8 were indirect comparisons. We performed a direct pair-wise comparison of SEN, SPE, PPV, NPV, and Accuracy for each method of diagnosing LNM of PTC. Meta-analyses of the results can be used to make direct comparisons. There were 3 studies comparing MRI with PET/CT, 2 studies comparing CT with FNA-Tg, 16 studies comparing US with CT, 6 studies comparing FNAC with FNA-Tg, 3 studies comparing US+CEUS with US, 5 studies comparing CT with PET/CT, 7 studies comparing US with CEUS, 2 studies comparing CT with FNAC, 2 studies comparing US with FNAC, 9 studies comparing US+CT with US, 6 studies comparing US with PET/CT, 3 studies comparing US+CEUS with CEUS, 9 studies comparing US+CT with CT, 2 studies comparing MRI with IWBC, 3 studies comparing US with SE-US, 3 studies comparing FNA-Tg with FNA-Tg+FNAC, and 3 studies comparing FNAC with FNA-Tg+FNAC. As shown in the figure.




Figure 4 | Network Mate-Analysis Figure.





3.4 Network meta-analysis

The OR values and 95% confidence intervals (CI) of SEN, SPE, PPV, NPV, and Accuracy measured by different diagnostic methods for LNM of PTC were statistically analyzed, and the statistical differences were judged by calculation.


3.4.1 SEN

According to the area under the cumulative ranking curve (SUCRA), the SEN of different diagnostic methods for lymph node metastasis can be obtained. The descending order was as follows: US+CT(86.8)>FNAC+FNA-Tg(86.6) >FNA-Tg(81.8)>CT(70.2)>US(51.8)>CEUS(44.5)>FNAC(42.5)>SE-US(42.2)>MRI(33.4)>IWBC(31.7)>PET/CT(27.5)>US+CEU (1.0). Among them, US+CT (OR=0.59, 95%CrI:(0.30,0.89)) and FNAC+FNA-Tg[OR=0.62,95%CI:(0.26,0.98)] ranked first and second, respectively, and had significant advantages compared with other diagnostic methods. There was significant heterogeneity between MRI and US, PET/CT in terms of sensitivity (P<0.05). The probability ranking of diagnosis methods to SEN was ranked first by US+CT in the SUCRA (SUCRA:86.8% as shown in Figure 5). A comparison between the two different diagnosis methods was shown in (Figure 6).




Figure 5 | A = CEUS, B = CT, C = FNA-Tg, > D = FNAC, E = FNAC+FNA-Tg, F = IWBC, G = MRI, H = PET/CT, I = SE-US, J = US, K = US+CEUS, L = US+CT.






Figure 6 | League table on SEN.





3.4.2 SPE

According to the area under the cumulative ranking curve (SUCRA), the SPE of different diagnostic methods for lymph node metastasis can be obtained. The descending order was as follows: FNAC(92.4)>FNAC+FNA-Tg(85.8)>FNA-Tg(80.5)>CEUS(75.4)>SE-US(64.4)>US(48.5)>CT(42.9)>PET/CT(34.5)>IWBC(32.6)>US+CT(27.1)>MRI(15.5)>US+CEUS(0.4). The analysis of the results showed that compared with US+CEUS, FNAC[OR=1.16,95%CI:(0.65,1.66)] and FNAC+FNA-Tg[OR=1.12,95%CI:(0.59,1.64)] had significant advantages. In terms of specificity (P<0.05), there was significant heterogeneity in the comparison between FNAC and US, FNA-Tg and US, and FNAC and CT. The probability ranking of diagnosis methods to SPE was ranked first by FNAC in the SUCRA (SUCRA:92.4% as shown in Figure 7). A comparison between the two different diagnosis methods was shown in Figure 8.




Figure 7 | A = CEUS, B = CT, C = FNA-Tg, > D = FNAC, E = FNAC+FNA-Tg, F = IWBC, G = MRI, H = PET/CT, I = SE-US, J = US, K = US+CEUS, L = US+CT.






Figure 8 | League table on SPE.





3.4.3 PPV

According to the area under the cumulative ranking curve (SUCRA), the PPV of different diagnostic methods for lymph node metastasis can be obtained. The descending order was as follows: FNAC(89.4)>FNAC+FNA-Tg(81.6)>CEUS(77.6)>FNA-Tg(73.9)>SE-US(58.7)>US(51.3)>PET/CT(48.7)>CT(44.5)>US+CT(43.9)>IWBC(18.6)>MRI(11.3)>US+CEUS(0.3). The analysis of the results showed that compared with US+CEUS, FNAC[OR=1.01,95%CI:(0.63,1.38)] and FNAC+FNA-Tg[OR=0.98,95%CI:(0.59,1.37)] had significant advantages. There was no significant difference in specificity (P<0.05). The probability ranking of diagnosis methods to PPV was ranked first by FNAC in the SUCRA (SUCRA: 89.4% as shown in Figures 9). A comparison between the two different diagnosis methods was shown in Figure 10.




Figure 9 | A = CEUS, B = CT, C = FNA-Tg, > D = FNAC, E = FNAC+FNA-Tg, F = IWBC, G = MRI, H = PET/CT, I = SE-US, J = US, K = US+CEUS, L = US+CT.






Figure 10 | League table on PPV.





3.4.4 NPV

According to the area under the cumulative ranking curve (SUCRA), the NPV of different diagnostic methods for lymph node metastasis can be obtained. The descending order was as follows: FNAC+FNA-Tg(99.4)>FNA-Tg(89.0)>US+CT(72.2)>CEUS(65.6)>CT(58.5)>US(52.0)>FNAC(49.9)>IWBC(31.4)>SE-US(28.8)>PET/CT(27.1)>MRI(25.6)>US+CEUS(0.6). The analysis of the results showed that compared with US+CEUS, FNAC+FNA-Tg (OR=0.64, 95%CrI: (0.38, 0.90) and FNA-Tg [OR=0.57, 95%CI: (0.31, 0.82)] had significant advantages. In terms of specificity (P<0.05), there was significant heterogeneity between MRI and US, PET/CT. The probability ranking of diagnosis methods to NPV was ranked first by FNAC+FNA-Tg in the SUCRA (SUCRA: 99.4% as shown in Figures 11). A comparison between the two different interventions was shown in Figure 12.




Figure 11 | A = CEUS, B = CT, C = FNA-Tg, > D = FNAC, E = FNAC+FNA-Tg, F = IWBC, G = MRI, H = PET/CT, I = SE-US, J = US, K = US+CEUS, L = US+CT.






Figure 12 | League table on NPV.





3.4.5 Accuracy

According to the area under the cumulative ranking curve (SUCRA), the Accuracy of different diagnostic methods for lymph node metastasis can be obtained. The descending order was as follows: FNAC+FNA-Tg(99.4)>CT(81.6)>FNA-Tg(76.0)>SE-US(61.6)>FNAC(59.8)>CEUS(57.8)>US+CT(52.4)>IWBC(39.0)>US(37.2)>MRI(28.6)>PET/CT(18.7)>US+CEUS(0.5). The analysis of the results showed that compared with US+CEUS, FNAC+FNA-Tg[OR=0.71,95%CI:(0.31,1.12)] and FNA-Tg[OR=0.67,95%CI:(0.35,0.99)] had significant advantages. In terms of specificity (P<0.05), there was significant heterogeneity between CT and US+CT, PET/CT and US, and PET/CT and US+CT. The probability ranking of diagnosis methods to ACC was ranked first by FNAC+FNA-Tg in the SUCRA (SUCRA: 99.4% as shown in Figure 13). A comparison between the two different diagnosis methods was shown in Figure 14.




Figure 13 | A = CEUS, B = CT, C = FNA-Tg, > D = FNAC, E = FNAC+FNA-Tg, F = IWBC, G = MRI, H = PET/CT, I = SE-US, J = US, K = US+CEUS, L = US+CT.






Figure 14 | League table on ACC.







4 Discussion

This meta-analysis aimed to evaluate the diagnostic performance of multiple diagnostic methods for predicting LNM of PTC. A total of 38 studies with 6285 patients were summarized and analyzed. Among the 12 diagnostic methods, we found that the combined diagnosis of CT+US and FNAC+FNA-Tg was the most effective diagnostic method for the recurrence and metastasis of LNM of PTC. A total of 6 articles were included in the comparison of US and CT, and the diagnostic performance of CT and US for LNM of PTC, such as sensitivity and specificity, were statistically analyzed. By analyzing the data we found that for the sensitivity of US and CT, the values of SUCRA were 51.8 and 70.2, respectively, while the value for the combined diagnosis of US+CT was 86.8. David (49) et al. found that the accuracy of US may be affected due to the difficulty in distinguishing between the metastatic lymph nodes immediately adjacent to the thyroid and the thyroid itself. In addition, some normal anatomical structures cause distinct acoustic shadows that effectively obscure the area behind them, including air-filled structures such as the larynx and trachea, as well as the clavicle and jawbone, areas deep in the sternum. This greatly limits the assessment of the mediastinal and retropharyngeal regions by ultrasound, regardless of the operator’s interest and expertise. However, all of these areas are commonly seen on CT, and CT scans in the central neck are twice as sensitive as US. Zhao H et al. (51) found that CT had higher sensitivity in the central region and throughout the lateral regions. However, ultrasound had a higher specificity in the central and whole lateral regions. CT can better reduce the missed diagnosis rate, while US can better avoid misdiagnosis. Therefore, this suggested that clinicians should consider the combination of CT and US when diagnosing LNM of PTC. This was consistent with our results that the combined diagnosis method of CT+US could more accurately diagnose LNM for better clinical decision-making.

This time, a variety of diagnostic methods for lymph node metastasis of thyroid cancer were compared. As far as we know, although some authors have published meta-analyses of two or more diagnostic methods for lymph node metastasis of thyroid cancer, our network meta-analysis was the first to comprehensively analyze the currently known diagnostic methods. As far as the retrieved literature is concerned, there are obviously more studies on US and CT than those on other diagnostic methods, indicating that these two diagnostic techniques are easier for statistical analysis through direct comparison, and at the same time indicating that US and CT are more widely accepted by everyone, while there are few studies that directly compare CEUS with FNA-Tg. It is recommended to carry out more original research on the comparative analysis of the diagnostic performance of these two diagnostic methods. At the same time, there are many studies comparing CT, US, and PET/CT in their diagnostic performance for lymph node metastasis of thyroid cancer, which also shows that these three studies have obvious comparative value (52). Through analysis, we found that such invasive diagnostic methods such as the combined application of FNAC,FNA-Tg and FNAC+FNA-Tg had better diagnostic performance. Although non-invasive diagnostic methods were more popular, except for the combined application of US+CT (19, 33), the diagnostic performance of other diagnostic methods was not ideal.

PTC is generally considered to be a tumor with a low probability of metastasis and recurrence. In some patients, PTC also occurs with lymph node metastasis and local recurrence (53). Studies have shown that tumor size, extrathyroidal extension and vascular invasion are independent risk factors for lymph node metastasis (54). However, extrathyroid extension and vascular infiltration are not helpful to surgeons undergoing surgery, and imaging features such as tumor size and shape can effectively improve the ability of preoperative diagnosis of PTC lymph node metastasis (55).

At present, most hospitals mostly use this non-invasive method of US and CT for preoperative or postoperative evaluation and examination of patients with LNM of PTC. However, US also has its own limitations. US is far from satisfactory in sensitivity and accuracy for lymph node metastasis. It cannot observe deeper tissues or lymph node metastasis, and the accuracy of the result often depends on the experience of the diagnostician, etc. CT is generally considered to be a diagnostic method that plays a key role in the diagnosis of lymph node metastasis of thyroid cancer, especially in the evaluation of deeper tissues (56). CT is slightly inferior to US in evaluating the diagnostic value of central and lateral cervical lymph nodes. Therefore, the combination of CT and US has been evaluated in 11 studies. In our study, regarding the sensitivity to thyroid nodules and lymph node infiltration, we found that the sensitivity of US+CT in the diagnosis of thyroid nodules and lymph node infiltration was superior to the sensitivity of FNAC and FNA-Tg alone.

FNAC was highly specific in the analysis, and Suh YJ et al. (36, 37, 39) found that the threshold values of FNA-Tg established in different experiments were different. If the threshold value of FNA-Tg was specified as 1ng/mL, and levels greater than 1ng/mL were accepted as the surgical indication, then NPV was 0%. Non-metastatic lymph nodes ranged in value from 2–32 ng/mL. The SPE, PPV, NPV and Accuracy of FNA-Tg were significantly lower than those of FNAC. When the critical value of FNA-Tg was 28.5ng/ml, the SPE, PPV, NPV and Accuracy were significantly higher than those of FNAC. Therefore, further experiments are required to determine the optimal critical value of FNA-Tg. Based on our analysis, the diagnostic performance of the combination of FNAC+FNA-Tg was significantly superior to that of FNAC and FNA-Tg alone. In the combination application of FNAC and FNA-Tg, the values of PPV, NPV and Accuracy in SUCRA were 81.6,99.4 and 86.8 respectively, which had obvious advantages in the diagnosis of LNM of PTC and also proved that the combination application of FNAC and FNA-Tg was one of the necessary diagnostic methods for accurate diagnosis of benign and malignant lymph node metastasis.

Although the combined diagnosis has higher diagnostic performance than the single diagnosis method, the price of the same part of the examination will be correspondingly increased, and the economic burden of different examination methods for patients is different. In China, some routine examinations such as CT,MRI,US,PET/CT are within the range of 100–800 RMB (57), which will not cause great economic pressure for most families. Moreover, the combination diagnosis of CT and US can also obtain relatively accurate results. However, the prices of FNAC and FNA-Tg are about 2000RMB, which is much more expensive compared with conventional examinations. Moreover, most of the patients undergoing such examinations are patients with LNM of PTC, who need to go to the hospital for regular reexamination in addition to the expenses required for daily treatment, so that they need to bear a heavier economic burden. Therefore, during the examination, we should not blindly pursue more accurate diagnosis performance of the disease, but we should be more concerned about their demands and the economic pressure they can bear from the perspective of patients. In the United States, the average cost of these routine imaging examinations in upper-level academic hospitals ranges from $686.13 to $1,390.12. The reason for the higher price in the United States may be that most residents have purchased health insurance, and they can only go to the designated hospitals with medical insurance for examinations, resulting in that they cannot go to the hospitals with lower costs for relevant examinations. At the same time, the price of related examinations is less transparent. Hospitals with lower prices may be stimulated by higher-priced hospitals, leading to price increases. All these have correspondingly increased the economic burden of consumers.


4.1 Limitation

At present, there are many diagnostic methods for lymph node metastasis of papillary thyroid carcinoma, but there are still differences in these diagnostic values, and further analysis and standardization are needed. (1) Compared with previous meta-analyses, we have included more diagnostic methods, but few articles have included some diagnostic methods, and their reliability required more experiments to verify. (2) It was found in the study that the results of direct comparison between interventions were less, and most of them were the results of indirect comparison. This would also affect the final quality evaluation results, which meant that further more direct comparison between different diagnostic methods was needed in the study. (3) Some results showed obvious heterogeneity in our study, but no source of heterogeneity was found after heterogeneity analysis. In view of the above shortcomings, it is recommended that the readers reasonably refer to and select the diagnostic methods in this study based on the clinical practice and actual results.




5 Results

In conclusion, we believe that the combined application of CT+US and FNAC+FNA-Tg is the optimal solution for the diagnosis of lymph node metastasis in papillary thyroid carcinoma, but further prospective studies on its cost-effectiveness and clinical diagnostic performance are still needed.
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Objective

Fibroblast activation protein (FAP)-targeting radiopharmaceutical based on the FAP-specific inhibitor (FAPI) is considered as a potential alternative agent to FDG for tumor-specific imaging. However, FAP is also expressed in normal adult tissues. The aim of this study was to explore the image features of non-tumoral regions with high uptake of 68Ga-FAPI-04 in positron emission tomography (PET) imaging and to reveal the physiological mechanisms of these regions.



Material

A total of 137 patients who underwent whole-body 68Ga-FAPI-04 PET/MR (n=46) or PET/CT (n=91) were included in this retrospective study. Three experienced nuclear medicine physicians determined the non-tumoral regions according to other imaging modalities (CT, MRI, 18F-FDG PET, or ultrasound), clinical information, or pathological results. The regions of interest (ROIs) were drawn manually, and the maximum standardized uptake value (SUVmax) was measured.



Results

A total of 392 non-tumoral uptake regions were included in this study. The included physiological regions were uterus (n=38), submandibular gland (n=118), nipple (n=37), gingiva (n=65), and esophagus (n=31). The incidence of 68Ga-FAPI-04 uptake in physiological regions was independent of age, the tracer uptakes in the gingiva and esophagus were more common in male patients (p=0.006, 0.009), while that in the nipple was more common in female patients (p < 0.001). The included benign regions were inflammatory lymph node (n =10), pneumonia (n=13), atherosclerosis (n=10), pancreatitis (n=18), osteosclerosis (n=45), and surgical scar (n=7). No significant difference was observed in SUVmax between physiological and benign regions.



Conclusions

A number of organs exhibit physiological uptakes of 68Ga-FAPI-04. Our study showed that regions with high 68Ga-FAPI-04 uptake did not necessarily represent malignancy. Being familiar with physiological and typical benign 68Ga-FAPI-04 uptake regions can be helpful for physicians to interpret images and to make an accurate diagnosis.





Keywords: 68 Ga-FAPI-04, SUV, physiological uptake, benign uptake, multicenter retrospective study



Introduction

Cancer-associated fibroblasts (CAFs) and extracellular fibrosis can account for 90% of the total tumor mass (1). Fibroblast activation protein (FAP), a type II membrane-bound glycoprotein of the dipeptidyl peptidase 4 family, is over-expressed in CAFs of many epithelial carcinomas and is involved in a variety of tumor-promoting activities, such as stromal remodeling, angiogenesis, chemotherapy resistance, and immunosuppression (1, 2). Since FAP is expressed at low levels in most normal organs, it is a promising target for imaging and radiation therapy (3). Radiopharmaceuticals targeting FAP have recently been developed based on FAP-specific inhibitors (FAPIs) (4). Among several recently developed tracers targeting FAP, 68Ga-FAPI-04 is regarded as a promising one for having high affinity towards FAP and suitable kinetics (5–7). Without the necessity of fasting in preparation before the scan and an equal or better tumor-to-background ratio compared with 18F-FDG PET scans, 68Ga-FAPI-04 is considered as a potential alternative agent to FDG for tumor-specific imaging (8).

Currently, most FAPI studies are focused on tumor imaging. Besides its high expression in epithelial carcinoma (8), FAP also plays a key role in normal development during embryo-genesis and tissue modeling (9). FAP can also be expressed in normal adult tissues such as active tissue damage, remodeling, inflammation, arthritis, atherosclerotic plaques, and fibrosis (3, 9, 10). Several non-oncology studies on FAPI revealed its unique values in IgG4-related diseases (11). Luo et al. (12) found that compared with 18F-FDG, 68Ga-FAPI-04 was more effective in detecting organs affected by IgG4-related disease. An animal study showed that joint FAPI concentration was correlated with arthritis scores in rats (13). A recent work reported that 68Ga-FAPI-04 focal non-tumoral uptake can occur in fibrous lesions, fibrous hyperplasia, and fibrous activity (14). 68Ga-FAPI-04 could also accumulate in some benign diseases of the bones and joints (15). Recent studies characterized the benign lesions with increased 68Ga-FAPI-04 uptake in PET/CT (16, 17). However, to the best of our knowledge, there are no systematic studies to reveal the pathophysiological mechanisms of non-tumoral 68Ga-FAPI-04 uptake regions. This study aimed to investigate the uptake characteristics in non-tumoral regions using 68Ga-FAPI-04 PET/CT or PET/MR with a relatively large sample size and provide a reference for imaging diagnosis.



Materials and methods


Patients

This retrospective analysis was performed on patients who underwent 68Ga-FAPI-04 PET/CT (Biograph mCT, Siemens Healthineers, Germany; Ingenuity TF, Philips Healthcare, USA; uMI510, United Imaging, China) or 68Ga-FAPI-04 PET/MR (uPMR790 TOF, United Imaging, China) from April 2020 to August 2021. The inclusion criteria were as follows: (i) patients who were able to sign informed consents for examination according to the guidelines of the Clinical Research Ethics Committee; (ii) patients with a predicted survival of more than 6 months. Exclusion criteria were (i) pregnancy, (ii) postmenopausal women with taking hormone replacement or related drugs, and (iii) patients with a predicted survival of <6 months.



Radiopharmaceutical and imaging protocols

Good-manufacturing-practice (GMP)-grade precursors 68Ga-FAPI-04 was synthesized in the Radiochemistry Facility of the PET Center, Huashan Hospital, Fudan University, according to the protocol described previously (18). The radiochemical purity of 68Ga-FAPI-04 was over 95%, and the final product was sterile and pyrogen-free.

Whole-body PET/CT or PET/MR scans were performed 60 min after the injection of 68Ga-FAPI-04 with a dose of 150 ± 35 MBq (4.05 ± 0.95 mCi) from the vertex to the mid-thigh. For PET/CT, a PET scan was acquired after a low-dose CT scan, which was performed at 120 kV and 100–120 valid mAs. Brain PET scanning was performed 5 min/bed, and body PET scanning was performed 3 min/bed. PET/MR was performed with default clinical MRI sequences including T1w and T2w (TE = 2.24 ms, TR = 4.91 ms, flip angle = 10, echo train length = 30, FOV = 549 × 384, matrix = 256 × 329, slice thickness = 2 mm, slice spacing = 2 mm, transverse plane) (18). PET images were reconstructed by ordered subset expectation maximization 3D (OSEM 3D) method with 2 iterations and 20 subsets.

Since different scanners were used in this study, SUV measurements were normalized after data collection. A NEMA IEC body phantom (Data Spectrum Corporation, Durham, NC, USA) with six simulated lesion spheres (diameters: 10, 13, 17, 22, 28, and 37 mm) was applied for SUV normalization with 2, 4, 8, and 16 times the background activity (background activity concentration =2 kBq/ml). A CT scan of the NEMA IEC body phantom was prepared for the attenuation correction of PET/MR. Correlation coefficients were obtained through this phantom study and used to standardize the SUV measurements as previously reported (18, 19).



PET/CT and PET/MR imaging review

Three nuclear medicine physicians with 15, 10, and 8 years of experience in interpreting PET/CT and MR imaging determined the physiological and benign tracer uptake regions based on the patients’ clinical data, imaging data (CT, MRI, 18F-FDG PET, or ultrasound), histopathology, and their own experiences in image interpretation. Physiological uptake refers to the slightly elevated uptake of 68Ga-FAPI-04 in generally normal tissues, which usually show no abnormal changes on other imaging modalities (20, 21). Benign uptake refers to inflammation, fibrosis, benign tumors, and other non-malignant tumor regions that may be abnormal on other imaging modalities (16, 22). For any differences in opinion, a consensus was reached by discussion together. The ROI was drawn manually for SUVmax measurement.



Statistical analyses

Shapiro–Wilk normality test was used to analyze the data distribution. Data were expressed as mean ± standard deviation (SD). Data of physiological and benign uptake regions were tested by independent sample T-test. Chi-square test and logistic regression analysis were used to investigate the influence of age and sex on the incidence of physiological uptake regions. Pearson correlation analysis was performed for SUVmax of physiological regions and age. Statistical analysis was performed using SPSS 23.0 statistical software. Two-tailed p < 0.05 was considered statistically significant.




Results


Patient characteristics

Patient characteristics are summarized in Table 1. Briefly, 137 patients (84 male and 53 female; age, 58 ± 14 years; range from 18 to 86 years, mostly diagnosed with cancer) were included in this study. Non-tumoral regions were observed in the majority of patients (86.86%). A total of 392 non-tumoral regions were classified as physiological regions (n = 289, SUVmax = 3.62 ± 2.86) or benign regions (n = 103, SUVmax = 3.50 ± 2.25) according to other imaging features, clinical representations, or pathological results. T-test indicated no statistically significant difference between the physiological and benign groups (p = 0.40).


Table 1 | Patient characteristics.





Physiological uptake regions

The physiological uptakes are summarized in Table 2 and Figure 1. Elevated 68Ga-FAPI-04 uptakes in the head and neck were primarily observed in the submandibular gland (n = 118, SUVmax range from 1.46 to 7.83) and gingiva (n = 65, SUVmax range from 1.43 to 7.61), while in the chest, elevated uptake was mainly located in the nipple (n = 37, SUVmax range from 1.12 to 4.88) and esophagus (n = 31, SUVmax range from 1.33 to 3.87). Although the incidence of 68Ga-FAPI-04 uptake in the submandibular gland, gingiva, nipple, and esophagus was independent of age (p>0.05), the tracer uptakes in the gingiva and esophagus were more common in male patients (p = 0.006, 0.009), while uptakes in the nipple were more common in female patients (p<0.001) (Table 3). The uptake values of 68Ga-FAPI-04 (SUVmax) in the submandibular gland were positively correlated with age (p = 0.01) and higher in male patients (p = 0.001), while those in other physiological regions were independent of age and sex (all p ≥ 0.05) (Table 3).


Table 2 | Physiological uptake of 68Ga-FAPI-04.






Figure 1 | SUVmax of non-tumoral tracer uptake regions.




Table 3 | Main effects of age and sex on the 68Ga-FAPI-04 uptake.



High uptake of 68Ga-FAPI-04 in the uterus was also very common (n=38, mean SUVmax = 7.82 ± 5.78, SUVmax range from 1.26 to 24.33). Increased 68Ga-FAPI-04 uptake in the uterus was observed in 71.70% of female patients and occurred preferentially in premenopausal women (82.14%, p = 0.07). The SUVmax in the uterus did not correlate with the patients’ age (r = −0.11, p = 0.50). When comparing SUVmax in the uterus between premenopausal and postmenopausal groups, no statistically significant difference was observed (SUVmax = 8.40 ± 5.64 vs. 6.93 ± 6.06, p = 0.50).



Benign uptake regions

The benign regions included inflammatory lymph node (n = 10, mean SUVmax = 2.75 ± 1.13, SUVmax range from 1.37 to 4.91), pneumonia (n = 13, mean SUVmax = 3.37 ± 1.22, SUVmax range from 1.68 to 6.24), atherosclerosis (n = 10, mean SUVmax = 2.85 ± 0.84, SUVmax range from 1.49 to 4.65), pancreatitis (n = 18, mean SUVmax = 3.41 ± 3.74, SUVmax range from 1.27 to 18.11), osteosclerosis (n = 45, mean SUVmax = 3.93± 2.22, SUVmax range from 1.28 to 11.09), and surgical scar (n = 7, mean SUVmax = 3.14 ± 0.98, SUVmax range from 1.83 to 4.56). There was no significant difference in SUVmax between these regions (p>0.05).

We found some interesting cases with high 68Ga-FAPI-04 uptakes. A patient with a 30-year history of hepatitis B showed high 68Ga-FAPI-04 uptake in the liver (Figure 2A). High 68Ga-FAPI-04 uptake has also been found in the rectum of a patient with Crohn’s disease (Figure 2B). A man diagnosed with disseminated non-tuberculous mycobacteriosis (tuber colectomy of the left chest wall and CT-guided percutaneous lung puncture biopsy found inflammatory granulomatous lesions; prostate puncture pathology revealed non-specific granulomatous prostatitis; second-generation DNA sequencing results suggested occasional mycobacterium infection) showed lesions throughout the body with high or mild uptake of 68Ga-FAPI-04 (Figure 2C). After anti-infective therapy, the intracranial lesions became smaller.




Figure 2 | Interesting cases 68Ga-FAPI-04 imaging. (A) A 65-year-old woman with a history of hepatitis B over 30 years, arrows, cirrhosis of the liver, SUVmax 3.24; (B) a 19-year-old man with a 2-year history of rectal Crohn’s disease, arrows, rectal Crohn’s disease, SUVmax 5.22; (C) a 56-year-old man diagnosed with disease of disseminated non-tuberculous mycobacteriosis. The maximum intensity projection (MIP) image shows various FAPI-avid nodules: brain (SUVmax =2.61), cervical lymph nodes (SUVmax =1.81), upper lobe of right lung (SUVmax = 1.74), subcutaneous nodule on the left chest (SUVmax = 3.52), spleen (SUVmax= 2.03), left kidney (SUVmax = 2.76), and prostate (SUVmax = 4.02).






Discussion

Due to the specific expression of FAP in tumor stromal fibrous tissues, FAP has received increasing attention as a specific marker of CAFs. Meanwhile, activated fibroblasts that undergo extracellular matrix (ECM) remodeling in the tissue due to chronic inflammation, fibrosis, and wound healing can also be observed by FAPI imaging (23–25). In this study, we described the SUVmax of 392 non-tumoral uptake regions in 137 patients who underwent 68Ga-FAPI-04 PET/CT or PET/MR.

Consistent with previous studies (7, 26), physiological uptakes of 68Ga-FAPI-04 were observed in the submandibular gland, nipple, gingiva, and esophagus (Figures 3A–C). In our study, the incidence of 68Ga-FAPI-04 uptakes in the submandibular gland, gingiva, nipple, and esophagus were independent of age. Tracer uptakes in the gingiva and esophagus were more common in male patients, whereas uptake in the nipple was more common in female patients. It indicates that sex may have a more significant effect on physiological expression of FAPI than age. The uptake values of 68Ga-FAPI-04 (SUVmax) in the submandibular gland were positively correlated with age, suggesting that FAP activity in the submandibular gland may be affected by age.

The uptake of 68Ga-FAPI-04 in the uterus was significantly higher compared to other non-tumoral regions in our study (Figure 3C, red arrow). The high uptake in the uterus is considered to stem from the endometrial glandular cells, and its level is significantly lower than that of the malignant component in the uterus (27). Although a recent work suggested that tracer uptake decreases with age (28), in this study, we did not find a significant correlation between the SUVmax of uterus and patient age, in line with a previous study (17) reporting that intense 68Ga-FAPI-04 uptake in the uterus was independent from menopause. High uterine FAP activity might be caused by tissue remodeling and angiogenesis during hormonal periodic changes in regeneration (29).




Figure 3 | Physiological uptake of 68Ga-FAPI-04. (A) A 60-year-old man with hepatic hilar malignancy after the treatment of transcatheter arterial chemoembolization (TACE); the arrows indicate 68Ga-FAPI-04 uptake in the gingiva and submandibular gland (SUVmax 4.45, 3.79, and 3.64). (B) A 65-year-old woman with microinvasive lung adenocarcinoma 6 months after surgery; arrows show physiological uptake in the nipples with SUVmax 4.88. (C) A 55-year-old woman with signet ring cell carcinoma of stomach 2 months after endoscopic submucosal dissection (ESD); blue arrows show physiological uptake of the esophagus (SUVmax =3.67), and red arrows show uterus (SUVmax=13.94).



FAP can be induced by fibrosis foci during pulmonary fibrosis in ongoing tissue remodeling (30). In this study, elevated uptake of 68Ga-FAPI-04 was found in 13 pneumonia lesions (mean SUVmax = 3.37) (Figures 4A, B), yet still lower than that in lung cancer lesions (SUVmax>12) according to the literature (31). Although 68Ga-FAPI-04 PET/CT is inferior to 18F-FDG PET/CT in detecting lymph nodes involved in IgG4-related diseases (12), Schmidkonz et al. reported high uptake of FAPI in lymph nodes infiltrated by a fibrotic process and decreased FAPI uptake in those after anti-fibrosis therapy (11). Inflammatory lymph nodes in our study also showed high uptake of 68Ga-FAPI-04 (Figure 4C), and SUVmax was lower than that of fibrotic lymph nodes reported before (11). Mixed type of proliferative and fibrotic lymph nodes in our study may have led to such results.




Figure 4 | Physiological uptake of 68Ga-FAPI-04. (A) A 64-year-old female patient with gastric cancer 1 year after surgery; the arrows show organized pneumonia in the upper lobes of right lung with SUVmax of 1.76. (B) A 60-year-old male patient after liver cancer surgery; the arrows indicate the inflammatory lesion in the middle lobe of the right lung with SUVmax 3.24. (C) A 50-year-old male patient with weight loss of 10 kg in recent 6 months; arrows show mediastinal inflammatory lymph nodes with SUVmax of 4.91.



FAP has recently been proposed as an inflammation-induced protease involved in the formation of vulnerable plaques (32). It has been reported that FAP expression was enhanced in the human atherosclerotic vessel and increased upon plaque progression (33). In our study, atherosclerotic plaques showed slightly high uptake of 68Ga-FAPI-04 with mean SUVmax = 2.85 (Figure 5A). Forty-five joints in our study showed high 68Ga-FAPI-04 uptake (Figures 5B, C). In a study of the biological distribution of FAPI in cancer patients, mild low-grade uptake in the knee and shoulder was observed in three patients with no clinical symptoms of arthritis (34). FAP expression has been observed in synovial tissue samples of rheumatoid arthritis (35). In osteoarthritis, higher levels of FAP expression on the surface of the cartilage and on chondrocyte membranes were detected by Milner et al. (36). Terry Sy and his colleagues found that In-28H1 (anti-FAP antibody) radionuclide imaging could be used to evaluate the treatment response to etanercept in arthritic mice (13). Therefore, 68Ga-FAPI-04 might present a potential therapeutic target of arthritis, and 68Ga-FAPI-04 imaging has potential value in diagnosis and therapeutic efficacy evaluation in the future.




Figure 5 | Physiological uptake of 68Ga-FAPI-04. (A) A 72-year-old man with duodenal papillary tumor; arrows show atherosclerosis of the abdominal aorta with SUVmax =4.65. (B) A 70-year-old woman presented with adenocarcinoma at the descending colon–sigmoid junction; arrows show left shoulder arthritis with SUVmax =11.09. (C) A 55-year-old woman with signet ring cell carcinoma of stomach 2 months after ESD; arrows show left sternoclavicular arthritis with SUVmax = 8.21.



It has been reported that 68Ga-FAPI-04 could show focal high uptake in pancreatic fibrous lesions, fibroplasia, or fibrotic activity (14). Our study also found non-tumoral high uptake in pancreas caused by inflammation (mean SUVmax = 2.55) (Figures 6A, B). Seven surgical scars in our study showed high uptake of 68Ga-FAPI-04 (mean SUVmax = 3.34) (Figures 6C, D). Keloid is a fibroproliferative reticular dermal disorder characterized by inflammation, increased deposition of ECM protein, and invasion of the surrounding healthy skin (37). FAP expression is observed in keloid (37) and in the physiological process of wound healing (38). Consistent with its role in fibrosis, FAP has been found to be expressed in fibroblasts and hepatic stellate cells (HSCs) activated in cirrhosis but not in normal human livers (39, 40). Crohn’s disease is a chronic inflammatory bowel disease in which myofibroblasts play a key role in the process of fibrosis. It is worth mentioning that the myofibroblasts isolated from a colon specimen of a patient with stenosis were FAP positive. Tumor necrosis factor (TNF) and transforming growth factor (TGF) can further induce the expression of FAP (41). The systemic non-tuberculous mycobacterium granuloma case suggests that 68Ga-FAPI-04 PET can be used as an effective imaging tool to detect the degree of infection and evaluate the therapeutic effect.




Figure 6 | Physiological uptake of 68Ga-FAPI-04. (A) A 67-year-old man with mucinous adenocarcinoma of the right lung 1 year after surgery; arrows show pancreatic diffuse inflammatory uptake, SUVmax =4.66. (B) A 63-year-old man diagnosed with duodenal malignancy; arrows show obstructive pancreatitis, SUVmax = 18.11. (C) A 49-year-old woman, 3 months after surgery for early microinfiltrating adenocarcinoma of the right middle lobe and 2 months after surgery for left breast fibroma; arrows show surgical scar on the right chest with SUVmax =3.89. (D) An 83-year-old woman diagnosed with gastric cancer 6 months ago; arrows show deep vein catheterization area of the right neck with SUVmax =4.56.



Similar to findings of FDG, our study showed that regions with high 68Ga-FAPI-04 uptake did not necessarily represent malignancy. A previous FAPI study analyzed SUVmax of 28 different types of tumors (31) and reported that although 68Ga-FAPI-04 uptake was higher in malignant lesions than in benign lesions and physiological uptake regions, there was still some overlap. There was no statistically significant difference in SUVmax between the benign uptake regions and the physiological regions. This suggests that SUVmax cannot be used as a differential diagnostic index of physiological and benign uptake regions.

There were some limitations in our study. Since this study was retrospective, pathological verification of the lesions was challenging. Most of the diagnosis were based on the clinical history and the experience of the reviewers and with reference to other imaging modalities (CT, MRI, ultrasound, etc.), similar to previous studies. Although our sample size was relatively large, it was not possible to cover all non-tumor uptake regions. There is still a need to accumulate more cases in order to summarize the features of non-malignant lesion uptake in 68Ga-FAPI-04 as a way to improve the accuracy of diagnosis.



Conclusions

This study evaluated the SUVmax of 68Ga-FAPI-04 in non-tumoral uptake regions with a relatively large sample population and elaborated the possible pathophysiological mechanisms of these non-tumoral uptake regions. The results indicated that quite a few tissues exhibit physiological uptake of 68Ga-FAPI-04. Gender has a more significant effect on physiological expression of 68Ga-FAPI-04 than age. No statistical differences in 68Ga-FAPI-04 uptake were found between benign and physiological high uptake regions. Our study showed that regions with high 68Ga-FAPI-04 uptake did not necessarily represent malignancy, and therefore, being familiar with physiological 68Ga-FAPI-04 uptake and the uptake of typical benign lesions can be helpful for physicians to interpret images and diagnose disease.
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Pancreatic cystic neoplasms (PCNs) are a group of heterogeneous diseases with distinct prognosis. Existing differential diagnosis methods require invasive biopsy or prolonged monitoring. We sought to develop an inexpensive, non-invasive differential diagnosis system for PCNs based on radiomics features and clinical characteristics for a higher total PCN screening rate. We retrospectively analyzed computed tomography images and clinical data from 129 patients with PCN, including 47 patients with intraductal papillary mucinous neoplasms (IPMNs), 49 patients with serous cystadenomas (SCNs), and 33 patients with mucinous cystic neoplasms (MCNs). Six clinical characteristics and 944 radiomics features were tested, and nine features were finally selected for model construction using DXScore algorithm. A five-fold cross-validation algorithm and a test group were applied to verify the results. In the five-fold cross-validation section, the AUC value of our model was 0.8687, and the total accuracy rate was 74.23%, wherein the accuracy rates of IPMNs, SCNs, and MCNs were 74.26%, 78.37%, and 68.00%, respectively. In the test group, the AUC value was 0.8462 and the total accuracy rate was 73.61%. In conclusion, our research constructed an end-to-end powerful PCN differential diagnosis system based on radiomics method, which could assist decision-making in clinical practice.




Keywords: radiomics, computed tomography, pancreatic cystic neoplasm, differential diagnosis, ternary classification model



Introduction

Pancreatic cystic lesion (PCL) is one of the most common pancreatic diseases with a prevalence rate as high as 42% (1), and common pancreatic cystic neoplasms (PCN) accounts for 90.5% PCL (2). PCN is identified as a group of heterogeneous diseases with diverse characteristics and different prognosis (3). Serous cystadenoma (SCN), mucinous cystic neoplasm (MCN), and intraductal papillary mucinous neoplasm (IPMN) are the three main types of PCN, accounting for more than 85% of PCN (4). Because of the different rates of malignant transformation, the treatment principles of these three PCN subtypes recommended by the guidelines are variable (3).

Although modern modalities have been ubiquitously applied, the current diagnostic methods that can identify and evaluate PCN are still limited. In recent years, endoscopic ultrasonography–guided fine-needle aspiration (EUS-FNA) has been performed for cyst fluid analysis (5, 6). It is considered as a fairly sensitive tool for distinguishing PCN. However, EUS-FNA is an invasive method. Patients would suffer more pain than the non-invasive methods, such as computed tomography (CT) and MRI (7, 8). More importantly, CT and MRI have been widely applied as parts of health checkup. Compared with MRI, CT is even more widely used, is typically less expensive, and has less time for appointment. Unfortunately, SCNs, MCNs, and branch-duct IPMNs (BD-IPMNs) all demonstrate isolated cystic masses with low density cyst fluid and mild enhancement of the cyst wall on CT imaging, leading to a poor differential diagnosis and assessment even for an experienced radiologist (9). Moreover, the diagnostic accuracy rate of CT for PCN is between 40% and 81% (10–13). Thus, a higher diagnostic rate of contrast CT for PCN would extensively improve the total PCN screening rate.

Therefore, there is an urgent demand to develop a new non-invasive biomarker with a high accuracy in PCN diagnosis. Radiomics, sometimes referred to as “quantitative imaging”, is an emerging field focusing on disease auxiliary diagnosis or prognosis prediction and always integrates information such as genomic, transcriptome, and clinical data (14). After automatic feature extraction from images based on different algorithms, radiomics model is validated by support vector machine (SVM) or other classifiers. Through high-dimensional quantifiable features from images, radiomics can effectively and quantitatively evaluate the heterogeneity of images. Radiomics-assisted CT scan–based systems have ameliorated the accuracy of differential diagnosis in several organs, such as lung, central nervous system, rectum, liver, and pancreas (15–19). However, until now, relatively few studies have focused on PCN by analyzing SCNs, MCNs, and IPMNs simultaneously.

Thus, the aim of our study is to develop a non-invasive differential diagnosis system for PCNs based on imaging features in conjunction with patient’s clinical information.



Materials and methods


Workflow

The brief workflow of image processing and model development was illustrated in Figure 1.




Figure 1 | A general workflow of image processing and model development.





Patient selection

This retrospective study was approved by Human Research Ethics Committee of our hospital. From December 2013 to August 2022, a total of 253 patients, including 65 IPMN cases, 124 SCN cases, and 64 MCN cases, were pathologically confirmed as patients with PCN. All the patients were screened by the following exclusion criteria (shown in Figure 2.): (i) patients without an available contrast-enhanced CT (CECT) that could be downloaded from the hospital system; (ii) patients without a preoperative CECT 1 month before the surgery; (iii) patients without a complete CECT image that contains the whole pancreas and tumors; and (iv) patients lack one of the following tumor markers [CA50, CA125, CA199, and carcinoembryonic antigen (CEA)]. Finally, 129 patients, including 47 IPMN cases, 49 SCN cases, and 33 MCN cases, were included in this research.




Figure 2 | Patients’ enrolment process for this research.





CT protocols

Patients were told to take quiet respiration to minimize the artifact disturbance. Then, CT examination was performed on a 64-detector spiral CT-system (Somantom Definition AS, Siemens, Erlangen, Germany), providing acquisition capability of 128 slices with the following scanning parameters: 120 kV, 280 mA, 0.33-mm slice thickness with an interval of 0.33 mm, 1.5 spiral pitch, and tube rotation cycle of 0.33 s. The four-phase CT images included (1) plain scan (2), arterial phase (20 to 25 s of delay) (3), venous phase (50 to 55 s of delay), and (4) delay phase.



Segmentation

All the image segmentations were independently performed by two 5-year experienced pancreatic surgeons. The readers were both blinded to the pathologic result. Cases were divided equally to two readers. After all the work was done, images were exchanged between readers and checked again. Any disagreement would be sent to a director who would make the final decision. The three-dimensional (3D) Region of Interest (ROI) were completed by ITK-SNAP (version 3.8.0). According to the National Comprehensive Cancer Network (NCCN) guidelines (version 2.2019, 9 April 2019), venous phase images were recommended as the best phase for diagnosis (20). Examples of different patients in the venous phase are shown in Figure 3.




Figure 3 | Examples of different patients in the venous phase. Tumor regions were drawn with red. (A) CECT image of a 74-year-old man pathologically diagnosed with IPMN; (B) CECT image of a 61-year-old woman pathologically diagnosed with SCN; (C) CECT image of a 70-year-old man pathologically diagnosed with MCN.





Data preprocessing

First, truncate the gray value of the original data to [−100, 240] empirically, which still can fully cover the pancreas in the scans. Then, normalize it into the range [−1, 1]. Second, resample all samples to 1 × 1 × 1 mm according to the physical resolution of the original image. Third, perform the resample of CT image by bilinear interpolation from XY plane and XZ plane with python and OpenCV package.



Radiomics feature extraction methodology

Five steps were applied to extract the radiomics feature.

1. Randomize the included cases into the training group and the test group. In each disease, 25% of the cases were randomly selected into the test group (Table 1). 2. Calculate the 3D images features by the Pyradiomics package (python 3.6) (21) and statistics clinical features of the dataset. 3. Use DXScore algorithm as follows to arrange the feature: ① Calculate each feature’s DXScore. Its mathematical expression is   where m and d are the mean value and standard deviation of the feature X to positive (or negative) samples (22, 23); ② Arrange features in a descending order of the score. 4. Select features and construct model. The features were assessed with SVM in the training group with five-fold cross-validation, which is an effective method for validating overfitting (24, 25). Briefly, select the first N features, in turn, to assess the classification performance by five-fold cross-validation using SVM to obtain the relation of the number of features and the accuracy of classification (as shown in Figure 4). First, N features were selected under the maximum accuracy. Repeat the fourth step above 10 times to verify the stability of our method. 5. The test group was applied to verify the accuracy and robustness of the model again.


Table 1 | Characteristics of patients with IPMNs, SCNs, and MCNs.





Statistical analysis

Statistical analysis and graph drawing were performed using SPSS version 26.0 (IBM SPSS Inc., Chicago, IL, USA) and GraphPad prism version 9.4.1 (GraphPad Software., San Diego, CA, USA). P-value below 0.05 is considered statistically significant.




Result


Patient information

A total of 129 patients, including 47 IPMNs, 49 SCNs, and 33 MCNs, were analyzed in this study. The difference between age (P = 9.3 × 10−5), gender (P = 4.0 × 10−6), tumor location (P = 1.3 × 10−5), CA125 (PSCNs/MCNs= 5.1 × 10−4), CA19-9 (P = 0.044), and CEA (P = 0.001) was statistically significant among the three categories. More detailed information about the characteristics of the patients is shown in Table 1.



Selection of radiomics and clinical features

A total of 950 features, including six significant features (age, gender, tumor location, CA125, CA19-9, and CEA) in patients’ clinical information, and 944 features from Pyradiomics documentation that could be categorized as seven classes (Figure S1) were extracted in the training group in Section 2.6. The features were ordered by a DXScore value in a descending order. More detailed information about ordered features is shown in Table S1.



Construction and validation of radiomics model

We performed five-fold cross-validation 10 times to construct models. The standard deviation of area under the receiver operating characteristic curve (AUC) value (0.0152) and accuracy (ACC) value (0.0146) proved the models’ robustness and reliability. Balanced with the number of the used features, diagnostic accuracy, and AUC value in each model, we finally chose Model 6 for the following analysis (Figure 5). The relationship between the number of the used features and the diagnostic accuracy in Model 6 is shown in Figure 4. All the selected features’ information is shown in Figure 6.




Figure 4 | AUC value and diagnosis accuracy constructed with the number of used features. The optimal feature number was 9 with the highest ACC value of 74.22% and AUC value of 86.87% in Model 6. Moreover, the respective AUC values of IPMN, SCN, and MCN have also reached 0.9083, 0.8622, and 0.8356 (Figure 7). We find that the overall predictive rate was 74.23% and the predictive rates in IPMNs, SCNs, and MCNs were 74.26%, 78.37%, and 68.00%, respectively. Confusion matrix was also drawn in Figure 7. The sensitivity (SEN) rates of IPMN, SCN, and MCN were 74.29%, 78.38%, and 68.00%. The specificity (SPEC) rates of IPMN, SCN, and MCN were 91.94%, 81.67%, and 87.50%.






Figure 5 | AUC value, ACC value, and the used feature number of 10 times five-fold cross-validation models. Model 6 was selected because of its suitable feature number and slightly higher AUC and ACC values. M indicates Model.






Figure 6 | Heat map of radiomics features and cases in the three categories. The features on y-axis from top to bottom are arranged in a descending order according to the DXScore value. Right color bar represents color coding of normalized value of each radiomics feature.



And the respective AUC values of IPMN, SCN, and MCN have also reached 0.9083, 0.8622 and 0.8356 (Figure 7). We are were delighted to find that the overall predictive rate was 74.23% and predictive rate in IPMNs, SCNs and MCNs were 74.26%, 78.37% and 68.00%, respectively. Confusion matrix was also drawn in Figure 7. The sensitivity of IPMN, SCN, and MCN were 74.29%, 78.38% and 68.00%. The specificity of IPMN, SCN, and MCN were 91.94%,81.67% and 87.50%.




Figure 7 | ROC curves of IPMN, SCN, and MCN and the total cases for the Model 6. The final AUC values of IPMN, SCN, and MCN were 0.9083, 0.8622, and 0.8356, respectively. In addition, the mean AUC value of five-fold cross-validation was 0.8687. ROC, receiver operating characteristic; AUC, area under the ROC curve. Relative confusion matrix of the three categories. Right color bar represents color coding of predicative rates from 0 to 1.



The classification model was conducted on the test group to test its robustness and generalization. The ROC curves and detailed information regarding diagnostic discrepancies between model’s predictive result and definitive histological diagnosis in the test group are shown in Figure 8. In brief, the overall AUC value and predictive rate were 0.8462 and 73.61%, respectively, which illustrated the reliability of our model. The SEN rates of IPMN, SCN, and MCN in the test group were 83.33%, 75.00%, and 62.50%. The SPEC rates of IPMN, SCN, and MCN in the test group were 95.00%, 80.00%, and 87.50%.




Figure 8 | ROC curves of IPMN, SCN, and MCN and the total cases in the test group. The final AUC values of IPMN, SCN, and MCN were 0.9250, 0.8167, and 0.7969, respectively. In addition, the mean AUC value of test group was 0.8462. ROC, receiver operating characteristic; AUC, area under the ROC curve. Relative confusion matrix of the three categories. Right color bar represents color coding of predicative rates from 0 to 1.



Least absolute shrinkage selection operator (LASSO) regression is widely used because of its well performance (26–29). We compared DXScore algorithm with LASSO regression in the test group. ACC, AUC, SEN, and SPEC rates were all higher in DXScore algorithm than that in LASSO regression, especially 13.93% higher in ACC (Table 2).


Table 2 | SVM classification performance of selected feature subsets with different methods in the test group. .



To conduct a deeper and more detailed research, we also analyzed the relationship between selected features and each patient quantitatively. The distribution of the nine selected radiomics features in 129 cases, categorized as IPMNs, SCNs, and MCNs, is shown in Figure 6. For a better visualization, we normalized each value of radiomics features by mean and standard deviation. As is shown in the heat map, the higher the DXScore value of the features was, the deeper the color was used, and distinct patterns among three categories can be observed.




Discussion

Patients with PCN have distinct treatment principles. Patients with SCNs demonstrate benign preponderance and a good prognosis (30, 31). Patients are recommended with regular monitoring and follow-up (32). MCNs, main pancreatic duct IPMNs, and mixed IPMNs show a higher risk of malignant transformation (33, 34). Surgery is recommended to those patients before the neoplasms progress to cancer (35). Although it is the most common type of IPMNs, BD-IPMN has a relatively low malignant tendency and it does not often invade the main pancreatic duct. Because of subtle difference in imaging characteristics, it is currently extremely difficult to perform differential diagnosis through traditional CT and MRI scans. According to the previous studies, the overall preoperative diagnostic accuracy rates of PCNs by clinicians were 37.3% and 61.0%, with SCN diagnostic accuracy rates of 30.4% and 24.2%, which is far from satisfactory (26, 36). Thus, we retrospectively analyzed 129 patients and constructed a DXScore algorithm–based model with an overall accuracy rate of 74.23%.

In our results, we have screened out a few important features. Among those radiomics features, “Original shape Sphericity” was the most important one. Sphericity is a measure of the roundness of the shape of the tumor region relative to a sphere (37). In general, non-SCNs demonstrate a regular oval shape and usually hold a smooth contour, whereas SCNs tended to have a multicystic or lobulated shape. Sahani et al. and Kim et al. also discovered the importance of surface contours in diagnosing PCN (38, 39). Because the following seven radiomics features, included in model (Figure 6), were obtained through wavelet and principal component analysis that cannot be directly reflected in the original images, there was no intuitive clinical implication. As for the clinical features, tumor location was selected by DXScore algorithm, ranking first among the nine features. Indeed, the majority of IPMN is located in the head of the pancreas in traditional analysis, whereas SCN and MCN are often localized in the body or tail of the pancreas (40–43). Tumor location may have a more intuitive clinical implication than other clinical features in PCNs diagnosis. Whereas, five significant ones (age, gender, CA125, CA19-9, and CEA) were not included in the machine learning algorithm. Wei et al. found that gender was an important SCN diagnostic factor (26). Moreover, there was a controversial in the relationship between age and PCNs. Kim et al., Goh et al., and Wei et al. found that age was an insignificant differential diagnostic factor. Whereas, several other studies have considered age as an important factor (38, 44, 45). However, those were finally not selected by DXScore in our study. Therefore, this is a typical example that artificial intelligence is able to surpass people’s inherent logic and achieve a better classification result.

For a more precise model and automatic process, there would be two steps: first is the automatic identification of the pancreas and second is the construction of models with higher accuracy. Manual segmentation takes time and effort. Although the accuracy of automatic pancreas segmentation has been up to 85%, there is a long way before automatic pancreas segmentation can be applied in clinical practices (46–48). For our sake, we will further explore in the field of automatic pancreas segmentation to accelerate the process of clinical application of automatic pancreatic disease identification. As for classification algorithm, several methods have been widely applied in various research studies: Wilcoxon rank-sum test (WRST), relief, logistic regression, X2-test, and LASSO. In our study, we applied a novel DXScore algorithm. Compared with an AUC value of 0.7590 for LASSO in our research, DXScore algorithm achieved an AUC value of 0.8462.

In the field of PCN differential diagnosis, most literatures constructed a binary classification model (26, 28, 49). Only Dmitriev et al. constructed a four-class classification model for the diagnosis of IPMNs, MCNs, SCNs, and solid pseudopapillary neoplasms with convolutional neural network and random forest classifier. This model reached a diagnostic rate of 95.9%, 64.3%, 51.7%, and 100%, respectively (50). In our ternary classification model, the diagnostic rates in the five-fold cross-validation algorithm of IPMNs, MCNs, and SCNs have reached 74.26%, 78.37%, and 68.00%, respectively, and the diagnostic rates of IPMNs, MCNs, and SCNs in the test group have reached 83.33%, 75.00%, and 62.50%, respectively. Our model has shown a feasible performance in the differential diagnosis between SCNs and MCNs, which is the most difficult one according to the clinical experience.

Our article also has some limitations. Because of the ternary classification model, a relatively small number of patients were included in each category. Because most patients with pancreatic cysts have no clinical symptoms and not all the patients require surgical intervention, it is difficult for a single center to obtain a large number of pathologically identified cases (51, 52). In the next step, we will continue to recruit patients, improve the PCNs database capacity, and further test the extensibility of our model with multicenter data.

In conclusion, this research preliminarily verified the application value of radiomics in the differential diagnosis of pancreatic cystic tumors. With more intensive future research and the construction of more reliable prediction models, artificial intelligence technology will greatly help clinicians in the diagnosis and treatment of diseases. In the future, a large number of studies are still needed to conduct prospective studies to further confirm the diagnostic accuracy and application value of imaging omics in clinical practices.
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Objective

This study aims to evaluate the value of contrast-enhanced ultrasound (CEUS), shear wave elastography (SWE), and their combined use in the differentiation of American College of Radiology (ACR) thyroid imaging reporting and data system (TI-RADS) 4 and 5 category thyroid nodules coexisting with Hashimoto’s thyroiditis (HT).



Materials and methods

A total of 133 pathologically confirmed ACR TI-RADS 4 and 5 category nodules coexisting with HT in 113 patients were included; CEUS and SWE were performed for all nodules. The sensitivity, specificity, negative predictive value (NPV), positive predictive value (PPV), accuracy, and the area under the receiver operating characteristic curve (AUC) of the SWE, CEUS, and the combined use of both for the differentiation of benign and malignant nodules were compared, respectively.



Results

Using CEUS alone, the sensitivity, specificity, PPV, NPV, and accuracy were 89.2%, 66.0%, 81.3%, 78.6%, and 80.5%, respectively. Using SWE alone, Emax was superior to Emin, Emean, and Eratio for the differentiation of benign and malignant nodules with the best cutoff Emax >46.8 kPa, which had sensitivity of 65.1%, specificity of 90.0%, PPV of 91.5%, NPV of 60.8%, and accuracy of 74.4%, respectively. Compared with the diagnostic performance of qualitative CEUS or/and quantitative SWE, the combination of CEUS and SWE had the best sensitivity, accuracy, and AUC; the sensitivity, specificity, PPV, NPV, accuracy, and AUC were 94.0%, 66.0%, 82.1%, 86.8%, 83.5%, and 0.80 (95% confidence interval: 0.713, 0.886), respectively.



Conclusion

In conclusion, CEUS and SWE were useful for the differentiation of benign and malignant ACR TI-RADS 4 and 5 category thyroid nodules coexisting with HT. The combination of CEUS and SWE could improve the sensitivity and accuracy compared with using CEUS or SWE alone. It could be a non-invasive, reliable, and useful method to differentiate benign from malignant ACR TI-RADS 4 and 5 category thyroid nodules coexisting with HT.





Keywords: shear wave elastography, Hashimoto’s thyroiditis, thyroid nodule, American College of Radiology, thyroid imaging reporting and data system, contrast-enhanced ultrasound



1 Introduction

Thyroid nodules are a common disease and have shown a prevalence of 5% to 7% in the adult population with physical examination alone, while ultrasound examination shows a prevalence of 20% to 76% in this same population (1–3). Thyroid nodules are the most commonly found tumors in the cervical region, with nearly 10% being malignant nodules (4). It has been reported that one-third of thyroid cancer cases are prone to lymph node metastasis; thus, precise diagnosis and early treatment are significantly important for the recovery and better outcome of patients (5).

Hashimoto’s thyroiditis (HT) is the most common autoimmune thyroid disease, and the link between HT and thyroid cancer has been debated and remains controversial (6). The diagnosis of thyroid nodules with HT may be confusing in clinical work. Conventional ultrasound can differentiate benign from malignant nodules based on some characteristics, including marked hypo-echogenicity, a shape which is taller than wide, irregular margin, and micro-calcification (7). However, these characteristics have overlaps between benign and malignant nodules, especially those coexisting with HT. Some studies found that the irregular or micro-lobulated margins of benign nodules were more frequent in HT patients with a heterogeneous echogenicity background, and some conventional ultrasound characteristics were difficult to identify in the heterogeneous thyroid gland coexisting with HT, such as margin and calcification (8, 9). Thus, it is important to find a method to differentiate benign from malignant nodules coexisting with HT.

Currently, fine-needle aspiration (FNA) is the most effective and practical method used to reach a definitive diagnosis (10). However, most nodules are benign, and some malignant nodules frequently present an indolent behavior; therefore, not all thyroid nodules need FNA. To identify the most clinically significant malignant nodules and reduce the number of biopsies, the American College of Radiology (ACR) presents the thyroid imaging reporting and data system (TI-RADS) (7). However, the cancer risk levels were 5%–20% for ACR TI-RADS 4 category and at least 20% for ACR TI-RADS 5 category (11). There was a great overlap between benign and malignant nodules in ACR TI-RADS 4 and 5 categories, especially for nodules coexisting with TH. Thus, it is important to find a reliable and noninvasive method to differentiate benign from malignant ACR TI-RADS 4 and 5 category nodules, especially for nodules without recommendation of FNA.

In recent years, shear wave elastography (SWE) and contrast-enhanced ultrasound (CEUS) have been widely used in the diagnosis of thyroid nodules. SWE can quantitatively measure real-time tissue elasticity, along with a color-coded elasticity map (12). Many studies have found that the elasticity index of thyroid cancer is higher than that of benign thyroid nodules (13–17). CEUS can qualitatively or quantitatively evaluate the macro- and micro-vascularization patterns of thyroid nodules compared with the surrounding tissue, which is a promising noninvasive method for differentiating benign from malignant nodules. However, there were overlapping parameters and patterns with CEUS qualitative and quantitative evaluation in the differentiation of benign and malignant nodules, which indicate a limitation in the interpretation of tumor vascularization (18).

ACR TI-RADS 4 and 5 category thyroid nodules coexisting with HT were difficult to differentiate, and using CEUS or SWE alone had its limitation. The study aimed to explore the diagnostic performance of SWE, CEUS, and the combination of CEUS and SWE in ACR TI-RADS 4 and 5 category thyroid nodules coexisting with HT and find the reliable and noninvasive method to differentiate benign from malignant nodules, which would be beneficial to manage patients and improve their prognosis.



2 Materials and methods

This prospective study was approved by the ethics committee of Yueyang Central Hospital.


2.1 Patients

From April 2020 to July 2021, a total of 113 patients with 133 ACR TI-RADS 4 and 5 category thyroid nodules were recruited. The inclusion criteria were listed as follows: (a) patients aged 18 years or older with at least a thyroid nodule detected on the conventional ultrasound, (b) all patients gave signed informed consent before the SWE and CEUS examinations, (c) the pathology of all the thyroid nodules was confirmed via surgery according to standard clinical protocols, and (d) all patients were pathologically diagnosed as HT. Patients were excluded if they previously had a FNA, previously had radiofrequency ablation, had a contraindication of CEUS, or had unsatisfactory images.



2.2 Ultrasound examination

All ultrasound examinations including conventional ultrasound, SWE, and CEUS were performed with a high frequency transducer (L15-4 or L10-5 Aixplorer, Supersonic Imaging, France).

Conventional ultrasound was performed. When a target thyroid nodule was detected, the general characteristics were observed, including composition, echogenicity, shape, margin, and echogenic foci (7). Each lesion was classified into ACR TI-RADS 4 category (moderately suspicious) or ACR TI-RADS 5 category (highly suspicious).

The SWE imaging examinations were induced by the L10-5 transducer. In order to overcome the effect of artery pulsation on SWE measurement, a longitudinal section is often selected to conduct the SWE imaging. The probe was lightly applied while the patients were asked to hold their breath. The region of interest included the whole thyroid nodules, and in order to obtain satisfactory SWE imaging, several tips were suggested: (1) the upper edge of the region of interest is more than 1 cm away from the skin, (2) the depth of the lower edge of the region of interest should not exceed 4 cm, and (3) the length of the region of interest is two to three times larger than the nodules. The stiffness range of color map was from blue to red (0–180 kPa); the standard SWE imaging was obtained with several seconds of immobilization. The SWE measurement used quantification box (Q-box), and the Q-box should contain the nodules, excluding the surrounding organizations, which can automatically obtain Young’s modulus of Emin, Emean, and Emax. Eratio was defined as the ratio of Young’s modulus, which was obtained from the ratio of two Q-box in the same depth. The first Q-box was placed in the hardest region of the nodules, while the second Q-box was placed in the surrounding normal thyroid tissues. The diameter of the Q-box was 2 mm. The median was taken for five measurements to obtain more accurate results.

After the SWE imaging examination, CEUS was performed by using the L10-5 transducer. The patients were asked to lie down in the supine position, and the double-contrast mode was used to display nodules clearly. To avoid micro-bubble disruption, the focus was placed slightly deeper than the nodules with a low mechanical index that ranged from 0.06 to 0.08. A total of 25 mg sulfur hexafluoride (SonoVue®, Bracco International, Milan, Italy) was dissolved in 5 ml 0.9% sodium chloride and was injected with an intravenous bolus of 2.4 ml per patient, followed by a 5-ml saline flush. Each contrast imaging acquisition that lasted at least 120 s was stored in the machine hard disk.

All sonographic examinations were performed by the same investigator who had more than 10 years of experience in thyroid ultrasound and 5 years of experience in SWE and CEUS.



2.3 Statistical analysis

SPSS 23.0 and MedCalc 19.0 were used for all statistical analyses. The parameters of SWE and the enhancement patterns of CEUS were compared with the t-test, Kappa analysis, or Fisher’s exact test. A receiver operating characteristic (ROC) curve differentiating benign from malignant thyroid nodules was drawn according to Young’s modulus for each nodule. The optimal cutoff value and area under the curve (AUC) were calculated. The sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV), accuracy, and AUC of SWE, CEUS, or the combination of SWE and CEUS were calculated and compared, respectively. P <0.05 was considered to indicate statistical significance.




3 Results


3.1 General information between the benign and malignant nodules

Of the 133 nodules, the surgical pathological results showed that 50 nodules were benign and 83 nodules were malignant; all nodules were coexisting with HT (Figure 1). There was no significant difference in sex, age, the maximum diameter of nodules, and the number of nodules between benign and malignant nodules (P >0.05) (Table 1).




Figure 1 | Flow chart for the selection of thyroid nodules.




Table 1 | General information between benign and malignant nodules.





3.2 CEUS in the differentiation of the benign and malignant nodules

The enhancement patterns of all thyroid nodules are summarized in Table 2. There were significant differences in peak enhancement, enhancement evenness, and ring enhancement with qualitative CEUS between benign and malignant thyroid nodules (P < 0.05). The benign thyroid nodules mostly manifested no enhancement, hyper-enhancement, iso-enhancement, homogeneous enhancement, or ring enhancement, while the malignant thyroid nodules mostly manifested hypo-enhancement, heterogeneous enhancement, or without ring enhancement. Using CEUS alone, the sensitivity, specificity, PPV, NPV, and accuracy were 89.2%, 66.0%, 81.3%, 78.6%, and 80.5%, respectively.


Table 2 | Enhancement patterns of all thyroid nodules.





3.3 SWE in the differentiation of the benign and malignant nodules

A ROC curve was drawn based on Emin, Emean, Emax, and Eratio to determine the optimal cutoff point for discriminating benign from malignant nodules. The optimal cutoff point was 27.8 kPa for Emin, 34.1 kPa for Emean, 46.8 kPa for Emax, and 1.25 for Eratio, respectively. Compared with the diagnostic performance of Emin, Emean, Emax, and Eratio (Table 3), Emax was superior to Emin, Emean, and Eratio, which had sensitivity of 65.1%, specificity of 90.0%, PPV of 91.5%, NPV of 60.8%, and accuracy of 74.4%.


Table 3 | Diagnostic performance of Emin, Emean, Emax, and Eratio in differentiating benign and malignant nodules.





3.4 Comparing the diagnostic performance of CEUS, SWE, and the combination of CEUS and SWE in differentiating benign and malignant nodules

The standard of the combination of qualitative CEUS and quantitative SWE was that the nodules were recognized as benign when qualitative CEUS manifested benign enhancement patterns and Emax <46.8 kPa simultaneously (Figure 2). Compared with using CEUS or SWE alone, combination of CEUS and SWE had the best sensitivity, accuracy, and AUC (Figure 3). The sensitivity, specificity, PPV, NPV, accuracy, and AUC were 94.0%, 66.0%, 82.1%, 86.8%, 83.5%, and 0.80 (95% confidence interval: 0.713, 0.886), respectively (Table 4).




Figure 2 | A 32-year-old woman with a nodule in the left lobe of the thyroid. (A) Conventional ultrasound revealed a 5 × 6-mm solid hypo-echoic nodule with a smooth margin, shape that was taller-than-wide, and without obvious calcification; this was categorized ACR TI-RADS 5. (B) The nodule presented a rich blood flow signal. (C) Quantitative shear wave elastography (SWE) revealed 7.7 kPa for Emin, 20.7 KPa for Emean, 31.2 kPa for Emax, and 0.6 for Eratio. (D) Qualitative contrast-enhanced ultrasound (CEUS) of the nodule revealed homogenous, hyper-enhancement. The combination of CEUS and SWE revealed that this nodule may be benign. The surgical pathology was focal Hashimoto’s thyroiditis.






Figure 3 | ROC of contrast-enhanced ultrasound (CEUS), shear wave elastography (SWE), and the combination of CEUS and SWE in differentiating benign and malignant nodules. ROC, receiver operating characteristic; AUC, area under the ROC curve.




Table 4 | Diagnostic performance of contrast-enhanced ultrasound (CEUS), shear wave elastography (SWE), and the combination of CEUS and SWE in differentiating benign and malignant nodules.





3.5 Management and recommendation of ACR TI-RADS 4 and 5 category thyroid nodules coexisting with HT

According to the ACR TI-RADS, TI-RADS 4 category nodules with the maximal diameter ≧1.5 cm or TI-RADS 5 category nodules with the maximal diameter ≧1 cm were recommended for FNA. In this study, the malignant rate of TI-RADS 4 and 5 category nodules coexisting with HT and recommended for FNA was 50% (13/26), while the malignant rate of TI-RADS 4 and 5 category nodules coexisting with HT recommended for follow-up was 64.5% (70/107).




4 Discussion

Our study found that CEUS could evaluate tumor vascularization with enhancement patterns, and SWE could provide additional stiffness information, which was useful for the differentiation of ACR TI-RADS 4 and 5 category thyroid nodules coexisting with HT. The combination of CEUS and SWE could improve the sensitivity and accuracy compared with using CEUS or SWE alone.

ACR TI-RADS (7) presents a system for risk stratification of thyroid nodules, which was widely used to identify the most clinically significant malignant nodules and recommend them for FNA. According to the ACR TI-RADS, TI-RADS 4 category nodules with maximal diameter ≧1.5 cm or TI-RADS 5 category nodules with maximal diameter ≧1 cm were recommended for FNA; however, small thyroid cancers with maximal diameter ≤10 mm might mainly cause the “epidemic” of thyroid carcinoma (19). In this study, many TI-RADS 4 or 5 category nodules coexisting with HT and recommended for follow-up might be malignant. The malignant rate accounted for 65.4%. These small thyroid carcinomas made the patients endure a great psychological burden. Moreover, the ACR TI-RADS 4 and 5 category nodules coexisting with HT in patients were difficult to differentiate because of the heterogeneous and coarse thyroid parenchyma caused by the repetitive damage of chronic inflammation (20). Thus, it is a major challenge in the management of thyroid nodules with indeterminate cytology or suspicious conventional ultrasound features.

There were many studies on the qualitative CEUS features in differentiating benign thyroid nodules from malignant ones. According to the EFSUMB guidelines and recommendations for the clinical practice of contrast-enhanced ultrasound in non-hepatic applications (18), hypo-enhancement and heterogeneous enhancement are the predictors of malignancy on CEUS (21–26). A hypo-enhancement pattern was the most precise predictor of malignancy, which had sensitivity, specificity, and accuracy of 82%, 85%, and 84%, respectively (18, 23), while a heterogeneous enhancement pattern had sensitivity, specificity, and accuracy of 88.2%, 92.5%, and 90.4%, respectively (24–26). Some studies (27) found that a ring enhancement pattern was a very strong indicator of benign nodules, which had sensitivity, specificity, and accuracy of 83.0%, 94.1%, and 88.5%, respectively (24, 25). In this study, we observed CEUS enhancement patterns in ACR TI-RADS 4 and 5 category thyroid nodules coexisting with HT; it was consistent with a previous study. HT did not seem to affect the CEUS enhancement patterns in thyroid nodules.

When CEUS was used alone, 80.5% ACR TI-RADS 4 and 5 category nodules coexisting with HT could be accurately diagnosed. However, there were 34.0% (17/50) benign nodules that presented heterogeneous and hypo-enhancement, including 11 nodules that were nodular goiter with fibrosis or calcification, five nodules that were focal HT, and one nodule that was subacute thyroiditis. The malignant CEUS enhancement patterns of focal HT may be related to focal hypothyroidism with severe follicular degeneration (28), while that of subacute thyroiditis may be caused by the heterogeneous distribution of inflammatory cells with focal fiber hyperplasia. There were 10.8% (9/83) malignant nodules that present hyper-enhancement, iso-enhancement, or homogeneous enhancement, while the maximal diameter of 88.9% (eight out of nine) of these nodules was <10 mm, which may be because it was difficult to observe the enhancement patterns in small nodules or the neo-vascularization of some small thyroid nodules was not obvious. Therefore, using CEUS alone was insufficient to differentiate benign from malignant ACR TI-RADS 4 and 5 category nodules coexisting with HT.

In recent years, elastography has become available for thyroid nodule evaluation as reported in many studies, which is emerging as a potential method for the differentiation of benign and malignant thyroid nodules and may provide additional information to support clinical decision-making (29). Some studies (30–33) reported that strain elastography (SE) was useful for the prediction of malignancy and differentiation of thyroid nodules with indeterminate FNA cytology. Sengul et al. (31) found that SE score could affect the clinical decision-making for patients with indeterminate FNA cytology. Zhu et al. (32) reported that a high SE score was a significant predictor for malignancy. However, SE was challenged and criticized due to its operator dependency (34).

Compared with SE, SWE is less influenced by the experience and operation of the operator. Zhang et al. (35) found that SWE had high diagnostic efficiency for ACR TI-RADS 4 and 5 category thyroid nodules; the accuracy was 76.1%, with the best cutoff of Emax being 40.9 kPa. Chen et al. (36) conducted a meta-analysis with 4,296 thyroid nodules and found that Supersonic shear imaging showed high accuracy in the differentiation between benign and malignant thyroid nodules, which could serve as a noninvasive and important tool for thyroid nodule evaluation. Liao et al. (37) found that SWE could be an independent predictor for malignant thyroid nodules; the sensitivity and specificity were 81% and 65%, respectively, with the best cutoff of Emean being 32 kPa. In this study, we found that SWE was useful in the differentiation of benign and malignant ACR TI-RADS 4 and 5 category thyroid nodules, which was consistent with a previous study (35–37), and HT did not seem to affect the stiffness of thyroid nodules. Compared with Emin, Emean, and Eratio, Emax >46.8 kPa had the best diagnostic performance for ACR TI-RADS 4 and 5 category thyroid nodules coexisting with HT in this study.

When using Emax alone, there were 10% (five out of 50) benign nodules with Emax >46.8 kPa, which may be because some nodular goiter nodules with fibrosis and calcification could significantly improve the Emax. There were 34.9% (29/83) malignant nodules with Emax <46.8 kPa, and the maximal diameter of 100% (29/29) of these nodules was <10 mm (Figure 4). In general, the characteristics of thyroid nodules may be determined already during the initial formation, such as the growth of malignant nodules, the normal follicle damage, the interstitial components being reduced, fibrosis in nodules which increased, and partial nodules presenting calcium and salt deposition. All the above-mentioned features could improve the hardness of thyroid nodules. Therefore, the tissue components gradually change, and the hardness increases, accompanied by the nodules’ increase in size. Thus, the elastography in the differentiation of benign and malignant thyroid nodules might be affected by nodule size. Sengul et al. (38) found that nodule size over 15 mm might strengthen the prediction among high SE scores. Li et al. (39) found that thyroid nodule size affects the optimal Emax cutoff value of SWE. Shang et al. (40) found that Emax was significantly correlated with the size of the nodules. Wang et al. (41) found that conventional ultrasound combined with SWE had higher specificity for nodules smaller than 10 mm and higher sensitivity for nodules larger than 10 mm. Therefore, it was insufficient to identify the characteristics of ACR TI-RADS 4 and 5 category thyroid nodules coexisting with HT, especially for those with maximal diameter <10 mm, which may be related to the small malignant nodules with inconspicuous fibrosis or calcification.




Figure 4 | A 38 year-old-woman with a nodule in the right lobe of the thyroid. (A) Conventional ultrasound revealed an 8 × 9-mm solid hypo-echoic nodule with an irregular margin, shape that was taller-than-wide, and with punctate echogenic foci; this was categorized ACR TI-RADS 5. (B) The nodule presented a spot blood flow signal. (C) Quantitative shear wave elastography (SWE) revealed 25.7 kPa for Emin, 30.4 kPa for Emean, 34.8 kPa for Emax, and 1.9 for Eratio. (D) Qualitative contrast-enhanced ultrasound (CEUS) of the nodule revealed heterogenous, hypo-enhancement. Even the Emax was <46.8 kPa; the CEUS presented malignant enhancement patterns. The combination of CEUS and SWE recognized this nodule as malignant. The surgical pathology was papillary thyroid carcinoma with Hashimoto’s thyroiditis.



When CEUS was combined with SWE, the sensitivity and accuracy increased compared with using CEUS or SWE alone. Only 6.0% (five out of 83) malignant thyroid nodules were misdiagnosed due to benign enhancement patterns on CEUS and SWE <46.8 kPa. The maximal diameter of all these nodules was <10 mm, including 80% (four out of five) of them which were 5 to 6 mm, which may be caused by inconspicuous neo-vascularization and atypical fibrosis or calcification. Thus, the combination of CEUS and SWE should be carefully used for these small thyroid nodules.

There were several limitations in this study. First, it was a preliminary study in one center with a small sample. Second, qualitative CEUS was used in this study, and no comparison was made with quantitative CEUS. Third, some final pathology results of patients were not available, which may have caused a selection bias of enrolment.



5 Conclusion

In conclusion, CEUS and SWE were useful for the differentiation of benign and malignant ACR TI-RADS 4 and 5 category thyroid nodules coexisting with HT. The combination of CEUS and SWE could improve the sensitivity and accuracy compared with using CEUS or SWE alone, which could be a non-invasive, reliable, and useful method to differentiate benign from malignant ACR TI-RADS 4 and 5 category thyroid nodules coexisting with HT, and it might be beneficial to manage patients and improve their prognosis.
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Purpose

The aim of this study was to investigate the diagnostic efficacy of Acoustic Radiation Force Impulse (ARFI) for benign and malignant thyroid nodules in the presence and absence of non-papillary thyroid cancer (NPTC) and to determine the cut-off values of Shear Wave Velocity (SWV) for the highest diagnostic efficacy of Virtual Touch Quantification (VTQ) and Virtual Touch Tissue Imaging and Quantification (VTIQ).



Methods

The diagnostic accuracy of ARFI for benign and malignant thyroid nodules was assessed by pooling sensitivity, specificity and area under the curve (AUC) in each group in the presence and absence of both non-papillary thyroid glands, using histology and cytology as the gold standard. All included studies were divided into two groups according to VTQ and VTIQ, and each group was ranked according to the magnitude of the SWV cutoff value to determine the SWV cutoff interval with the highest diagnostic efficacy for VTQ and VTIQ.



Results

A total of 57 studies were collected on the evaluation of ARFI for the diagnosis of benign and malignant thyroid nodules. The results showed that the presence of non-papillary thyroid carcinoma led to differences in the specificity of VTIQ for the identification of benign and malignant thyroid nodules, and the differences were statistically significant. In addition, the diagnostic efficacy of VTQ was best when the cutoff value of SWV was in the interval of 2.48-2.55 m/s, and the diagnostic efficacy of VTIQ was best when the cutoff value of SWV was in the interval of 3.01-3.15 m/s.



Conclusion

VTQ and VTIQ have a high diagnostic value for benign and malignant thyroid nodules; however, when the malignant nodules in the study contain non-papillary thyroid carcinoma occupying the thyroid gland, the findings should be viewed in a comprehensive manner.





Keywords: non-papillary thyroid cancer (NPTC), virtual touch quantification (VTQ), virtual touch tissue imaging and quantification (VTIQ), shear wave velocity (SWV), meta-analysis



Introduction

Thyroid nodules are a very common thyroid disorder and the incidence of thyroid nodules has shown an increasing trend year by year over the last few decades (1). Thyroid cancer accounts for 5% of thyroid nodules (2). There are four main types of thyroid cancer pathology: papillary, follicular, medullary and interstitial. The most common of these pathological types is papillary thyroid cancer (PTC), which also has the best prognosis among thyroid cancers, while the others have a poor prognosis (3). Among them, interstitial thyroid cancer, although less common, is one of the most dangerous tumors and is an associated cause of death in nearly half of thyroid cancer patients (4). Therefore, the first prerequisite for clinical diagnosis is to identify the benign and malignant thyroid nodules and then to develop the most appropriate treatment plan based on this, in order to reduce unnecessary surgeries and surgical complications, and ultimately to improve the quality of life as well as the health status of patients.

Ultrasonography is the test of choice for thyroid disease. Preoperative ultrasound examination of thyroid nodules is the most commonly used clinical method. However, conventional ultrasonography, including color Doppler ultrasound, cannot accurately differentiate between benign and malignant thyroid nodules, even when combined with CT and MRI examinations (1).

Currently, fine-needle aspiration biopsy (FNAB) is one of the recommended adjuncts for the diagnosis of thyroid nodules, but studies have shown that the sensitivity and specificity of FNAB for the diagnosis of thyroid nodules are 65-98% and 72-100%, respectively, and 20%-30% of samples cannot be diagnosed pathologically, with a certain rate of underdiagnosis (5–10). Moreover, FNAB is an invasive procedure with potential complications that have a negative impact on the patient’s health.

In recent years, acoustic radiation force pulse elastography (ARFI) has been widely used in the examination of thyroid diseases, which can reflect the different hardness characteristics of benign and malignant lesions and is very useful for the identification of benign and malignant lesions (11). ARFI includes virtual touch tissue imaging and quantification (VTIQ) and virtual touch tissue quantification (VTQ) techniques, which are based on the principle of measuring the shear wave velocity (SWV) of the regions of interest (ROI) of the tissue. SWV is used to quantify the stiffness of the tissue. In a tissue lesion, the faster the shear wave velocity, the harder the lesion; the slower the shear wave velocity, the softer the lesion (2). Tissue stiffness is a characteristic that can reflect the nature of the nodule. The degree of fibrosis and the number of tumor cells vary among different histologic types of thyroid nodules, resulting in different stiffness in different histologic types of thyroid nodules. Compared to papillary carcinomas, other types of thyroid carcinomas, such as follicular, medullary, and undifferentiated carcinomas exhibit relatively soft structures (12).

In the past, a meta-analysis was performed to evaluate the diagnostic efficacy of ARFI in identifying benign and malignant thyroid nodules, and the results of the study showed that ARFI performed well in the differential diagnosis of benign and malignant thyroid nodules, and that ARFI may help guide the clinical choice of surgery for patients with thyroid nodules (13). However, this study only made a simple benign-malignant distinction between thyroid nodules and did not further delineate the pathological types of thyroid cancer.

The main objective of the present study, taken together with previous studies, was to assess whether the presence of nonpapillary thyroid cancer affects the diagnostic efficacy of ARFI for benign and malignant thyroid nodules and to determine the cut-off interval of SWV with optimal diagnostic efficacy for VTQ and VTIQ.



Material and methods


Search strategy

The search databases web of science, PubMed, and Embase were searched for relevant studies published up to May 1, 2022, with the search terms “(Acoustic Radiation Force Impulse or ARFI or VTIQ or VTQ or Virtual Touch tissue imaging and quantification or Virtual Touch tissue quantification) and (thyroid or thyroid nodules)”. The search language was English. In order to search as much relevant literature as possible, the search method of this paper was subject terms combined with free words, web search combined with manual search, and secondary search of the retrieved relevant literature was conducted.



Study selection

Inclusion criteria: (i) the literature study must include the diagnostic analysis of thyroid nodules by ARFI; (ii) there is a gold standard for diagnosing the pathology of thyroid nodules in the literature, and the number of benign and malignant nodules must be given directly or indirectly; (iii) the number of patients must be ≥30; (iv) the literature should provide raw data and calculate the sensitivity, specificity, false positives and false negatives can be calculated directly or indirectly.

Exclusion criteria: (i) diagnostic criteria were not described; (ii) data could not be extracted; (iii) duplicate literature; (iv) pathological histology was not used as the gold standard; (v) cutoff values for SWV were not indicated; (vi) editorials, letters, case reports, review articles, commentaries, case-control studies, and conference articles.



Literature inclusion

Two authors independently searched and read the titles, abstracts, and keywords of the detected literature to initially identify eligible literature that could be selected, and then carefully read the full text of the literature to finalize the eligible literature that could be included.

If the 2 authors disagreed on whether the literature should be included, a third author helped to suggest a solution.



Data extraction

Relevant database literature was screened by 2 independent authors using a blinded method and in strict accordance with the inclusion and exclusion criteria of the literature; those that met the requirements were included and those that did not were excluded. The extracted literature included the authors’ names, the location of the study, the time of publication, the number of included lesions, the number of benign and malignant lesions, the pathology of malignant nodules, and the sensitivity, specificity, and accuracy of the test to be evaluated.



Statistical analysis

Both stata 16.0 software and RevMan 5.3 software were used for statistical analysis in this study.

The statistical software was used to produce summary receiver operating characteristic (SROC) curves, publication bias funnel plots, and to calculate the sensitivity, specificity, and area under curve (AUC) of the diagnosis, respectively.



Literature quality evaluation

All included literature was evaluated for quality using RevMan 5.3, a revised tool for quality assessment of diagnostic accuracy studies, including patient selection, index tests, reference standards, processes, and timelines.




Results


Literature search results

In this meta-analysis, 1405 original articles were retrieved based on the search terms “(Acoustic Radiation Force Impulse or ARFI or VTIQ or VTQ or Virtual Touch tissue imaging and quantification or Virtual Touch tissue quantification) and (thyroid or thyroid nodules)”. By carefully reading the titles and abstracts of the articles, 134 papers were initially included, and then the papers were strictly screened and excluded according to the inclusion and exclusion criteria, and finally 57 papers met the conditions of meta-analysis. The specific inclusion process of the literature is shown in Figure 1.




Figure 1 | Inclusion and exclusion process of the literature.





Characteristics of the eligible studies

A total of 8802 thyroid nodules were included in the pooled 57 studies. The nature of all thyroid nodules in all included studies was histologically confirmed. Benign thyroid nodules included nodular goiter, eosinophilia, Hashimoto’s thyroiditis, subacute thyroiditis, and thyroid adenoma, while malignant thyroid nodules included papillary, follicular, undifferentiated, metastatic, and medullary carcinomas.



Data analysis

The pooled 57 papers were divided into two groups according to the different pathological characteristics of malignant nodes, with group A being studies in which all included malignant nodes were papillary carcinomas, 21 in total, and group B being studies in which included malignant nodes included medullary carcinomas, follicular carcinomas, undifferentiated carcinomas, and other metastatic carcinomas in addition to papillary carcinomas, 36 in total (see Tables 1 and 2 for the specific data of the two groups, respectively), and then classified according to VTQ and VTIQ two techniques were classified again, and groups A and B were divided into AVTQ group, AVTIQ group,BVTQ group and BVTIQ group, respectively. Regression analysis was done for each of the four data groups, and the data showed that the sensitivity, specificity, and AUC of the AVTQ group were 0.82 (95CI%, 0.76-0.87), 0.84 (95CI%, 0.78-0.89), and 0.90 (95CI%, 0.87-0.92) (Figure 2), respectively; the sensitivity, specificity, and AUC of the AVTIQ group were 0.75 (95CI%, 0.69-0.80), 0.83 (95CI%, 0.75-0.89) and 0.79 (95CI%, 0.75-0.82), respectively (Figure 3); the sensitivity, specificity and AUC of BVTQ group were 0.82 (95CI%, 0.77-0.85), (95CI%, 0.82-0.90) and 0.90 (95CI%, 0.87-0.93) (Figure 4); the sensitivity, specificity, and AUC of the BVTIQ group were 0.81 (95CI%, 0.76-0.86), 0.85 (95CI%, 0.74-0.91), and 0.89 (95CI%, 0.85-0.91), respectively (Figure 5). The data from the AVTQ group were compared with the BVTQ group and the AVTIQ group with the BVTIQ group. The results of data analysis showed that the difference in sensitivity and specificity between the AVTQ and BVTQ groups was small and not statistically significant (p < 0.01 for both sensitivity and specificity), and there was no difference in sensitivity but a difference in specificity between the AVTIQ and BVTIQ groups and the difference was statistically significant (p = 0.08 > 0.05).


Table 1 | Characteristics of Group A literature.




Table 2 | Characteristics of Group B literature.






Figure 2 | The sensitivity and specificity of the AVTQ group in the diagnosis of thyroid nodules and the summary ROC (Summary ROC) curve of the AVTQ group were analyzed. the AUC indicates the area under the curve.






Figure 3 | The sensitivity and specificity of the AVTIQ group in the diagnosis of thyroid nodules and the summary ROC (Summary ROC) curve of the AVTIQ group were analyzed. the AUC indicates the area under the curve.






Figure 4 | The sensitivity and specificity of the BVTQ group in the diagnosis of thyroid nodules and the summary ROC (Summary ROC) curve of the BVTQ group were analyzed. the AUC indicates the area under the curve.






Figure 5 | The sensitivity and specificity of the BVTIQ group in the diagnosis of thyroid nodules and the summary ROC (Summary ROC) curve of the BVTIQ group were analyzed. the AUC indicates the area under the curve.



Then, the 58 papers were divided into two groups according to the two techniques of VTIQ and VTQ, and each group was sorted according to the size of the cut-off value from smallest to largest, and then the sensitivity, specificity and AUC of each group were calculated in every three groups. The sensitivity, specificity, and AUC of VTQ were 0.91 (95CI%, 0.80-0.97), 0.88 (95CI%, 0.73-0.95), and 0.96 (95CI%, 0.93-0.97), respectively; when the cut-off value was in the interval of 3.01-3.15m/s, the diagnostic efficacy of VTIQ was the best. The best diagnostic performance of VTIQ was achieved when the cut-off value was in the interval of 3.01-3.15m/s, with sensitivity, specificity and AUC of 0.74 (95CI%, 0.59-0.58), 0.92 (95CI%, 0.75-0.98) and 0.88 (95CI%, 0.84-0.90), respectively.



Publication bias

When using meta-analysis in diagnostic trials, Deeks funnel plots are usually chosen to assess publication bias, and the results of Deeks funnel plots are shown in Figure 6. p > 0.05, suggesting no publication bias in this study.




Figure 6 | Publication bias assessment of all included literature.





Literature quality assessment

All included literature was evaluated for quality using RevMan 5.3, and the results of the literature quality evaluation are shown in Figures 7 and 8.




Figure 7 | Literature quality evaluation of group A.






Figure 8 | Literature quality evaluation of group B.






Discussion

In this study, the included literature was divided into four groups according to whether all malignant nodules were papillary thyroid carcinomas and the difference between VTQ and VTIQ. From the results, it is clear that there was a statistically significant difference in specificity between group A and group B only when VTIQ was used to identify benign and malignant thyroid nodules, and the specificity of diagnosis was better when non-papillary thyroid carcinomas were included in malignant thyroid nodules.

From past studies, it is known that non-thyroidal papillary carcinomas such as follicular and medullary carcinomas are pathologically different from papillary thyroid carcinomas, with follicular and medullary carcinomas having less fibrous content and more cellular components compared to papillary carcinomas. Papillary carcinomas are often accompanied by sand-like calcification formation, so the pathological specimens of papillary carcinomas are harder, while follicular and medullary carcinomas are softer in texture (11). However, the results of this study showed that there was no difference in the diagnostic efficacy of VTQ for malignant nodules regardless of whether they contained non-papillary thyroid carcinoma, whereas the specificity of VTIQ was superior for the group of malignant nodules containing non-papillary thyroid carcinoma.

This result was unexpected, for which several speculations were made: one, it may be because some malignant nodules such as follicular carcinoma and medullary carcinoma have more distinct ultrasound features due to their poor differentiation. According to the latest European Thyroid Association guidelines, when a lesion has one of the above features of irregular shape, irregular border, microcalcifications and deep hypoechogenicity, the nodule may be malignant up to 26-87%. The more malignant features a tumor has, the highest its risk of malignancy. In a study by Zhao,J 2020, it was shown that some medullary carcinomas have more obvious malignant ultrasound features, specifically the irregular morphology of the tumor, poor demarcation with surrounding tissues, solid hypoechoic or very hypoechoic, and intra-nodular calcification (69); secondly, it is also possible that there are many microscopic thyroid papillary carcinomas among the papillary thyroid carcinomas, and The ROI range of ARFI is 6mm×5mm, which is not suitable for the diagnosis of smaller nodules, and this may also be the reason for this result (70). For example, in the included study by Chen, SH in 2014, they included a total of 275 nodules and 23 microscopic papillary thyroid carcinomas out of 60 papillary thyroid carcinomas. The sensitivity of VTQ for thyroid nodules in that article was 75% and the specificity was 70% (44); in addition, all nodules included in Zhu,J’s article in 2015 were microscopic nodules, and the sensitivity of VTQ for diagnosing benign and malignant thyroid nodules in that study was 76.4% and the specificity was 75.8% (70).

In addition, the measurement range of SWV is 0.5-8.4 m/s, a characteristic that makes ARFI unable to achieve satisfactory measurement results for extremely hard or soft tissues, and the quality of imaging is difficult to guarantee (2). Therefore, it will have an unavoidable impact on the quality of the article. In addition to this, there are some studies that did not exclude nodules with a background of diffuse thyroid lesions when they were included. Pathologically, diffuse thyroid lesions are caused by infiltration of thyroid follicular cells by diffuse lymphocytes, destruction of follicles by atrophy and fibrosis, and these factors can make the texture of the thyroid gland harder (71). It is also possible that although the malignant nodules in group B included nonpapillary carcinomas, the proportion of nonpapillary carcinomas in thyroid cancer was so low that the results in this section were biased, but because of the low incidence of nonpapillary thyroid carcinomas and the paucity of data, there is not a large body of data to support the exclusion of this speculation.

The sensitivity, specificity and AUC of each group were calculated by comparing the data of each group and found that the best diagnostic efficacy was achieved when the cut-off values were in the range of 2.48-2.55m/s. The sensitivity, specificity and AUC of VTQ were 0.91 (95CI%, 0.80-0.97), 0.88 (95CI%, 0.73-0.95) and 0.96 (95CI%, 0.93-0.97), respectively, and the diagnostic efficacy of VTIQ was best when the cut-off value was in the range of 3.01-3.15m/s. The sensitivity, specificity and AUC of VTQ were best when the cut-off value was in the range of 3.01-3.15m/s. The diagnostic efficacy of VTIQ was best when the cut-off value was in the range of 3.01-3.15m/s, with sensitivity, specificity and AUC of 0.74 (95CI%, 0.59-0.58), 0.92 (95CI%, 0.75-0.98) and 0.88 (95CI%, 0.84-0.90), respectively.


Limitation

This meta-analysis has several limitations. We searched only three databases, PubMed, Web of science, and Embase, suggesting that there may be relevant studies that were missed. Also, this meta-analysis included only English-language literature, so there may be language bias.




Conclusion

In summary, ARFI imaging is a highly effective imaging tool to identify benign and malignant thyroid nodules. There is no difference in the diagnostic effectiveness of VTQ for malignant nodules with or without non-papillary thyroid cancer, while VTIQ has a better specificity for the diagnosis of malignant nodules with non-papillary thyroid cancer. Therefore, ARFI imaging of benign and malignant thyroid nodules must take into account various clinical information of the patient and be analyzed critically to make a more accurate diagnosis.
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 Background

Stewart–Treves Syndrome in Primary Limb Lymphedema (STS-PLE) is an extremely rare malignant tumor. A retrospective analysis was conducted to elucidate the relationship between magnetic resonance imaging (MRI) findings and signs compared to pathology.


 Methods

Seven patients with STS-PLE were enrolled at Beijing Shijitan Hospital, Capital Medical University, from June 2008 to March 2022. All cases were examined by MRI. The surgical specimens were subjected to histopathological and immunohistochemical staining for CD31, CD34, D2-40, and Ki-67.


 Results

There were two different types of MRI findings. One was mass shape (STS-PLE I type) in three male patients, and the other was the “trash ice” d sign (STS-PLE II type) observed in four female patients. The average duration of lymphedema (DL) of STS-PLE I type (18 months) was shorter than that of STS-PLE II type (31 months). The prognosis for the STS-PLE I type was worse than that for the STS-PLE II type. Regarding overall survival (OS), the STS-PLE I type (17.3 months) was three times shorter than that of the STS-PLE II type (54.5 months). For STS-PLE I type, the older the STS-PLE onset, the shorter the OS. However, there was no significant correlation in STS-PLE II type. MRI was compared to histological results to provide an explanation for the differences in MR signal changes, especially on T2WI. Against a background of dense tumor cells, the richer the lumen of immature vessels and clefts, the higher the T2WI MRI signal (taking muscle signal as the internal reference standard) and the worse the prognosis, and vice versa. We also found that younger patients with a lower Ki-67 index (<16%) had better OS, especially for the STS-PLE I type. Those with stronger positive expression of CD31 or CD34 had shorter OS. However, the expression of D2-40 was positive in nearly all cases, and seemed not to be associated with prognosis.


 Conclusions

In lymphedema, the richer the lumen of immature vessels and clefts based on dense tumor cells, the higher the T2WI signal on the MRI. In adolescent patients, the tumor often showed a “trash ice” sign (STS-PLE II-type) and prognosis was better than for the STS-PLE I type. While in middle-aged and older patients, tumors showed a mass shape (STS-PLE I type). The expression of immunohistochemical indicators (CD31, CD34, and KI-67) correlated with clinical prognosis, especially decreased Ki-67 expression. In this study, we determined it was possible to predict prognosis comparing MRI findings with pathological results.
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  1 Introduction

Stewart–Treves Syndrome (STS) is as an aggressive malignant tumor with a poor prognosis (1). To date, only a few cases have been reported (2). The majority of reported cases were the result of postoperative lymphedema, mainly (90%) after mastectomy (3–5). In clinical practice, STS has often been misdiagnosed and underestimated due to the following factors (6–8): 1) abnormal skin thickening caused by fibrous hyperplasia and hyperkeratosis related to chronic lymphedema, 2) STS lesions mimicking benign tumors with a clear outline, and 3) difficulty distinguishing STS lesions latently distributed in the subcutaneous tissue where lymphedema occurs.

To our knowledge, magnetic resonance imaging (MRI) findings of STS-Primary Limb Lymphedema (STS-PLE) have not been reported, especially in cases involving the lower limb. Moreover, a systematic assessment of STS is lacking. In this retrospective study, a systematic analysis that included clinical and pathological data was performed to investigate MRI findings in the diagnosis and evaluation of STS-PLE.


 2 Methods

 2.1 Ethical approval

The study was approved by the Human Research Ethics Committee of the Shijitan Hospital of Capital Medical University of Beijing. Written informed consent was obtained from the individuals(s) for the publication of any identifiable images or data included in the article. All procedures were conducted in accordance with the ethical standards of human experimentation (institutional or regional) and with the Helsinki Declaration of 1975, as revised in 2000. Because this was a retrospective study and the data analysis was performed anonymously, this study was exempted from ethical approval and informed consent from each patient.


 2.2 Patient population

Between June 2008 and March 2022, a total of 9831 cases of limb lymphedema (age range, 1–78 years; mean ± standard deviation, 48.0 ± 31.7 years) were diagnosed at Beijing Shijitan Hospital. In total, seven STS-PLE patients (age range, 15–66 years; median age 39 years) were clinically and pathologically verified. The following clinical data were collected: duration of lymphedema (LD), specific skin findings (appearance, color, temperature, ulcer and hemorrhagic discharge, and surgical methods), and survival time.


 2.3 Magnetic resonance imaging

MRI was performed with a 1.5T MRI unit (Ingenia, Philips Medical Systems, The Netherlands) using a 16-channel body coil. The checked limbs were placed in the correct anatomical location and as centered in the coil as possible for the patient. MRI was performed with the following sequences: STIR/axial and coronal planes (TR 5200 ms, TE 80 ms IT 160 ms, Slice 5 mm, GAP 0.5 mm, Voxel 1.5 mm2, FOV 220 mm×200 mm/320 mm×240mm, NEX=2) and mDixon (TR 5.5 ms, TE1 = 1.8 ms, TE2 = 4.0 ms, Slice 5 mm, GAP 0, Voxel 1.5 mm2, and FOV 220 mm×200 mm/320 mm×240 mm, NEX=2).

To determine infiltrative growth (6), a supplementary explanation of the “trash ice” sign was established, which refers to the appearance of scattered patches, with intermediately low and heterogeneous signals on T2WI, against the background of lymphedema without recognizable signs of it (6, 7). All MRI images were interpreted by two lymphedema radiologists who had 5 and 10 years of experience, respectively. The MRI findings including location (derma, subcutaneous tissue, and superficial fascia of muscle), shape, outline, and signal intensity of STS-PLE lesions were identified and analyzed, based on the consensus of two radiologists.


 2.4 Histopathological analysis

Resected surgical specimens were fixed in 10% phosphate-buffered, neutral formaldehyde solution at room temperature for 24 h and dehydrated in an ascending series of ethanol. The samples were routinely embedded in paraffin, made transparent with xylene, rehydrated in a descending series of ethanol, washed with distilled water, and stained with hematoxylin and eosin (HE) for 30 min at room temperature (VENTANA HE600 System, Roche). Sections (4 µm thick) were observed under a light microscope (ZEISS Axio Scope.A1) with magnifications of ×40, ×100, ×200, and ×40.


 2.5 Immunohistochemistry

Tissue sections (4 µm thick) were deparaffinized, rehydrated, and subjected to antigen retrieval with FLEX High Ph Target Retrieval solution High Ph (50×) according to the manufacturer’s protocol (EnVision FLEX+, Mouse, high Ph (Link) HRP; cat. no. K8002; Dako; Agilent Technologies, Inc., Santa Clara, CA, USA) in PT Link (cat. number PT100; Dako; Agilent Technologies, Inc.) at 95°C for 20 min and washed in distilled water (9). Endogenous peroxidase was blocked by DAKO Envision flex peroxidase blocking reagent for 10 min and washed again three times in PBS wash buffer (Origene Technologies, Inc., Wuxi, China). All slides were incubated for 20–30 min at room temperature in a humidity chamber with appropriate dilutions of primary antibodies ( Table 1 ).

 Table 1 | Primary antibodies used for immunohistochemistry. 



The sections were then incubated with secondary antibody (MA-2000, Origene Technologies, Inc., Wuxi, China) for the coupling reaction for 20–30 min at room temperature. The substrate (EnVision FLEX DAB+ Chromogen) was used to produce a crisp brown color at the target antigen. Hematoxylin (1 or 2 dips) was used as a counter stain.

The sections were observed under a light microscope with magnifications of ×40, ×100, ×200, and ×400. Two senior pathologists independently scored immunohistochemical staining. The number of stained nuclei was expressed as a percentage (index) of positively immunoreactive cells. The proportion of Ki-67 positive cells was counted in at least 1000 tumor cells in the highest labeled area (defined as the hot spot) (10).



 3 Results

 3.1 Clinical data

STS-PLE was detected in 0.07% (7/9831) of the study population. The average LD, median survival time (MST), and 5-year survival rate were 25.4 years, 45 months, and 28.6% (2/7), respectively. Of the seven cases ( Table 2 ), the primary locations of STS-PLE were the following: thigh in one case, hand in one case, ankle in two cases, and foot in three cases. The ratio of the left to the right limb was 4:3. Negative skin findings were observed in one young female patient, but positive in the other three female patients. Three male patients presented positive findings of all four items. The ratio of wide excision to amputation was 4:3, in which OS of the former (34.75 months) was nearly 9 months less than the latter (43.67 months).

 Table 2 | Clinical characteristics of the patients with STS-PLE. 



The male to female ratio was 3:4. The average LD (18 months) of three male patients was shorter than that of four female patients (31 months). The average survival time in male patients (17.3 months) was three times shorter than in female patients (54.5 months). For male patients, the older the STS-PLE onset, the shorter the survival. However, there were no significant differences in female patients ( Table 3 ).

 Table 3 | MR findings of the patients with STS-PLE. 




 3.2 Magnetic resonance findings

Two tumor signs were recognized by MRI: a mass shape (classified into STS-PLE I type) and “trash ice” sign (classified into STS-PLE II type). The average survival time of the STS-PLE I type ( Figure 1D ) and the STS-PLE II type ( Figure 2D ) was 17.3 months and 54.5 months, respectively. The outline of the STS-PLE I type and the STS-PLE II type was clear and indistinct, respectively.

 

Figure 1 | (A) Hematoxylin-and-eosin-stained histopathology of the M200 STS-PLE I type: the tumor nests were composed predominantly of densely atypical epithelioid cells displaying hyperchromatism (wide black arrowhead). The spindle endothelial cells lined immature vessels, with erythrocytes detected inside the vessels (fine black arrowhead) and distributed in collagen fiber stroma (+). (B) Coronal T2WI identified a mass-like shape (fine white arrowhead) located in the subcutaneous soft tissue of the left medial malleolus. Its signal was heterogeneously decreased against the background of lymphedema. If compared with normal muscle, the tumor signals are increased heterogeneously on the T2WI. The extensive lymphedema (swallow-tail white arrowhead) is indicated by an abnormally thickened superficial fascia (wide white arrowhead) and adjacent thickened skin. (C) Corresponding T1WI signal of STS was slightly decreased compared with the normal muscle (fine white arrowhead). (D) A large mass was located and protruded in the surface of the lower leg, and presented as a dark red superficial ulcer with hemorrhagic discharge, dark-red spots, and increased skin temperature. (E, F) CD31 and CD34 staining were positive (magnification, x200). (G) D2 40 staining was partially positive (magnification, x200). 



 

Figure 2 | (A) STS PLE II type (histopathology, M200). Atypical epithelioid present as slit-like anastomosing spaces (fine black arrowhead) and are composed of loose spindle-type epithelioid cells (wide black arrowhead). There is a lack of vessels. The dysplastic collagen fibers show a scattered distribution. The underlying muscle had a normal signal intensity. (B) Sagittal T2WI was intermediately and heterogeneously decreased and scattered, revealing a patch-shape in the lymphedema (fine white arrowhead). If compared with the normal muscle tissues, the signal was slightly increased heterogeneously without any recognizable lymphedema signs. One of the regular signs of lymphedema, a Honeycomb sign, presented in the front subcutaneous tissue (wide white arrowhead). (C) Corresponding T1WI signal of STS was slightly decreased compared with the normal muscle (fine white arrowhead). (D) The dorsal skin and subcutaneous soft tissue of the right foot, which showed dark-red spots, increased skin temperature, and non-ulcer. (E, F) CD31 and CD34staining were positive (magnificatin, x200). (G) D2-40 staining was partially positive (magnification, x200). 



There was a recognizable difference in T2WI signals between the STS-PLE I type and the STS-PLE II type. The STS-PLE I type lesions showed a heterogeneous increase in signal intensity in T2WI ( Figure 1B ), while those of the STS-PLE II type exhibited a slightly or moderately reduced signal in T2WI ( Figure 2B ). There was no significant difference in the intensity of the signal on T1WI, which presented as a slightly or moderately decreased signal ( Figures 1C ,  2C ). There was no significant difference in the range of invasion, as the tumors invaded more than two locations.


 3.3 Pathological results

For the STS-PLE I type, the histopathological characteristics were as follows. The tumor was predominantly composed of atypical epithelioid cells displaying hyperchromatism. Spindle endothelial cells lined the immature vessels. The tumor-adjacent tissue was rich in collagen fiber ( Figure 1A ). The histopathological characteristics of the STS PLE II type were as follows. The atypical epithelioid cells displayed as slit-like anastomosing spaces. The tumor was composed of loosely spindle-shaped epithelioid cells. The tumor showed a lack of vessels. Dysplastic collagen fibers were distributed in a scattered pattern ( Figure 2A ).

The Ki-67 index of the STS-PLE I type (mean 70%) was nearly three times higher than that of the STS PLE II type (mean 26.75%). Patients presenting a Ki-67 index >40% died within 5 years, in which the shortest survival time of two patients was 2 months and 3 months, respectively. There was no significant difference in the expression of D2-40. The lower the Ki-67 index (< 16%) or the earlier the onset, the longer the survival, especially for the STS-PLE I type. The stronger positive expression of CD31 and CD34 was correlated with a shorter survival time. The expression of D2-40 was positive in almost all cases and the distribution of P53 was scattered and not associated with a prognosis ( Table 4 ).

 Table 4 | Immunohistochemical results of the patients with STS-PLE. 





 4 Discussion

STS is an extremely rare malignant tumor with poor prognosis. STS based on secondary chronic limb lymphedema is an irreversible consequence of postoperative care. The causes include infection, filariasis, and injury (described as secondary lymphedema), of which 90% occurs postmastectomy. Although usually associated with mastectomy, the term ‘Stewart–Treves syndrome’ can be broadly applied. However, STS also develops from primary chronic lymphedema. To date, almost all reports and clinical data published on STS have been associated with secondary lymphedema (STS-SLE), including the average LD. Time before the tumor occurs ranges from 3.25 to 13 years (5, 8), with MST reported as 19 months and a 5-year survival rate of 5–13.6% (5, 8). The incidence of STS varies between 0.07% and 0.45% in the arm (4, 5). However, there have been no previous relevant reports of STS in primary limb lymphedema (STS-PLE). Furthermore, MRI has not been reported in the lower limb.

 4.1 Clinical data in STS-PLE

In our study, the average survival rate of LD and MST at 5 years was 25.4 years and 45 months in 28.6% (2/7) of patients, respectively. The average LD and MST of STS-PLE were longer than those of STS-SLE (5, 8), by at least two-fold. Interestingly, MST in male patients (17.3 months) was three times shorter than that in female patients (54.5 months). The prognosis for male patients has not previously been described to be worse than that for female patients. The 5-year survival rate of STS-PLE was consistent with previous STS-SLE reports (5, 8). We speculate that it is possible that female patients with a better prognosis than male patients could be positively related with female sex hormone levels, that is, female sex hormone may act as a protective factor.

In our study, the STS-PLE location was found to be significant in the distal part of the limb (6/7). This finding was significantly different from previous STS-SLE reports (3–8). We consider it possible that the distribution trend is related to the two following factors: 1) the reduced lymphatic circulation was poorly correlated with gravity and 2) the frequency of immunodeficiency is higher (11). As a result, mutations in tumor cells should more likely occur in the distal part of the lower extremity.

In terms of skin findings, positive results (skin protuberance, dark red spots, and abnormally increased temperature) were observed in six cases. A young female patient presented with negative skin findings. If skin findings are present in PLE, especially with ulcer or hemorrhagic discharge, the diagnosis of STS should be considered.

The ratio between wide excision and amputation was 4:3, in which the MST of the former (34.75 months) was nearly 9 months less than the latter (43.67 months). In our study, there was a trend showing that the greater the scope of surgical resection or the earlier the operation, the better the prognosis (3–6). This finding might be helpful for clinical decision-making.


 4.2 STS-PLE magnetic resonance findings compared with histological results

MRI is a useful tool to establish a modality for exploring the accurate anatomical definition and classification of peripheral lymphedema (6–8). There are few previous imaging reports of STS-SLE evaluated by computed tomography (12) and MRI (8, 13–15). An MRI study of STS-PLE has not been previously reported.

In our study, there were two different types of MRI findings. One was a mass shape (STS-PLE I type) observed in three male patients, and the other was the ‘trash ice’ sign d (STS-PLE II type) detected in four female patients. There was a discernible shape difference based on sex. The average survival time of STS-PLE I type (17.3 months) was three times shorter than that of STS-PLE II type (54.5 months). For the STS-PLE I type, the older the patient or the later the lymphedema occurred, the shorter the survival. However, there was no significant difference in STS-PLE II type. It seemed that the shape of the tumor on MRI was related to the prognosis. The survival of the STS-PLE I type was worse than that of the STS-PLE II type. Although there was no significant difference in the scope of invasion between the two types, MRI revealed tumor cell infiltration beyond the subcutaneous tissues, including the abnormally thickened dermis and superficial fascia adjacent to the tumor, as well as the disappearance of regular lymphedema signs referring to tumor nests distributed in the subcutaneous tissues (6–8).This finding may be helpful in surgical decision-making.

Stewart and Treves (1) first used the term lymphangiosarcoma (LAS) as an independent pathological diagnostic term. In 2011, when Yu and Yang (16) clearly explained the pathological diagnostic requirements of pure LAS and the mechanisms of angiosarcoma (AS), LAS was no longer used as a diagnostic term. In our study, we found that tumor shape and distribution could be easily recognized by the change in the T2WI signal ( Figures 1B ,  2B ), especially for the STS-PLE II type. The STS-PLE I type signal was heterogeneously decreased based on a background of lymphedema. With reference to signals of normal muscle tissue, the STS-PLE I type signal was intermediately increased heterogeneously on T2WI. The STS-PLE II type signal showed a slight and heterogeneous decrease and a scattered patch shape in lymphedema. With regard to the signal of normal muscle tissue, the STS-PLE II type signal showed a slightly increased heterogeneous in T2WI (6–8).

The histopathological findings revealed STS-PLE tumor cells were predominantly composed of dense atypical epithelioid cells with oval nuclear contours, prominent nucleoli, and eosinophilic cytoplasm in the two types ( Figures 1A ,  2A ). In the STS-PLE II type, collagen fibrils were more lavishly distributed between tumor nests than in the STS-PLE I type ( Figure 2A ). Otherwise, in the STS-PLE I type, there were many dilated clefts and channels with free erythrocytes. Moreover, several immature vessels in the tumor nests and collagen fibrils were distributed in the STS-PLE II type ( Figure 1A ). According to the above findings, we considered two factors could explain the correlation of both histopathological results and T2WI signal levels: 1) the higher the tumor cell-density and the more fibrous the stroma were, the lower the T2WI signal intensity, and 2) the richer proportion of immature and small vessels in STS-PLE, the higher T2WI signal intensity. Similar results (8, 13, 14) were found in the previous STS-SLE reports.


 4.3 Immunohistochemical results and survival time in STS-PLE

CD31 and CD34 were used as specific vascular endothelial markers and D2-40 was used as an available selective marker for the lymphatic endothelium in immunohistochemistry assay. Yu and Yang (16) considered that the typical pure LAS should meet the following criteria: CD31 and CD34 being weakly positive or negative and D2-40 being positive. In our study, CD31 and CD 34 were positive in all cases. This finding meant that no cases were classified as pure LAS. One of seven patients exhibited negative expression of D2-40, and CD31 and CD34 showed strongly positive. We classified it as pure AS. Further, six out of seven cases were classified to a subset of LAS according to the previous reports (6–8, 16–19).

In our study, the expression of CD31 and CD34 was strongly positive in two male patients. In another five cases, there was no significantly different expression of CD31, CD34, and D2-40 ( Figures 1E–G ,  2E–G ). Of all the seven cases, those having a Ki-67 index of more than 40% died within 5 years, in which the shortest survivals reported were 2 months and 5 months. We found that irrespective of STS-PLE I type or STS-PLE II type, all cases shared the following basic features: 1) the lower the Ki-67 index (<16%) and the younger the patient, the longer the survival was, especially in the case of STS-PLE I type; 2) the stronger the positive expression of CD31, CD34, c-myc, and ERG were, the shorter the ST was; and 3) The expression of D2-40 was positive in nearly all cases and the distribution of P53 was scattered, so it could not show association between both types. A similar finding was reported previously (8).

Of course, when considering the prognostic factors of STS-PLE in this study, we only evaluated clinical data: MRI findings, pathological results, and immunohistochemical results. Notably, two other factors are easily ignored in clinical practice (17–20). One is the correlation between the evolution of lymphedema and the reduced surveillance of the immune system. The other is the correlation between the occurrence of local immune deficiency and evolution of STS-PLE. Although we did not include these two factors in our study, we should pay continuous attention to such issues in future research.



 5 Conclusion

Pathological histopathological findings are closely related to MRI signs. Against the background of dense tumor cells, the richer the lumen of immature vessels and clefts, the higher the T2WI signal on the MRI (taking muscle signal as the internal reference standard), the worse the prognosis, and vice versa. In the adolescent age group, a tumor nest finding often shows the “trash ice” sign (STS-PLE II type) in a PLE, while in middle-aged and older patients, tumor nests show a mass shape (STS-PLE I type). The indicators (CD31, CD34, D2-40, and KI-67) of pathological immunohistochemistry are significantly correlated with clinical prognosis, with Ki-67 being especially prominent.
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Purpose

By using a radiomics-based approach, multiple radiomics features can be extracted from regions of interest in computed tomography (CT) images, which may be applied to automatically classify kidney tumors and normal kidney tissues. The study proposes a method based on CT radiomics and aims to use extracted radiomics features to automatically classify of kidney tumors and normal kidney tissues and to establish an automatic classification model.



Methods

CT data were retrieved from the 2019 Kidney and Kidney Tumor Segmentation Challenge (KiTS19) in The Cancer Imaging Archive (TCIA) open access database. Arterial phase-enhanced CT images from 210 cases were used to establish an automatic classification model. These CT images of patients were randomly divided into training (168 cases) and test (42 cases) sets. Furthermore, the radiomics features of gross tumor volume (GTV) and normal kidney tissues in the training set were extracted and screened, and a binary logistic regression model was established. For the test set, the radiomic features and cutoff value of P were consistent with the training set.



Results

Three radiomics features were selected to establish the binary logistic regression model. The accuracy (ACC), sensitivity (SENS), specificity (SPEC), area under the curve (AUC), and Youden index of the training and test sets based on the CT radiomics classification model were all higher than 0.85.



Conclusion

The automatic classification model of kidney tumors and normal kidney tissues based on CT radiomics exhibited good classification ability. Kidney tumors could be distinguished from normal kidney tissues. This study may complement automated tumor delineation techniques and warrants further research.





Keywords:  computed tomography (CT), radiomics, kidney, kidney tumor, automatic classification



Introduction

Radiomics refers to the high-throughput extraction of a large amount of information from medical images, such as computed tomography (CT), magnetic resonance imaging (MRI), and positron emission computed tomography (PET), to extract features and establish models. In general, visual image information is converted into digital feature variables for quantitative research. Extensive research and analysis of massive image data information can assist doctors in providing a more accurate diagnosis of a patient’s condition (1–3). Compared to biopsy, radiomics has the technical advantage of obtaining non-invasive and repeatable radiological images, thus providing a safer and more way for conducting patient follow-ups and prognosis prediction. Radiomics method can also be used for pathological tumor classification and grading (4, 5). Traditional radiomics, which involves the extraction and screening of high-throughput features of regions of interest from medical images, is used primarily for the diagnosis of benign and malignant diseases, prognosis evaluation, and survival prediction (6–13). Radiomics combined with machine learning and deep learning performs well for differentiating, grading and staging kidney tumors (14–16).

Traditional classification methods using computed tomography (CT) images mainly rely on the pixel value of the image and less on other parameters; this makes it difficult to accurately distinguish the tumor area from the surrounding normal organs (17–22). However, radiomics-based methods can be used to extract more than 800 radiomics features from regions of interest in CT images. In the present study, we proposed a radiomics research method based on the automatic classification technology of radiomics which has the potential to supplement the deep learning automatic delineation technology. This study is the first to report such a method. Therefore, the purpose of this study is to establish a preliminary classification model based on CT radiomics to automatically classify kidney tumors and normal kidney tissues.



Materials and methods


Data collection

The study was reviewed and approved by Ethics Committee of the Affiliated Hospital of Southwest Medical University (18 January 2017, KY2021023). CT data were retrieved from the 2019 Kidney and Kidney Tumor Segmentation Challenge (KiTS19) (https://wiki.cancerimagingarchive.net/pages/viewpage.action?pageId=61081171) of The Cancer Imaging Archive (TCIA) open access database. Arterial phase-enhanced images of 210 patients from the database were used to establish an automatic classification model. The kidneys and tumors were already manually segmented. These CT images were randomly divided into a training set (168 cases) and test set (42 cases).



Radiomics feature extraction

The CT images were preprocessed using wavelet-based methods. Before feature extraction, all images were resampled according to a voxel size of 1 × 1 × 1 mm3. The gross tumor volume (GTV) and normal kidney tissue were regarded as the regions of interest. Feature extraction was based on a three-dimensional (3D) slicer platform and performed using the pyradiomics package; the package is available at http://PyRadiomics.readthedocs.io/en/latest/ (last accessed on June 30, 2019). The eigenvalue data of all radiomic features were processed using z-score standardization. Figure 1 shows a CT sectional view of a patient in the training set. The CT radiomic feature variables of the GTV and normal kidney tissue were extracted. A total of 837 radiomics features were extracted, including first-order statistics, gray level co-occurrence matrix (GLCM), gray level dependence matrix (GLDM), gray level run length matrix (GLRLM), gray level size zone matrix (GLSZM), and neighboring gray tone difference matrix (NGTDM). Shape features were removed in this study. First-order features describes single pixel or voxel within the ROI. GLCM defines different combination of gray levels of an image area. GLDM quantifies the gray level dependencies in an image. GLRLM provides information about runs of consecutive pixels with the same gray level. GLSZM quantifies gray level zones in an image. And wavelet-based features were transformed based on above features.




Figure 1 | CT section of one patient in the training set. The white arrow indicates normal kidney tissue, and the red arrow indicates gross tumor volume.





Screening of radiomics features of the training set


(A) Univariate feature screening

By considering the radiomics features of the GTV and normal kidney tissue as independent variables and the GTV and normal kidney tissue as binary variables, the area under curve (AUC; defined as the area surrounded by the receiver operation characteristic (ROC) curve and the abscissa and ordinate axis) corresponding to each radiomics feature was calculated. The AUC ranged from 0.5 to 1. The closer the value is to 1.0, the higher the authenticity, whereas an AUC value equal to 0.5 indicates that the radiomics have no application value in the study. The ROC curve takes the false positive rate (FPR) as the abscissa and true positive rate (TPR) as the ordinate. The curve is mostly used for the evaluation of binary classification problems. Radiomics features with an AUC less than 0.7 were excluded after the univariate screening.



(B) LASSO logistic regression feature screening

The principle of least absolute shrinkage and selection operator (LASSO) regression is to compress the original eigenvalue coefficients; more specifically, it involves directly compressing the original small coefficients to 0 and treating the eigenvalue variables corresponding to these coefficients as nonsignificant variables. Such nonsignificant variables have little or no impact on the final classification results; thus, such variables can be directly discarded, which results in variable screening. LASSO logistic regression was conducted using the method of five-fold cross-validation method to select the radiomics features. In the LASSO regression analysis, the L1 regularization term is added based on the least-squares fit to improve the accuracy of the linear regression model. Its penalty function is the absolute value of the regression coefficient, which guarantees that the parameter estimation results equal to zero. Thus, it is helpful for feature selection. This study is a binary classification problem, and logistic regression analysis is a generalized linear model commonly used in binary classification or one-to-many classifications. It normalizes the response of simple linear regression to zero and one. Therefore, the linear regression in the LASSO regression model can be replaced by logistic regression to select the characteristics. The objective function of LASSO logistic regression optimization is as follows:

	

where n is the total number of samples; Xi is an m × n-size raw data (each sample has m eigenvalues); yi is the corresponding response value of each sample; ω is the linear regression coefficient; b is the cutoff value of linear regression; and λ is a nonnegative regularization parameter used to control the sparsity of regression coefficients.

The extracted radiomics features were input into the LASSO logistic regression model; subsequently, the lambda (λ) value with the smallest model deviation was calculated and the radiomics features were screened.



(C) Model collinearity detection

The variance expansion factor (VIF) of the independent variable of the logistic regression model was calculated after screening the variables using the LASSO logistic regression. The VIF measures the severity of multicollinearity in multiple regression models. This represents the ratio of the variance of the estimator of the regression coefficient to the variance when no linear correlation between the independent variables is assumed.

The VIF can be calculated as follows.

	

where Ri is the negative correlation coefficient of the regression analysis for other independent variables. The larger the VIF, the greater the possibility of collinearity between the independent variables. Generally, multicollinearity is assumed when the VIF value is greater than five; thus, removing the radiomics features with a VIF value greater than five is necessary.




Model establishment

The final binary logistic regression model was established based on the final radiomics features (X):

	

	

where P is the probability that GTV is positive. The ROC curve of the model was plotted and its AUC value was calculated. The sensitivity (SENS) and specificity (SPEC) corresponding to each point on the ROC curve were used to calculate the point that maximized SENS + SPEC, which is the cutoff value of P.



Model diagnosis

The accuracy (ACC), SENS, SPEC, AUC, and the Youden index of the model were used for evaluating the effectiveness of the model. The Youden index, also known as the correct index, was used to evaluate the authenticity of screening tests. It is calculated as Youden index=SENS+ SPEC -1.



Model validation

For the test set, the radiomics features extracted concerning GTV and normal kidney tissue were consistent with those of the training set. The cutoff value of P in the test set is also consistent with the training set. If the GTV of the test set is positive, the ROC curve is drawn to calculate the AUC value. Thereafter, the ACC, SENS, SPEC, AUC, and Youden index of the test model were again calculated. The flowchart of the proposed method is shown in Figure 2.




Figure 2 | Flowchart of the proposed method.



All statistical analyses were performed using R software, version 4.1.2 (R Foundation for Statistical Computing, Vienna, Austria).




Results

Altogether, 837 radiomics features were extracted. After the univariate screening, 217 radiomic features were identified. Using LASSO logistic regression for variable screening, according to the calculation, the deviation of the model was the smallest when the minimum value was 0.1715; Figure 3 shows the model deviation and lambda. Finally, three radiomics features were extracted: dependence entropy of the GLDM of the original (Feature 1), zone entropy of GLSZM of the wavelet-HLL (H = high-frequency band, L = low-frequency band; Feature 2), and gray level non-uniformity of GLSZM of the wavelet-LLL (Feature 3). Table 1 lists the VIF values corresponding to these features. The VIFs were all less than five, which indicates that no multicollinearity existed among the three radiomics features.




Figure 3 | Features selected by the LASSO regression model. (A) Selection of the tuning parameter (λ) in the LASSO model via 5-fold cross-validation. The optimal λ are indicated by the dotted vertical lines, and a value of 0.1715 was selected. (B) LASSO coefficient profiles of 217 radiomics features. A coefficient profile plot was generated versus the selected log λ value using five-fold cross-validation. Three radiomics features with non-zero coefficients were selected.




Table 1 | Model collinearity analysis.



The final binary logistic regression model was established based on the final radiomics features as follows.

	

	

where P is the probability that GTV is positive. The cutoff value in this study was 0.4851. It was used as a radiomics marker to determine the tumor area and was equivalent to the critical point. If the detected value is greater than the cutoff value, it is the GTV; if the detected value is less than the cutoff value, it is the normal kidney tissue.

Table 2 lists the diagnostic parameters of the training set model, and Figure 4 shows the ROC curve of the training set model.


Table 2 | Training set model diagnosis parameters.






Figure 4 | ROC curve of the training set.



Table 3 lists the model diagnostic parameters of the test set, and Figure 5 shows the ROC curve of the test set model.


Table 3 | Test set model diagnosis parameters.






Figure 5 | ROC curve of the test set.





Discussion

Confirming the GTV is a challenge when treating a tumor. It tests the patience and proficiency of clinicians in relevant clinical knowledge. Furthermore, tumors of different shapes are difficult to delineate. A qualified clinician must have systematic learning and continuous practice to be competent in sketching. In this study, based on the CT radiomics method, the extracted CT radiomics features were used to automatically distinguish kidney tumor areas from normal kidney tissues.

The cutoff value, which is the critical point, was used as a radiomics marker for determining the GTV. If the detection value was greater than the cutoff value, it was considered positive; if the detection value was less than the cutoff value, it was considered negative. In this study, a positive detection value represented the kidney tumor part, and a negative value represented normal tissues and organs. The AUC values of the training and test sets obtained from the ROC curve were 0.9798 and 0.9841, respectively, which were significantly greater than 0.7. The ACC, SENS, SPEC, and Youden indices for the training and test sets based on the CT radiomics classification model were all greater than 0.85. This indicates that automatic classification technology based on radiomics had achieved good application results. Further studies need to extract only selected radiomic features from the GTV and kidney training sets instead of all radiomic features to improve efficiency.

In recent years, artificial intelligence technologies such as machine learning and neural networks have been widely used in the field of automatic tumor and organ delineation in radiotherapy, such as automatic segmentation technology based on convolutional neural network and automatic classification technology based on the U-NET model. These have greatly reduced clinician workload and increased productivity (23–26). Artificial intelligence models have achieved great success in the automatic delineation of organs, but the accuracy of the automatic delineation of tumor regions is still a problem. For future research, we can limit the region of interest to the entire kidney region, grid it, and extract only the radiomics features filtered through the training set to improve efficiency. A binary logistic regression model can be established based on the final radiomics features extracted from the training set, and the cutoff value calculated from the training set can be used as a radiomics marker for classifying tumor regions. When the P value is greater than the Cutoff value, the grid is considered to be a tumor region; when the P value is less than the Cutoff value, the grid is considered to be a normal organ. After clustering the tumor region or substituting P-values for pixel values, it is possible to automatically delineate the tumor region, which may be a supplement to the automatic delineation technology of deep learning.

In conclusion, automatic classification technology based on radiomics can be feasibly applied to distinguish between GTV and normal kidney tissue in patients. Nevertheless, our study has a few limitations. First, this study used a limited number of samples. Second, the establishment and optimization of the model were affected by the quality of the CT images and the accuracy of manual tumor segmentation. Third, different clinicians have a different understanding of GTV boundaries, and some CT images still have problems such as a fuzzy boundary of the tumor target area. Forth, the pre-malignant state and benign kidney lesions should be analyzed and differentiated. Thus, the data may have biases. For future clinical application, we plan to train and test CT image data of more patients with different tumors, to obtain better automatic classification results. If the technology is further matured and developed, it may reduce the risk of inaccurate drawing due to a lack of experience, save valuable processing time, and benefit doctors, patients, and radiotherapy technology.

Radiomics methods are generally used in the diagnosis of benign and malignant diseases, prognosis evaluation, and survival prediction. The preliminary method of automatic classification technology based on radiomics proposed in this study aims to enrich research on radiomics and may be to supplement to deep-learning automatic rendering technology to realize more accurate GTV determination. Future research should focus on different diseases and increase the number of samples to further improve the accuracy of this automatic classification technology.



Conclusion

The automatic classification model of kidney tumors and normal kidney tissue based on CT radiomics exhibited good classification ability. Tumorous kidney tissues could be distinguished from normal kidneys, with these observations worthy of further study.
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Objective

Superb micro-vascular imaging (SMI) is a new noninvasive modality for the diagnosis of thyroid nodules. However, the performance of SMI in differentiating malignant and benign thyroid nodules has not been systematically evaluated. This meta-analysis was performed to assess the accuracy of SMI in diagnosing thyroid nodules.





Methods

PubMed, Cochrane Library, Embase, Web of Science, Sinomed, Scopus were searched. We recorded the characteristics of the included studies and assessed the quality of each study using the QUADAS-2 tool. The pooled sensitivity, specificity, positive likelihood ratio (LR), negative LR, diagnostic odds ratio (DOR), and area under the curve (AUC) were calculated. We also evaluated the publication bias.





Results

This meta-analysis included 10 studies with a total of 1083 thyroid nodules. The pooled the sensitivity, specificity, and positive and negative LR were 0.84, 0.86, 6.2, and 0.18, respectively. The DOR and AUC were 33 and 0.91, respectively. Heterogeneity existed between the included studies. No significant publication bias was observed.





Conclusion

Compared with CDFI, Superb micro-vascular imaging (SMI) has higher diagnostic sensitivity and specificity, better diagnostic efficiency, and could be used to diagnose benign and malignant nodules in the display of blood flow distribution capabilities of thyroid nodules; at the same time, Fagan plot showed that the SMI technique had a good clinical application value, and it could supplement the deficiencies of color Doppler imaging in the diagnosis of thyroid nodules.





Keywords: thyroid nodules, superb microvascular imaging, ultrasonography, meta-analysis, SMI = superb microvascular imaging





Introduction

Thyroid nodules are discrete lesions in the thyroid gland that are distinct from the surrounding parenchyma (1). Recently, the incidence of thyroid nodule has been increasing year by year, making it one of the most common diseases of the thyroid system, with occult thyroid nodule accounting for 65% of the total population (2). According to the report, approximately 5% of thyroid nodules are at risk of developing thyroid cancer (3), with thyroid carcinoma becoming the most common tumour in the head and neck region (4). In clinical practice, ultrasound is the most sensitive imaging method for diagnosing thyroid nodules (5). According to research, it is necessary to evaluate the blood supply in thyroid nodules and distinguish benign from malignant nodules (6).

As a new angiography technology, superb microvascular imaging (SMI) can visualise low-speed blood flow and depict vascular flow in more detail than colour Doppler flow imaging, allowing for higher-quality microvascular flow images without the use of contrast media (7, 8). In recent years, with the widespread use of SMI technology in breast, liver and other fields, an increasing number of research teams have begun to pay attention to the diagnostic value of SMI in thyroid nodules. Despite numerous studies comparing ultrasound microangiography to conventional two-dimensional ultrasound diagnosis, there are still internal debates regarding the comparison of sensitivity, specificity and other indicators. Therefore, in order to provide a relatively objective and comprehensive evidence-based diagnostic basis for clinical thyroid management, this study collected all relevant literatures from both domestic and international sources, summarised the data of the two diagnostic methods using meta-analysis and comprehensively compared the diagnostic efficacy with pathological diagnosis as the reference standard.





Review methods

This present study has been conducted and reported in accordance with the PRISMA statement. Institutional review board approval was not required as our study was a meta-analysis and consent was not required for this research.





Literature search

We conducted a comprehensive search of all literatures in PubMed, Cochrane Library, Embase, Web of Science, Sinomed, Scopus and other databases until January 2021. Searches were conducted using the following MeSH heading and key words: “thyroid nodules[MeSH] OR thyroid disease OR thyroid” and”Superb Microvascular Imaging OR SMI”. In order to expand the scope of our search, we also screened the references of the retrieved articles. Language restrictions are not applied.





Inspection methods and study selection

Routine two-dimensional ultrasonography was performed on the patients, and the thyroid nodule was observed in terms of boundary, size, internal echo, morphology, calcification, etc., and was preliminarily classified according to the TI-RADS classification system (1). Superb Microvascular Imaging (SMI) and color Doppler flow imaging (CDFI) were used to evaluate the nodules on the basis of conventional two-dimensional imaging. The blood supply and blood flow distribution pattern of the nodules were mainly evaluated. The classification standard of blood flow distribution pattern was based on Kim semi-quantitative method (9), and the blood flow signal grading was based on Adler classification method (10).

The selection of the literature by the two personnel was carried out according to the inclusion and exclusion criteria for diagnostic trials recommended by Cochrane. The process was ensured to be independent and separate. Finally, the two data were obtained, and then the data were cross-checked.

Inclusion criteria: (1) The pathological diagnosis results were considered as the “gold standard”, and the disease diagnosis was clear; (2) Subjects included patients with thyroid nodule with other diseases, whose nature was not defined before thyroid nodule examination; (3) Data sample size ≥30 cases; (4) Microangiography and conventional two-dimensional ultrasonography were in the same group; (5) The literatures of TP, FP, FN and TN can be directly extracted or indirectly calculated according to sensitivity, specificity and number of cases.

Exclusion criteria: (1) No literature on pathological diagnosis; (2) Literature that was directly included in the study with cases after diagnosis; (3) Reviews, conferences, case reports; (4) Incomplete data, TP, FP, FN and TN cannot be directly extracted or indirectly calculated according to sensitivity, specificity and number of cases; (5) Duplicate literature searched in different databases.





Data extraction and quality assessment

The data for qualified full-text articles were independently extracted by two researchers (Haorou, Luo and Lixue, Yin), and different comments were solved by discussion and consensus. The recorded data are as follows: First author, language, year, mean age of patients, number of malignant lesions, “gold standard” diagnosis, type of study. The diagnostic trials were analyzed according to the Cochrane recommended diagnostic accuracy study quality assessment tool (QUADAS-2) (11), and then the risk of bias and clinical applicability were evaluated summatively.





Statistical analyses

The heterogeneity of the included literatures were evaluated using the inconsistency index (I2) and Cochrane Q-tests(x2). If I2 > is 50% or P < 0.10, high heterogeneity exists among the results. I2 < 25% indicates that there is little heterogeneity among the results. 25%≤I2 ≤ 50%, indicating moderate heterogeneity of the results. At the same time, the Bivariate boxplot can be used to make rough judgment, and then guide the sensitivity analysis. If the heterogeneity result is large, try to trace the source of heterogeneity by means of meta-regression. The positive likelihood ratio, negative likelihood ratio, sensitivity, specificity and diagnostic odds ratio of the two methods were analyzed and compared, and then the SROC curve was drawn. Sensitivity analysis and meta-regression subgroup analysis were performed. Deek funnel plot was drawn to evaluate whether there was publication bias, and the funnel plot was observed to be symmetrical, combined with P value to make a comprehensive evaluation. Fagan plot can show the correlation between prior probability, likelihood ratio and post-test probability. The greater the difference between prior and post-test probability, the more important the diagnostic test is, and it can provide a reference for clinical application evaluation. All analyses were completed using StataV 15.0.





Results




Literature search and selection

As shown in Figure 1, the initial search yielded 684 records. 229 records were excluded after removing duplicates. and 400 were excluded after screening the titles and abstracts. Depending on the inclusion and exclusion criteria, 45 records were deleted, ten studies ultimately are included in our meta-analysis (12–21).




Figure 1 | Flowchart of study search.







Study characteristics

The included 10 records included patients who were examined by both ultrasound microvascular imaging and color Doppler blood flow imaging, with a total of 1083 lesions, of which 518 were malignant lesions. Details of the eligible studies are shown in Table 1. All of them were diagnostic studies published from 2016 through 2020, 5 of which were recorded in Chinese and 5 in English; Nine records were prospective studies, and only one record was retrospective studies; The gold standard for all the selected studies was pathological tissue study, of which 3 records were surgical pathology plus fine needle aspiration pathology. The average age of all included patients was under 55. The number of lesions varied from 45 to 254, and the number of patients varied from 34 to 241.


Table 1 | characteristics of the included studies.







Quality assessment

The quality assessment of the included studies were evaluated as follows (Table 2). All included studies were in compliance with the index test standards, with pathological evaluation as the reference standard.


Table 2 | Quality assessment of the included studies using QUADAS-2 tool.







Diagnostic performance

Random-effects model was used to generate the pooled result. The pooled sensitivity, specificity, positive LR, and negative LR of SMI in differentiating malignant and benign thyroid nodules were 0.84 (95% confidence interval [CI], 0.79-0.88), 0.86 (95% CI, 0.80-0.91), 6.2 (95% CI, 4.1-9.2), and 0.18 (95% CI, 0.14-0.24), respectively. The area under the curve (AUC) was 0.91 (Figure 2). The forest plots of sensitivity, specificity, positive LR, negative LR, and DOR of the included studies were described in Figures 3–5. The detailed comparison of the combined effect size SMI and color Doppler was shown in Table 3.




Figure 2 | SROC curve and 95% confidence region.






Figure 3 | Forest plot for sensitivity and specificity.






Figure 4 | Forest plot for Positive likelihood ratio and negative likelihood ratio.






Figure 5 | Forest plot for Odds ratio.




Table 3 | Comparison of combined effects.







Heterogeneity analyses

When all 10 included studies were analyzed, heterogeneity was found both in sensitivity (heterogeneity, Q=14.26, p =0.11; I2 = 36.88) and specificity (heterogeneity, Q =38.90, p < 0.0001; I2 = 76.86%). To trace the sources of heterogeneity, we primarily analyzed the threshold effect. But there was no shoulder-arm sign shown on the sROC space (Figure 2), and the Spearman correlation coefficient was 0.349 (P=0.324), indicating that all records had no significant threshold effect, and the effect size could be combined. It also indicated that there were other factors leading to heterogeneity in the inclusion analysis. The results of the subgroup analyses showed in Table 4. For the bivariate box chart, the documents outside the central area were deleted and then meta-analysed. It was found that the combined effect of various indicators had little change, indicating that the included documents were stable


Table 4 | Meta regression analysis results.







Publication bias

By Deeks’ funnel plot asymmetry test, we found there was no significant publication bias among the eligible studies (P = 0.43). The Deeks’ funnel plot was shown in Figure 6.




Figure 6 | Deek’s funnel plot of publication bias.







Clinical application evaluation

According to Fagan’s plot, the post-test probability of SMI was significantly higher than that of CDFI (Figure 7).




Figure 7 | Fagan’s plot (A. SMI; B. CDFI).








Discussion

Thyroid nodules have been detected in up to 65% of the total population, indicating that thyroid nodules have become a very common disease (22). The majority of nodules detected by us are benign and can be safely managed through monitoring procedures. The purpose of initial screening and long-term follow-up of thyroid nodules is to better manage the most critical thyroid malignancies (2).

Fine needle aspiration biopsy has always been used to determine the nature of nodules related to clinical malignancies, and its status as the gold standard is unshakable (23). However, routine physical examination requires a non-invasive diagnostic method to assess the characteristics of blood flow distribution and understand the characteristics of blood supply in order to guide puncture (24).

Thyroid ultrasound is considered to be the best imaging method for assessing thyroid nodules or diffuse disease (25), Over the past 25 years, significant advances have been made in the evaluation of the thyroid by ultrasound and in the identification of suspicious and non-suspicious thyroid nodules (26). However, in general, the current conventional color Doppler blood flow imaging still has the disadvantages of insufficient accuracy, a large number of misdiagnosis, and missed diagnosis in the identification of the nature of thyroid nodules. And there are technical limitations to detecting small blood vessels and low blood flow.

Angiogenesis and the growth of irregular vascular structures have been established as the salient features of malignancy. Several previously published studies had shown that peri-nodular blood flow was more associated with benign thyroid nodules, while intra - nodular blood flow tended to be present in malignancies. Therefore, changes in vascular characteristics may provide more valuable diagnostic clues (9, 27).

In recent years, the rapid development of Superb micro-vascular imaging aimed at the deficiency of two-dimensional gray scale ultrasound and color Doppler blood flow imaging, and provided information about low speed blood flow, detection of small vessels (8). It reveals more microvascular branches, and shows the blood flow distribution in the nodules and adjacent thyroid parenchyma in more detail, which has become a more effective detection method (28). Although Superb micro-vascular imaging could be used to distinguish malignant and benign thyroid nodules, the value of its differential diagnosis is still inconclusive, and there is currently no Meta-analysis on the diagnostic performance of SMI technology. Therefore, the method of systematic review in this study was adopted to compare the value of SMI and CDFI in differentiating benign and malignant thyroid nodules. To provide an exact evidence-based basis for the differential diagnosis of benign and malignant thyroid nodules by SMI technology, so as to better guide the clinical diagnosis and treatment.

The pooled results showed that SMI could diagnose thyroid nodules, and the pooled sensitivity, specificity, positive LR and negative LR values were 0.84, 0.86, 6.2, and 0.18, respectively. These results indicated SMI had high sensitivity and specificity in diagnosing thyroid nodules. The AUC was 0.91, and the DOR was 33, which were the overall evaluation indicators of diagnostic tests, which proved the high accuracy of SMI in the differentiation of thyroid malignant nodules and benign nodules.

The heterogeneity test of our study showed moderate heterogeneity. We discovered that there was no significant threshold effect among the included records. Therefore, subgroup analyses were performed to find the source of heterogeneity. The results of the subgroup analyses showed that the heterogeneity of the combined estimates was reduced after excluding the Chinese study. The reassessed pooled results still suggested that SMI was more accurate in the diagnosis of thyroid nodules (AUC = 0.91, DOR = 32). In the 10 literatures included in this paper, although the “gold standard” was pathological examination, some were surgical biopsy histological pathology and some were cell puncture pathological results, which may also be one of the sources of heterogeneity.

Limitations of our meta-analysis: (1). Only 10 records were included in our meta-analysis. A small number of studies might reduce the effectiveness of the tests of heterogeneity and publication bias. (2). Different diagnostic criteria were used in the included studies, and neither of the two diagnostic methods was quantified and there was no unified diagnostic standard.

In conclusion, Superb micro-vascular imaging (SMI) is more sensitive, specific and effective than color doppler flow imaging in differentiating malignant and benign thyroid nodules. At the same time, SMI has good clinical value and can supplement the deficiency of CDFI in the diagnosis of thyroid nodule. SMI technology could truly reflect the blood flow distribution without the presence of blood flow signal spillover, and could be very sensitive to detect low blood flow and small blood vessels. Meanwhile, the examination cost is low, and compared with other imaging examinations, SMI technology has the advantages of non-trauma and non-radiation.

At present, as an emerging diagnostic technology, SMI still needs to develop a more detailed classification evaluation to quantify the form of blood flow distribution. At the same time, a unified diagnostic standard is also needed to guide clinical diagnosis, treatment and prognosis, To better tap the application potential of SMI diagnosis, future large-scale, controlled, multicenter studies are recommended.
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+, focal positive; + +, diffuse positive; - negative.
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**The muscle signal in the same layer was taken as medium signal of the internal reference. 1 1 represents skin and dermis, 2 represents subcutaneous tissue, and 3 represents superficial fascia.
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Sex Age DL* Side/ Skin findingst  color* temperature HD Surgical Survival

(years) Location Protuberance ulcer method® (months)

i Male 63 6 Right/thigh 1 dark 1 1 A 2
red

2 Male 39 25 Left/foot 1 dark 1 1A 5
red

3 Male 23 23 Left/hand 1 dark 1 1 B 45
red

4 Female = 37 37 Right/foot 1 dark 1 0 B 26
red

5 Female | 15 6 Left/ankle 1 dark 1 0 A 60
red

6 Female = 21 21 Left/ankle 0 0 0 0 A 721!

i Female = 66 60 Right/foot 1 purple 1 0 B 609

* Calculation method in duration of lymphedema: starting point is the year of diagnosis of limb lymphedema, end point is the year of diagnosis of STS, taking the whole year as the counting unit. 1,0,
negative; 1, positive. £, the color of spot in the skin. §, A represents wide resection; B represents amputation. |, alive with lung metastasis. , alive with lung metastasis and bone metastasis. HD refers to
hematological discharge.
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Target Supplier Catalog number Diluti

CD31 Origene Technologies, Inc. ZA-0568 Ready to use
CD34 Origene Technologies, Inc. ZA-0550 Ready to use
D2-40 Gene Tech Co, Ltd. GM361929 1:60

Ki67 Origene Technologies, Inc. UM870033 1:100
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Training Validation

Sensitivity Specificity Accuracy AUC Sensitivity Specificity Accuracy AUC
Distance Correlation 0.655 0.801 0.777 0.859 0.635 0.811 0.787 0.835
RF 0.753 0.863 0.839 0.906 0.675 0.865 0.825 0.881
LASSO 0.733 0.839 0.818 0.863 0.745 0.856 0.836 0.869
XGBoost 0.702 0.813 0.795 0.899 0.701 0.837 0.815 0.899
GBDT 0.814 0.883 0.868 0.922 0.779 0.892 0.868 0.911

LASSO, least absolute shrinkage and selection operator; GBDT, gradient boosting decision tree; RF, random forest; LDA, linear discriminant analysis; AUC, area under the receiver
operating characteristic curve.
We highlighted a relatively better performed model in bold values.
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Characteristics Benign lesions Malignant lesions
n=71(%) n =194 (%)
Mean age (years; SD) 319+6 51.9+10.3
Location
Left 23 (32.4%) 89 (45.9%)
Right 43 (60.6%) 105 (54.1%)
Bilateral 5 (7.0%) 0 (0.0%)
Pathology
PCM 64 (90.1%)
aM 7 (9.9%)
Non-invasive carcinoma 1(6.7%)
Invasive carcinoma 194 (92.2%)
Others' 4(2.1%)

PCM, plasma cell mastitis; GM, granulomatous mastitis.

T“Others” refers to carcinoma with medullary features, tubular carcinoma, invasive cribriform carcinoma, and invasive papillary carcinoma each in the present study.
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1405 of records identified
through database searching

224 of records screened

135 of full-text articles
assessed for eligibility

57 of studies included
qualitative synthesis

1181 of records excluded
--not related to ARFI
--not related to thyroid nodules

--repeat published or the same study

97 of full-text articles excluded, with reasons
--not concermning VTQ or VTIQ

--lack required measurements

--review or conference abstracts

--case-control study

--lack of histology
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Model

Training
model

ACR TI-RADS
P-value
Validation
model
ACR-TI-RASA
P-value

Se

58.8%
58.8%
0.181

61.9%
57.1%
0.480

Sp

84.6%
86.2%
0.424

91.5%
93.2%
0.680

PPV

34.5%
37.0%

56.5%
60.0%

NPV

93.7%
93.8%

93.1%
92.4%

Ac

81.4%
82.9%

87.1%
87.8%

AUC

0.833
0.823
0.011

0.897
0.855
0.040

95% CI

0.762-0.915
0.750-0.882

0.835-0.959
0.785-0.909

ACR, American College Radiology; AUC, area under the curve; CI, confidence interval; NPV, negative predictive value; PPV, positive predictive value; Se, sensitivity; Sp, specificity; Tl-

RADS, Thyroid Imaging Reporting and Data System.





OPS/images/fonc.2023.1007464/fonc-13-1007464-g002.jpg
Sty

Wiz, L2018
Hang RZ01B
Sha, YWI0I?

Lu, BI20IS

e K2017

Xg P20IE

Ha, Seurg M2016
Doeg. FA2015
Zong YFEDW
Secq. WO
Cren, L2013
Jarg, Lvaoy
Zang Fia03
Hou, U 2013
Znarg YFQD12

Xisa, L2012

SENSTIVITY (0% C1)

o78[@se-051)
076[052-0.89)
020[079-0.95)
076[06%-0.85)
02E[71-0.36
081[05¢-057)
087 [069-0.96)
029[071.0.36)
036[045-0.55)
o0se[sz-1.00)
071[051.047)
073[063-042)
05783 1.00)
0205503
076[060-0.47)
076100

0zzrE-047)

Q=7508 =

%00,0= 000

224002 (0.4 - 0020

W U218
Huarg. 2018
sha YWR1?

Li. BY2015

Ko, K217

Xeg. P05

Ha. Seung VDG
Denz, FY2015
Zang PN
Seng. HYIZME
Chan. U213
Jang, LYDI1Y
Znang, FI2013
How X313
Dang, YED12

a0, LUD1Z

o4

oy

SROC with Prediction & Confidence Contours

SPEOFICITY (93% O) 1 0

091 pe-057]

098 p.71- 180

008 P.79- 120

aropse.0ag

Qesp71-03§

07:060-025

61 P&2-058

005 PE2- 120 =

orspes-02g G

081 p.73-027] 5

085 P.73-004 n

07868089

B R Observed Data

—— g crmo e
SPEC = 0.84[0.73 - 0.39]

082 P.74-028 SHOC G

079 P59 -099 AUC = 0.50 [0.87 - 0.92]
95% Confidence Contour

08P TE-025 953 Prediction Contour

R 10 05 0.0
Specificity





OPS/images/fonc.2021.552634/crossmark.jpg
©

2

i

|





OPS/images/fonc.2023.1007464/fonc-13-1007464-g003.jpg
Saueyie

R —— 10 SROC with Prediction & Confidence Contours

SENSITVITY % CI Suayla

Pang OW2019 0T3P0 08y Peng CH019 081 [0.64 - 002)
He YPRT 0550.44- 083 e, YPZOIT 082 [.70- 033
U oy 0rzpez-om) . oxam? 088 0.7 004 >
=
=
— . (7]
Wi SN2018 gmpE-0m Vi SNZDIE Cs:pm- 103 =
[
[0}
2narg. Y019 ar7Rs2-0m)| Dang Y019 064 |0.61 -08Y)
Summary Operali
SENS =0.75[0.69 - 0.80]
SPEC = 0.83[0.75 - 0.89]
SROC Curve
COMBINED 075040 . .83 COMBNED LYATR, BT AUC =0.79[0.75-0.82]
95% Conlfidence Contour
0= 535,a1=200.p= 025 0= 881, @=200.5= Q07 1+ 95% Prediction Contour

Q= 6461 P36 2087 1.0 0.5 0.0
i R nA Specificity

SexsimalY w=oreny

1222014 [000 - 0239






OPS/images/fonc.2021.552634/fonc-11-552634-g001.jpg
ROI is carcfully drawn on the
axial plane along the boundary
of the lesion layer-by-layer

A spatial ROI of the lesion is
automatically formed based on the
ROI drawn in each layer

1

Texture features were atomatically calculated based from six matrix,
including;

MinValue, meanValue, stdValue, maxValue

Histogram-based Matrix: Skewness, Krutosis, Entropy, Energy
Shape: Volume

GLCM: Homogeneity, Energy, Contrast, Correlation, Entropy
Dissimilarity

GLRLM: SRE, LRE, LGRE, HGRE, SRLGE, SRHGE, LRLGE,
LRHGE, GLNU, RLNU, RP

GLZLM: SZE, LZE, LGZE, HGZE, SZLGE, SZHGE, LZLGE,
LZHGE, GLNU, ZLNU, ZP
NGLDM: Coarseness, Contr

Busyness

s slction [
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Selected Features validation group at a ratio of 4:1

e ]
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| independent e | statistics were
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| basis of LDA algorithm their performance

sensitivity, specificity, AUC, accuracy were calculated
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Benign 50 17 16 17 32 18 10 40
Malignant 83 1 10 72 7 76 1 82

X [Fisher 44.124 46.487 =

0.000 0.000

P-value 0.000
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Positive

Negative predictive

Elastography Pathology Benign = Malignant = Sensitivity Specificity = predictive s Accuracy
value

Emin Benign 47 3 45.80% 94.0% 92.7% 51.1% e
Malignant ‘ 45 38 | ‘

Emean Benign Ca 9 62.7% 82.0% 85.2% 56.9% 69.6%
Malignant 31 52

Emax Benign s 5 . 65.1% 90.0% 91.5% . 60.8% 74.4%
Malignant 29 54

Eratio Benign 30 20 79.5% 60.0% 76.7% 63.8% 72.2%
Malignant 17 66
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Sensitivity = Specificity Positive predictive Negative predictive Accuracy  Area under the

(%) (%) value (%) value (%) (C) curve
CEUS 892 66.0 813 78.6 80.5 0.776 (0.687-0.864) - ‘
Emax 65.1 90.0 915 60.8 74.4 0.775 (0.695-0.856) = 0.99 ‘
CEUS + 94 66.0 82.1 86.8 83.5 0.800 (0.713-0.886) = 0.04
Emax

Data are expressed as percentage (numbers). *Comparison of diagnostic performance of using CEUS alone with using SWE alone and the combination of CEUS and SWE. \
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Points Categories

Composition Echogenicity Shape Margin Echogenic foci
0 cystic or almost completely cystic; spongiform anechoic wider-than-tall smoothyill-defined none;large comet-tail artifacts
1 mixed cystic and solid Hyperechoic;isoechoic macrocalcifications
2 solid or almost completely solid hypoechoic lobulated or irregular peripheral (rim) calcifications
3 very hypoechoic taller-than-wide extra-thyroidal extension punctate echogenic foci
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Patterns Points Risk value No. malignant nodules (malignancy rate, %)
training dataset (n = 29) Validation dataset (n = 21)
High risk 9 (90.0) 8(88.9)
More than 3 factors 190-290 0.8-0.9
Intermediate risk 8 (42.1) 5(35.7)
2 factors 120-170 0.4-0.7
Microcalcification 100 0.34
Low risk 12 (10.8) 8(6.9)
Solid 70 0.21
l-defined border 70 0.21
Hypoechoic 50 0.14

The four significant factors were microcalcification,

, solid, ill-defined border, and hypoechoic.
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First Author Year Country Design NO.of Gender  Histology LN  Diagnostic  NO.of Gender Histology

patients  (M/F) level method patients  (M/F)
Artiir 2010 Turkey RCT 225 60/165 225PTC ALL €] @
Salmashioglu (16)
Ari Chong (17) 2017 Korea RCT 85 71/14 85PTC G.L @ ®
Byung Hyun 2012 Korea RCT 200 41/255 200PTC ALL, @ ®
Byun (18) CL
C. De Crea (19) 2014 Italy RCT 38 16/22 38PTC C @ @
Cesur Samanci 2019 Turkey RCT 32 13/19 26PTC, 6FTC ALL ® ®
(20)
D.W.Lee (21) 2013  Korea RCT 252 45/207 252PTC CL @ @ @+@
David Lesnik 2013 USA RCT 162 NA 162PTC CL @ @ @+@ ®
(22)
Enke Baldini (23) 2013 Italy RCT 28 7121 21PTC, ALL €] @
2MTC2ATC
Eunhee Kim (13) 2008 Korea RCT 165 25/140  165PCT ALL, (€] @ &+
CL
Eun NL (24) 2017  Korea RCT 302 76/226 302PTC ALL €] +@
Farzana Alam 2008  Japan RCT 37 12/25 37PTC ALL €] ®
(25)
Han Sin Jeong 2006 Korea RCT 26 7/19 26PTC ALL ® @
(26)
Harry S. Hwang 2009 USA RCT 42 NA 42PTC ALL ® @
(27)
Jasna Mihailovic 2010  Serbia RCT 40 15/25 39PTC, IFTC ALL ® ®
(28)
Jeon SJ (29) 2009 Korea RCT 47 NA 47PTC ALL €] @ O+®
Ji Soo Choi (30) 2009  Korea RCT 299 44/255 186PTMC, C L @ @ +@
113PTC
Ji-Hoon Jung 2015 Korea RCT 193 25/168 151PTMC, 42PTC  ALL ® @
(31)
Jia Zhan (32) 2019  China RCT 56 16/40 56PTC C @
Johann-Martin 2016 Germany  RCT 46 27/19 16FCT, 29PTC ALL ® ®
Hempel (33)
Jun Ho Lee (21) 2015 Korea RCT 78 26/52 78PTC ALL €] @
Kim MJ (34) 2012 Korea PRO 68 16/52 68PTC ALL @ ®
Khadra (35) 2018 USA RCT 138 31/106 138PTC ALL €] @ 0+@
Lei Chen (13) 2019  China RCT 46 6/40 46PTC ALL @ @+
LiJ (36) 2016 China RCT 124 23/101 124PTC ALL €] @ +®
Shi JH (37) 2015 China RCT 148 NA 148PTC ALL @ €] 0+®
So Yeon Yang 2019 Korea RCT 453 108/345  453PTC ALL @ @ o+0
(38)
Sohn YM (39) 2012 Korea RCT 92 NA 92PTC ALL @ ®
Suh Y] (40) 2013  Korea RCT 43 NA 43PTC ALL @ ® o+®
Tong Tong Liu 2018  China RCT 75 20/55 75PTC C @ 0] o+0
(41)
Yanfang Wang 2021 China RCT 120 37/83 120PTC,165PTMC C @
(42)
Ying Liu (43) 2021 China RCT 600 211/389  600PTC C [©] @ o+0
Ying Wei (44) 2020 China RCT 24 14/10 24PTC ALL @
Yoon Jung Choi 2010 Korea RCT 589 121/468  589PTC C L ) @

(45)
Young Lan Seo 2012 Korea RCT 20 4/16  19PTC IPTMC  ALL ® @ @
(12)
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ACR TI-RADS

Proposed model*

Training dataset (n = 140)

Validation dataset (n = 139)

High risk Intermediate risk Low risk High risk Intermediate risk Low risk
TR >4 8 (100) 9(66.7) 9 (44.4) 9(88.9) 11 (36.4) 5 (20.0)
TR=3 2 (50.0) 10 (20.0) 66 (10.6) 0() 3(33.3 69 (10.1)
TR<2 0() 0 36(2.8) 00 0 4200

Values are n (%) for malignant tumors, based on pathology of surgical samples. *The risk stratification of the model > 4 cm was compared with ACR TI-RADS in training dataset and
validation dataset (p < 0.001). ACR, American College Radiology; TI-RADS, Thyroid Imaging Reporting and Data System.





OPS/images/fonc.2022.989595/crossmark.jpg
©

2

i

|
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Feature or level

Ultrasound features
Size (cm)
Composition
Solid
Mixed cystic and solid/Cystic
Echogenicity
Hypoechoic
Other*

Border

ll-defined

Defined

Margin
Irregular/lobulated
Smooth

Shape
Taller-than-wide >1
<1

Calcification
Microcalcification
Others”

Halo

Absent

Irregular

Regular and thin

ACR TI-RADS
TR5
TR4
TR3
TR2
TR1

All nodules (n = 279)

524 £ 1.1

64 (22.9)
215 (77.1)

122 (43.7)
157 (56.3)

28(10)
251 (90)

42 (15.1)
237 (84.9)

00
279 (100)

21(7.5)
258 (92.5)

127 (45.5)
50 (17.9)
102 (36.5)

16 (5.7)
35 (12.5)
150 (53.8)
73 (26.2)
5(1.8)

Training dataset (n = 140)

Validation dataset (n = 139)

Pathological diagnosis

Malignant (n = 29)

1 )
14 (48.3)

22 (75.9)
7 (24.1)

9(31.0)
20 (69.0)

10 (34.5)
19 (65.5)

00
29 (100)

9(31)
20 (69)

17 (68.6)
8(27.6)
4(138)

8(27.6)
10 (34.5)
10 (34.5)
1(3.4)
0()

Benign (n = 111)

51+1.0

3(11.7)
98 (88.3)

44 (39.6)
76 (60.4)

6(5.4)
105 (94.6)

7639
104 (93.7)

0@
111()

3.7
108 (97.3)

43 (38.7)
20 (18.0)
48 (43.2)

1(0.9)
769
68 (61.3)
34 (30.6)
109

p-value

0.349
<0.001

0.001

<0.001

<0.001

<0.001

0.014

<0.001

Pathological diagnosis

Malignant (n = 21)

50x05

14 (66.7)
7(333)

17 (81.0)
4(19.0)

8(4.2)
13 (61.9)

8(38.1)
13 (61.9)

12 (67.1)
5(23.8)
4(19.0)

6(28.6)
7(33.3)
8(38.1)

Benign (n = 118)

53+1.2

22 (18.6)
96 (81.4)

39 (33.1)
79 (66.9)

5(4.2)
113 (95.8)

15 (12.7)
108 (87.3)

0@
111 ()

1(08)
117 99.2)

55 (46.6)
17 (14.4)
46 (39.0)

108
11(9.3)
64 (54.2)
38 (32.2)
4(3.4)

p-value

<0.001

<0.001

<0.001

<0.001

<0.001

0.185

<0.001

Values are mean + SD or n (%), unless otherwise noted. *Including isoechoic, hyperechoic, and anechoic. “/ncludlhg nmacrocaicification, large comet-tail artifacts and none. ACR, American
College Radiology; TI-RADS, Thyroid Imaging Reporting and Data System.
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Factor B

Microcalcification 2125
Solid 1.479
ll-defined border 1.482
Hypoechogenicity 1.079
Intercept -2.8219

B.E

0.831
0.5585
0.719
0.535
0.459

Wals

6.533
7.105
4.242
4.066
-6.15

P value

0.011
0.008
0.039
0.044
<0.0001

Exp (B)

8.374
4.388
4.401
2.940

95% ClI

1.641-42.724
1.479-13.016
1.074-18.031
1.031-8.3888

Those factors with statistically significance (P<0.01) in the univariate analysis were added to the logistic analysis. Cl, confidence interval.
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FNAC+FNA-Tg FNA-Tg US+CT CEUS cT us FNAC 1WBC PET/CT MRI US+CEUS
FNAC+FNA-Tg | -0.08 (-0.15,-0.00) -0.19 (-0.36,-0.03)-0.20 (-0.39,-0.02)-0.22 (-0.38,-0.07)-0.24 (-0.39,-0.08)-0.25 (-0.32,-0.17)-0.34 (-0.67,-0.01 -0.31(-0.48.-0.14) |-0.33 (-0.53,-0.13)-0.64 (-0.90,-0.38)
0.08(0.00,0.15) FNA-Tg -0.12(-0.27,0.03) | -0.13(-0.30,0.04) | -0.15(-0.29.-0.00) |-0.16 (-0.31,-0.01)-0.17 (-0.23,-0.11) -0.26 (-0.59.0.06) |-0.25 (-0.45,-0.04)-0.24 (-0.39,-0.08)-0.25 (-0.45,-0.06)-0.57 (-0.82,-0.31)
0.19(0.03,0.36) | 0.12(-0.030.27) Us+CT -0.01(-0.12,0.10) | -0.03(-0.09,0.02) | -0.04(-0.10,0.01) | -0.05(-0.21,0.10) | -0.15(-0.44,0.15) | -0.13(-0.28.0.03) |-0.12 (-0.20,-0.04) -0.14(-0.27,0.00) |-0.45 (-0.66,-0.23)
0.20(0.02,0.39) | 0.13(-0.040.30) | 0.01(-0.10,0.12) CEUS -0.02(-0.12,0.08) | -0.03(-0.12,0.06) | -0.04(-0.21,0.13) | -0.14(-0.44,0.17) | -0.12(-0.29.0.05) | -0.11(-0.22,0.01) | -0.13(-0.28,0.03) |-0.44 (-0.64,-0.23)
0.22(0.07,0.38) | 0.15(0.00.029) | 0.03(-0.02,0.09) | 0.02(-0.08,0.12) cT -0.01(-0.06.0.04) | -0.02(-0.17.0.12) | -0.12(-0.41,0.18) | -0.10 (-0.25,0.06) |-0.09 (-0.16,-0.02) -0.11(-0.24,0.03

0.24(0.08,0.39) | 0.16(0.01,0.31) | 0.04(-0.01,0.10) | 0.03(-0.06.0.12) | 0.01(-0.04.0.06) us -0.01(-0.16.0.14) | -0.10(-0.39.0.19) | -0.09 (-0.23.0.06) |-0.08 (-0.14,-0.01) 09 (-0.22.0.04) .
0.25(0.17,0.32) | 0.17(0.11,0.23) | 0.05(-0.10021) | 0.04(-0.13021) | 0.02(-0.12,0.17) | 0.01(-0.14,0.16) FNAC -0.09(-0.42,0.23) | -0.08(-0.28,0.13) | -0.07(-0.22,0.09) | -0.08(-0.28,0.11) -D 39 (-0.65, 0 14{
0.34(0.01,0.67) | 0.26(-0.06.0.59) | 0.15(-0.15044) | 0.14(-0.17.0.44) | 0.12(-0.18,041) | 0.10(-0.19.0.39) | 0.09(-0.23,0.42) 1WBC 0.02(-0.30,0.34) | 0.03(-0.26,0.32) | 0.01(-0.25.0.27) | -0.30(-0.66.0.05)
0.32(0.11,0.54) | 0.25(0.04,0.45) | 0.13(-0.03,028) | 0.12(-0.05,0.29) | 0.10(-0.06,0.25) | 0.09(-0.06.0.23) | 0.08(-0.13.0.28) | -0.02(-0.34,0.30) SE-US 001(-0.15,0.17) | -0.01(-0.20,0.19) |-0.32(-0.57,-0.07)
0.31(0.14,0.48) | 0.24(0.08,0.39) | 0.12(0.04,0.20) | 011(-001,022) | 0.09(0.02,0.16) | 0.08(0.01,0.14) | 007(-009,022) | -0.03(-032,026) | -0.01(-0.17,0.15) PET/CT -0.02(-0.15,0.11) |-0.33(-0.55,-0.11)
0.33(0.13,0.53) | 0.25(0.06,0.45) | 0.14(-0.000.27) | 0.13(-0.03,0.28) | 0.11(-0.03.0.24) | 0.09(-0.04022) | 0.08(-0.11,0.28) | -0.01(-0.27,0.25) | 0.01(-0.19.0.20) | 0.02(-0.11,0.15) MRI -0.31 (-0.55, -0.07j
0.64 (0.38,0.90) | 0.57(0.31,0.82) | 0.45(0.23,0.66) | 0.44(0.23,0.64) | 0.42(0.21,0.63) | 0.40(0.20,0.61) | 0.39(0.14,0.65) | 030(-005066) | 0.32(0.07,0.57) | 0.33(0.11,0.55) | 0.31(0.07,0.55) US+CEUS
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FNAC+FNA-Tg cr FNA-Tg SE-US FNAC CEUS us+CT IWBC us MRI PET/CT US+CEUS

ENAC+FNA-Tg | -0.05 (-0.31.0.22) | -0.05 (-0.17.0.07) | -0.12 (-048.0.24) | -0.11 (-0.23.0.01) | -0.14(-0.44.0.16) | -0.16 (-044.011) | -0.25 (-0.73.023) | -021(-0.47.005) | -0.27(-059.0.06) |-0.30(-0.58,-0.02)|-0.71 (-1.12,-0.31)
005 (-0.22.031) cr -0.00(-0.25.0.24) | -0.08 (-0.33.0.18) | -0.06 (-0.31.0.18) | -0.09 (-0.26.0.07) |-0.12 (-0.21,-0.02)| -0.20 (-0.61.0.21) |-0.17 (-0.25,-0.09) -0.22 (-0.43,-0.02)  -0.26 (-0.38,-0.14)[ -0.67 (-0.99,-0.35)
0,05 (-0.07.0.17) | 0.00(-0.24,0.25) FNA-Tg -0.07(-041.0.27) | -0.06 (-0.16.0.04) | -0.09 (-0.37.0.19) | -0.11 (-0.37.0.14) | -0.20(-0.67.0.28) | -0.16 (-0.41.0.08) | -0.22 (-0.530.09) | -0.25(-0.520.01) |-0.66 (-1.06,-0.27)
012 (-0.24.0.48) | 0.08(-018.033) | 0.07(-0.27.041) SE-US 001(-0.33.0.36) | -0.02 (-0.30.0.26) | -0.04 (-0.30.0.22) | -0.13 (-0.60.0.35) | -0.09 (-0.34.0.15) | -0.15(-0.46.0.16) | -0.18(-0.45.0.09) |-0.59 (-0.99,-0.20)
011 (-0.01,023) | 0.06(-0.18,031) | 0.06(-0.040.16) | -0.01(-0.36.,0.33) ENAC -0.03(-0310.25) | -005(-0.31.0.20) | -0.14(-0.61.0.33) | -0.10(-035.0.14) -0.20(-0.46.0.07) |-0.60 (-1.00,-0.21)
014 (-0.16.0.44) | 0.09(-007.026) | 0.09(-0.19.0.37) | 0.02 (-0.260.30) | 0.03(-0.25.031) CEUS -0.02(-019.015) | -0.11 (-0.540.32) | -0.07(-0.21.007) | -0.13(-037.0.11) | -0.16(-0340.02) |-0.57 (-0.88,-0.26)

016 (-0.11,0.44) | 0.12(0.02,021) | 0.11(-0.140.37) | 0.04(-0.22.030) | 0.05(-020,031) | 0.02(-0.15,0.19) Us+CT -0.09 (-050.0.33) | -0.05 (-0.15.004) | -0.11(-032.0.10) [-0.14 (-0.27,-0.01) -0.55 (-0.87,-0.22)
0.25(-0.23.0.73) | 0.20(-021.061) | 0.20(-0.280.67) | 013(-0350.60) | 0.14(-033.061) | 0.11(-0.32054) | 0.09(-033.050) IWBC 0.04(-037.044) -0.06 (-0.46.0.35) | -0.46 (-0.98.0.05)
021 (-0.05.0.47) | 0.17 (0.09,0.25) | 0.16 (-0.08.0.41) | 0.09(-0.15.0.34) | 0.10(-014,035) | 0.07 (-0.07.0.21) | 0.05(-0040.15) | -0.04 (-0.44.0.37) us -0.06(-0.25,0.14) | -0.09(-020.0.02) |-0.50 (-0.81,-0.19)|
027 (-0.06.059) | 0.22(0.02,0.43) | 0.22(-0.09.053) | 015(-0.160.46) | 0.16(-015047) | 0.13(-0.110.37) | 011(-010032) | 0.02(-0.340.38) | 0.06(-014.0.25) MRI -0.04(-0.230.16) |-0.44(-0.81,-0.08)
0.30 (0.02,058) | 0.26 (0.14,0.38) | 0.25(-001.0.52) | 0.18(-0.09.0.45) | 0.20 (-0.07.0.46) | 0.16(-002034) | 0.14(0.01,0.27) | 0.06(-0.35.046) | 009 (-0.02.020) | 004 (-0.16.0.23) PET/CT -0.41 (-0.74,-0.08)
0.71(0.31,112) | 0.67 (0.35,0.99) | 0.66 (0.27,1.06) | 0.59 (0.20,0.99) | 0.60 (0.21,1.00) | 057 (0.26,0.88) | 0.55(0.22,0.87) | 0.46(-0.05098) | 0.50(0.19,0.81) | 0.44(0.08,0.81) | 0.41(0.08,0.74) US+CEUS |
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No. Retrieval type

#1 lymph node [Mesh]
#2 Neoplasm Staging [Mesh]
#3 Staging, Neoplasm [ Title/Abstract]
#4 Tumor Staging [Title/ Abstract]
#5 TNM Staging System [Title/Abstract]
#6 TNM Classifications [ Title/Abstract]
#7 preoperative staging [Title/Abstract]
#8 Lymphatic Metastasis [Mesh]
#9 Lymphatic Metastases [ Title/Abstract]
#10 Lymph Node Metastasis [Title/Abstract]
#11 Lymph Node Metastasis [Title/Abstract]
#12 Metastasis, Lymph Node [Title/Abstract]
#13 #10R #2 OR #3 OR#40OR#50R#6 OR #7 OR#8 OR#90OR #10
OR#110R#12
#14 Thyroid Neoplasms [Mesh]
#15 Neoplasm, Thyroid [ Title/Abstract]
#16 thyroid carcinoma [Title/Abstract]
#17 thyroid cancer [Title/Abstract]
#18 thyroid neoplasm [Title/Abstract]
#19 Cancer of the Thyroid [Title/Abstract]
#20 Thyroid Cancers [Title/Abstract]
#21 #140R#150R#16 OR #17 OR#18 OR#190R #20
#22 ultrasound contrast [Title/Abstract]
#23 Elasticity Imaging Techniques [Mesh]
#24 Elastography [ Title/Abstract]
#25 Elastograms [ Title/Abstract]
#26 B-mode [Title/Abstract]
#27 Ultrasonography [Mesh]
#28 Diagnostic Ultrasound [ Title/Abstract]
#29 Ultrasound Imaging [ Title/Abstract]
#30 Ultrasonic Imaging [ Title/Abstract]
#31 Ultrasonic Diagnosis [ Title/Abstract]
#32 Ultrasonic Diagnosis [ Title/Abstract]
#33 Ultrasound-Guided Fine-Needle aspiration [Title/Abstract]
#34 Magnetic Resonance Imaging [ Mesh]
#35 MRI Scan [Title/Abstract]
#36 Positron Emission Tomography Computed Tomography [Mesh]
#37 PET-CT Scan [Title/Abstract]
#38 18F-FDG PET/CT [Title/Abstract]
#39 1311 [Title/Abstract]
#40 TWBS [Title/Abstract]
#41 1311 scintigraphy [ Title/Abstract]
#42 #23 OR#240R#250R#26 OR #27 OR#28 OR#290R #30
OR#310R#32#33 OR#340R#350R#36 OR #37 OR#38 OR#390R #40
OR#41

#43 #13 AND#21AND#42
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sensitivity specificity PLR NLR DOR AUROC
sMI 0.84(0.79-0.88) 0.86(0.80-0.91) ‘ 62(4.1-9.2) 0.18(0.14-0.24) ‘ 33(22-51) 0.91(0.88-0.93)

CDFI 0.64(0.56-0.71) 0.78(0.72-0.83) ‘ 28(23-3.5) 0.47(0.39-0.56) ‘ 6(4-9) 0.77(0.74-0.81)
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References Risk of bias Applicability concerns

Patient Index test Reference Flow and timing  Patient selection  Index test = Reference standard
selection standard
Tian J U L L L L L L
Ouyang L L 19} L L L L
Diao XH U L L L U L L
Yang HX L L u L L L L
Wang H L H H i U L L
Li YH i L L H L L L
Kong J L L L L i L L
Zhu YC i3 L L H L L L
Hye Shin L i L I i L L
Pei SF I L T L L L L

*. L, low risk of bias; H, high risk of bias; U, unclear risk of bias.
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Author Country Language  average Total Malignant Gold Standard

age Lesions Lesions

Tian ] 2017 China Chinese 473 £10.8 45 25 8/26 surgical Pathology Prospective
cohort

Ouyang 2017 China Chinese 392115 76 41 16/41 surgical Pathology Prospective
cohort

Diao 2016 China Chinese 448 £17.6 68 27 11/36 surgical Pathology Prospective
XH cohort

Yang 2017 China Chinese 47.1 £82 83 28 18/42 surgical Pathology Prospective
HX cohort

WangH 2020 China Chinese 389 12.2 120 72 13/91 surgical Pathology Retrospective
cohort

Li YH 2017 China English 39.0 +16.5 254 73 53/188 surgical Pathology Prospective
+FNA cohort

Kong J 2017 China English 42 113 79 48/44 surgical Pathology Prospective
cohort

Zhu YC 2018 China English 49.6 +13.2 76 29 35/41 surgical Pathology Prospective
+FNA cohort

Hye 2017 South English 516 +11.2 52 26 9/48 surgical Pathology Prospective
Shin Korea +ENA cohort

Pei SF 2019 China English - 196 118 58/112 surgical Pathology Retrospective

cohort
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Characteristic Benign Malignant

Number of nodules 12 12
Age# 50.9 (31-82) 44.7 (29-53)
Gender

Female n (%) 8 (66.7) 9 (75.0)
Male 4(33.3) 3(25.0)
Size

<lcm 5(41.7) 6 (50.0)
1-2cm 5(41.7) 5(41.7)
>2cm 2 (16.7) 1(8.3)
Composition

Cystic 0 (0.0) 0(0.0)
Sponge-like 0 (0.0) 0(0.0)
Mixed 0 (0.0) 0(0.0)
Solid 12 (100) 12 (100)
Echogenicity

Anechogenicity 0 (0.0) 0(0.0)
Iso- or hyperechogenicity 4(33.3) 0(0.0)
Hypoechogenicity 8 (66.7) 4(33.3)
Marked hypoechogenicity 0 (0.0) 8 (66.7)
Shape

Wider than tall 12 (100) 7 (58.3)
Taller than wide 0 (0.0) 5(41.7)
Microcalcifcation

Microcalcifcation 0 (0.0) 9 (75.0)
No microcalcifcation 12 (100) 3(25.0)
Margin

Well defined 9 (75.0) 0(0.0)
Poorly defined 1(83) 7 (58.3)
Irregularity or lobuling 1(83) 2(16.7)
Extracapsular spread 1(83) 3(25.0)
TI-RADS classification

TI-RADS 3 6 (50.0) 1(8.3)
TI-RADS 4 6 (50.0) 11 (91.7)

unless otherwise specified, data in parentheses are percentages. "Numbers in parentheses are the range.
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Parameters Mean (Benign) Std. (Benign) Mean (Malignant) Std. (Malignant) Chi-Square P

MVD 0.78 0.12 0.59 0.10 56.87 <0.001
MFR 16.76 6.82 9.86 4.54 98.55 <0.001
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FNAC FNAC+FNA-Tg CEUS FNA-Tg SE-US us PET/CT cr US+CT IWBC MRI US+CEUS

FNAC  [-003(-0160.11) [-0.08(-0350.19) |-0.06(-0.17.004) |-0.16(-049.0.18) |-0.19(-0.42.0.05) [-019 (-0.450.06) |-0.20(-044,0.03) |-0.21(-0.450.04) |-0.51(-0.95-0.07)|-0.62 (-0.91,-0.32) -1.01 (-1.38,-0.63]
.03(-0110.16) | FNAC+FNA-Tg |-0.05 (-0.340.25) |-0.04(-0.180.10) |-0.13(-048.0.22) |-0.16 (-0.420.10) |-0.17 (-0.450.11) |-0.18(-044,0.08) |-0.18 (-0.450.09) |-0.48 (-0.94,-0.03) -0.59 (-0.91,-0.28) -0.98 (-1.37,-0.59)
.08 (-0.19,0.35) [0.05 (-0.25.0.34) CEUS 001(-0260.28) |-0.08(-0.36.019) |-0.11(-025,003) |-012(-0.29.0.06) |-0.13(-0.29.0.03) |-0.13(-0.300.03) |-043(-0.83,-0.03) -0.54 (-0.77,-0.32) |-0.93 (-1.22,-0.64)
006 (-0.040.17) [0.04 (-0.100.18) |-0.01(-0.28.0.26) FNA-Tg _ |-0.09(-0.430.24) |-012(-0.360.11) |-0.13(-0.38.0.12) |-0.14(-037.0.09) |-0.14(-0.39.0.10) |-0.45(-0.89.-0.00) |-0.56 (-0.85,-0.26) |-0.94 (-1.31,-0.57)
016 (-0.18049) [0.13(-0.22.048) |0.08 (-0.19.0.36) |0.09(-0.24.0.43) SE-US -0.03(-027.021) |-004(-0.300.23) |-0.05(-0.30,020) |-0.05(-0310.21) |-0.35(-0.80.0.09) |-0.46 (-0.76,-0.16) |-0.85 (-1.22,-0.4
019 (-0.05042) [0.16(-0.100.42) |0.11(-0.030.25) |0.12(-0.11.0.36) |0.03 (-0.21.0.27) us -0.01(-0.12.0.10) |-002 (-0.10.0.06) |-0.02(-0.11,007) |-0.32(-0.700.05) |-0.43 (-0.62,-0.25)|-0.82 (-1.11,-053
019 (-0.06.045) [0.17 (-0.11,045) |0.12(-0.06.029) |0.13(-0.12.0.38) |0.04(-0.230.30) |0.01(-0.10,0.12) PET/CT _|-0.01(-0130.11) |-0.01(-0.140.12) |-031(-0.69.006) |-0.42 (-0.61,-0.24)|-0.81 (-1.12,-0.50)
020 (-0.03044) [0.18 (-0.080.44) |0.13(-0.03029) |0.14(-009.037) |0.05(-0.200.30) |0.02 (-0.06.0.10) |0.01(-0.11.0.13) CT -0.00(-010.0.09) |-0.31(-0.69.0.08) |-0.42 (-0.61,-0.22) |-0.80 (-1.10,-0.50
0.21(-0.04,045) [0.18(-0.09.0.45) (013 (-0.03030) [0.14(-010039) [0.05(-021.0.31) [0.02(-0.07.011) [0.01(-012,0.14) [0.00(-0.09.0.10) US+CT _ |-030(-0.69.008) |-0.41(-0.61,-0.21)|-0.80 (-1.10,-0.50)
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US+CT FNAC+FNA-Tg FNA-Tg CT us CEUS FNAC SE-US MRI IWBC PET/CT US+CEUS
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FNAC FNAC+FNA-Tg | FNA-Tg CEUS SE-US us (14 PET/CT IWBC Us+CT MRI US+CEUS |

FNAC -0.04(-0.22.0.15) | -0.08(-0.23.0.07) | -0.17 (-054.0.19) | -0.26 (-0.71.0.18) |-0.40 (-0.72,-0.08) -0.43 (-0.75,-0.11) | -0.47 (-0.81,-0.12) | -0.53 (-1.12.0.06) [-0.50 (-0.84,-0.17)| -0.63 (-1.03,-0.24) | -1.16 (-1.66,-0.65)
0.04(-0.15,0.22) | FNAC+FNA-Tg | -0.04 (-0.24.0.15) | -0.13 (-053.0.27) | -0.22 (-0.70.0.25) | -0.36 (-0.72,-0.01)| -0.39 (-0.74,-0.03) | -0.43 (-0.81,-0.05)  -0.49 (-1.11.0.12) |-0.46 (-0.83,-0.09) -0.59 (-1.02,-0.17) | -1.12 (-1.64,-0.59)
0.08(-0.07.023) | 0,04 (-015,0.24) FNA-Tg -0.09 (-0.46.0.27) | -0.18(-0.63.0.26) | -0.32 (-0.64.-0.00) |-0.35 (-0.67,-0.03) -0.39 (-0.73,-0.04) | -0.45 (-1.04,0.14) |-0.42 (-0.76,-0.09) | -0.55 (-0.95,-0.16) | -1.08 (-1.58,-0.57)
0.17(-0.19.054) | 0.13(-0.27.053) | 0.09 (-0.27.0.46) CEUS -0.09 (-0.45.0.27) | -0.23 (-0.41,-0.05) | -0.25 (-0.46,-0.04) -0.30 (-0.53,-0.06)| -0.36 (-0.89.0.17) | -0.33 (-0.55,-0.11)  -0.46 (-0.76,-0.16) | -0.98 (-1.37,-0.60
0.26(-0.18.0.71) | 0.22(-0.250.70) | 0.18(-0.260.63) | 0.09(-0.27.045) SE-US -0.14(-045018) | -0.16(-049,0.17) | -020(-0550.14) | -0.27(-086,0.32) | -0.24(-0580.10) | -0.37(-0.76,0.03) |-0.89 (-1.39,-0.39
040 (0.08,0.72) | 036 (0.01,0.72) | 032(0.00.064) | 023(0.050.41) | 0.14(-0.18.045) us -0.02(-0.130.08) | -0.07(-0.21.0.08) | -0.13(-063.037) -023(-0.47,001) |-0.75 (-1.14,-037)
043(0.11,0.75) | 0.39(0.030.74) | 0.35(0.03,0.67) | 0.25(0.04,0.46) | 0.16 (-0.17.0.49) | 0.02(-0.08.013) cr -0.04(-0.20011) | -0.11(-0610.40) -021(-0.46,0.05) |-0.73 (-1.13,-033)
047 (0.12,0.81) | 043 (0.050.81) | 0.39 (0.04,0.73) | 030 (0.06,0.53) | 0.20(-0.140.55) | 007 (-0.08021) | 0.04(-0.110.20) PET/CT -0.06 (-0.56.0.44) | -0 -0.16 (-0.40.0.08) |-0.69 (-1.10,-0.27,
053(-0.06,112) | 0.49(-012.1.11) | 045(-0.141.04) | 0.36(-017.089) | 027 (-0.320.86) | 0.13(-0.37.063) | 0.11(-0.40.061) | 0.06 (-0.44.0.56) IWBC 003 (-0.48054) | -0.10(-054.0.34) | -0.62 (-1.26,0.01)
050 (0.17,0.84) | 046 (0.09,0.83) | 0.42 (0.09,0.76) | 033 (0.11,0.55) | 0.24(-0.100.58) | 0.10(-002023) | 0.08(-005020) | 0.03(-014021) | -0.03 (-054.0.48) Us+CT -0.13(-0.39.0.13) |-0.65 (-1.06,-0.25)
0.63(0.24,1.03) | 0.59 (0.17,1.02) | 0.55(0.16,0.95) | 0.46 (0.16,0.76) | 0.37(-0.030.76) | 023(-0.01047) | 021(-0.050.46) | 016(-0.080.40) | 010(-0.34.054) | 0.13(-0.13039) MRI -0.52 (-0.98,-0.07)
116 (0.65,1.66) | 112 (0.59,1.64) | 1.08 (0.57,1.58) | 0.98 (0.60,1.37) | 0.89 (0.39,1.39) | 0.75(0.37,114) | 0.73(0.33,1.13) | 0.69(0.27,1.10) | 062(-0.01.126) | 0.65(0.251.06) | 052 (0.07,0.98) US+CEUS
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Study  year  Number of Benign/ Malignant ~ Sensitive = Specificity FN TN Cut-
region nodules Malignant % off

m/s

Cao,DM China 2019 148 120/28 189 812 64.7 23 42 5 78 | 330  VIQ
(35)

Deng]J China 2014 175 119/56 320 804 84.0 45001 11 100 | 259 | VIQ
(36)

WangR China 2015 129 70/59 457 67.8 91.4 0 6 19 64 | 243 VIQ
37)

Ning,CP China 2014 179 64/115 64.2 748 734 8 17 29 47 | 247 | VIQ
(38)

ZhowJ (1) | China 2014 191 122/69 36.1 96.3 96.2 6 5 3 117 255 VIQ
GuJY (39) | China 2012 98 76/22 224 864 93.4 19 5 3 71 256 VIQ
WangXY  China 2016 88 59/29 330 759 94.9 2 3 7 56 257 | VIQ
(40)

HamidiC  Italian 2015 95 62/33 347 100.0 823 3 0110 51 275 | VIQ
(41)

Bojunga]  Germany | 2012 158 137/21 133 57.0 85.0 12 20 9 117 | 257 | VIQ
(42)

Zhan)J (43) = China 2015 170 102/68 400 794 843 54 16 14 86 275  VIQ
Chen,SH China 2014 125 62/63 504 750 70.0 47 19 16 43 | 250  VIQ
(44)

Hou,JX China 2014 44 19/25 56.8 88.0 94.7 2 1 3 18 276  VIQ
(45)

ZouX (46) | China 2014 144 65/79 549 848 754 67 16 12 49 279 VIQ
XuJM (47) | China 2014 441 325/116 263 716 834 83 54 33 271 | 287  VIQ
Chen,Q China 2018 271 162/109 402 76.2 86.4 83 22 26 140 281 VIQ
(48)

Yang,YP China 2017 107 87/20 187 70.0 95.4 4 4 6 83 283  VIQ
(49)

Zhang,FJ China 2017 152 97/55 362 782 83.5 4316 12 81 287 | VIQ
(50)

LiJ (51) China 2015 100 77123 230 91.3 85.7 21 11 2 66 | 288  VIQ
XuJM (52) = China 2014 183 117/66 36.1 68.2 76.9 45 27 | 21 9 | 287  VIQ
Zhang FJ China 2014 113 67/46 40.7 91.3 85.1 2 10 4 57 290  VIQ
(53)

Du,YR China 2018 142 70/72 50.7 91.7 60.0 66 28 6 42 | 231 VIQ
(54)

ZhangHP | China 2014 71 39/32 451 719 100.0 230 9 39 291 VIQ
(55)

NiJN (56) | China 2013 275 152/123 447 911 823 12 | 27 | 12 125 | 235 | VIQ
Jung,W$ Korea 2016 127 95/32 252 75.0 91.0 219 8 86 328  VIQ
(57)

Pandey, India 2017 40 26/14 350 857 96.2 21 2 25 253 VIQ
NN (58)

Grazhdani | Italy 2014 82 60/22 268 95.0 75.0 2015 | 1 45 | 246  VIQ
H (59)

Tong] China 2020 98 45/53 54.1 849 86.7 456 8 39 296  VTIQ
(60)

XuL (61)  China 2020 922 405/517 56.1 86.3 80.5 446 | 79 | 71 326 355 VTIQ
ZhaoN China 2022 212 69/143 67.5 839 96.7 120 2 | 23 67 | 266  VTIQ
(62)

MaoF (63) = China 2016 109 65/44 404 79.5 83.1 3 119 54 | 292 | VTIQ
XuL (64)  China 2018 117 43/74 632 86.7 823 64 8 10 35 303 VIIQ
LiDX (65) = China 2019 204 83/121 59.3 711 65.1 86 29 | 35 54 | 274 | VTIQ
LiX (66) China 2019 130 57/73 56.2 923 63.2 67 21 6 36 280  VTIQ
Zhou,H China 2017 302 237/65 215 846 70.0 55 71 10 166 | 260 VTIQ
(67)

Sun,CY China 2017 388 238/150 387 64.7 86.6 97 32 53 206 315 VTIQ
(68)

Yang,YP China 2017 107 87/20 187 70.0 98.8 “ 1 6 86 | 301  VTIQ

(49)
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Study  year  Number of Benig Malignant = Sensitive = Specificity TP FP FN

region nodules Malignan %
Xiao,LL China 2012 67 28/39 582 769 78.6 30 | 6 9 | 22 | 278 | VIQ
(14)
Hou,XJ China 2013 85 65/20 235 80.0 89.2 16 | 7 | 4 | 58 | 242 | VIQ
(15)
Dong,FJ China 2015 55 28/27 49.1 88.9 96.4 24 | 1 3 27 | 242 | VIQ
(16)
LiuBJ (17) | China 2017 141 70/71 50.4 76.1 70.0 54 |21 | 17 | 49 | 258 | VIQ
WuL (18)  China 2018 88 56/32 364 78.1 91.1 25 5 7 51 280  VIQ
Chen,L China 2013 78 50/28 359 714 86.0 20 | 7 8 43 318  VIQ
19)
ZhangYF  China 2014 173 77196 55.5 56.2 79.2 54 | 16 42 61 310 VIQ
(20)
HuangR China 2018 51 17/34 66.7 76.5 94.1 26 | 1 8 16 | 219 | VIQ
@1
ZhangF China 2013 155 93/62 400 96.8 95.7 60 4 2 89 284  VIQ
(22)
Jiang,LY China 2016 195 103/92 472 72.8 77.7 67 | 23 25 80 @ 298  VIQ
(23)
Sha,YM China 2017 95 24/71 747 88.7 95.8 63 | 1 8 23 267  VIQ
@9
Song HY China 2014 193 136/57 295 97.0 81.0 55 |26 | 2 110 248 | VIQ
(25)
XingP (26) = China 2016 90 54/36 400 80.6 74.1 29 |14 7 40 257 | VIQ
Ha,seung Korea 2016 198 168/30 152 86.7 50.6 2% | 8 | 4 8 | 237 | VIQ
Mi (27)
KeK (28)  China 2017 69 37/32 464 87.5 86.5 28 5 4 | 32 25 | VIQ
ZhangYF  China 2012 173 129/44 254 75.0 822 33 |23 11 106 287 | VIQ
(29)
Zhang,Y China 2019 62 22/40 64.5 77.5 63.6 318 9 14 300 | VTIQ
(30)
Wu,SN China 2016 51 16/35 68.6 88.6 93.7 31001 4 15 249  VTIQ
(€]
LiDX (32)  China 2017 186 82/104 559 721 87.8 75 10 29 72 291 | VIIQ
HeYP (33) | China 2017 75 49/26 347 654 83.7 17 8 9 41 351 | VIIQ
Peng,QH China 2019 85 36/49 57.6 735 80.6 3 7 13 29 320 | VTIQ
(34)
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Group AUC 95%Cl Youden Sensitivity Specificity P

index (%) (%)

Training# 0.959 0.929,0.978 0.827 95.24 87.50 <0.001
Test# 0.981 0.899,0.999 0.881 94.74 93.33 <0.001
AFP 0.776 0.724,0.822 0.552 61.47 93.75 <0.001
APHE 0.825 0.776,0.866 0.649 72.73 92.19 <0.001
Washout 0.683 0.626,0.736  0.366 58.44 78.12 <0.001
Satellite 0.598 0.539,0.654 0.195 32.03 87.50 <0.001
lesions

Ascites  0.548 0.490,0.606 0.097 11.26 98.44 <0.001
Nodule 0.778 0.726,0.824  0.556 64.94 90.62 <0.001

# as combined predictors.
APHE, non-rim Arterial phase hyperenhancement; Nodule, Nodule-in-nodule architecture.
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Parameters

Sex

CGOLF

Pathogenesis

AFP
APHE
Washout
Capsule
Blood
Necrosis
Infiltrative
Mural
Satellite
Halo

PE

vIT

DE
Internal
LN
Ascites
Fat

NC
Mosaic
Nodule

Corona

Male
Female

Alcohol
HBV

PBC

O

4

P R I T SR I S R S

Benign

Malignant

186
45
156
73
2
29
195
6
1
89
142
63
168
%
135
7
160
156
75
28
203
157
74
74
157
157
74
201
30
183
48
210
21
213
18
36
195
220
11
205
2
227
4
207
24
2
205
81
150
221
10

Training (n = 295)
Total

220
75

208
85

83
54
241
213
82
105
190
213
82
259
36
234
61
274
21
271
24
78
217
283
12
268
27
290
5
241
54
61
234
139
156
285
10

19.836

4764

66.657

61.136

87.075

26.807

5798

9.882

27.228

9.529

5.882

9.529

0610

0.007

6.264

0.168

64.521

1315

5663

0.009

44611

57.635

62.087

2.868

<0001

0.092

<0001

<0001

<0001

<0001

0016

0.002

<0001

0.002

0015

0.002

0.435

0.935

0012

0.682

<0001

0.252

0017

0.926

<0001

<0001

<0001

0.090

cgogoos

Malignant

33
5
29
9
0
5
33
0
0
14
24
7
31
15
23
1
27
22
16
3
35
24
14
13
25
23
15
32
6
33
5
34
4
36
2
9
29
35
3
35
3

36
2
8

30

17

21

36
2

Test (n =53)
Total

44
9
41
12
[
15
38
0
0
29
24
21
32
27
26
20
33
35
18
7
46
37
16
19
34
3%
17
6
7
45
8
49
4
49
4
19
34
50
3
50
3

a7
6
17
36
32
21
51
2

139

0.08

15.18

1731

2523

707

a4

397

331

282

0.16

337

078

0.39

171

1.00

864

1.26

126

491

7.49

1373

0.82

0238

0.773

<0.001

<0.001

<0.001

0.008

0.036

0.046

0.069

0093

0,692

0.066

0377

0531

0.191

0316

0.003

0.263

0.263

0.027

0.006

<0.001

0.365

CGOLF, Chid grading of iver function; HBV, Hepatits C virus; HCV, Hepatitis C virus; PBC, Primary billary Ginhosis; APHE, non-rim Arterial phase hyperenhancement; Blood, Blood product in mass; Infitrative, infitrative appearance; Mural,
Mural nodules; Satelite, Satelite lesions; Halo, Halo enhancement; PE, Peritumoral enhancement; VIT, vein tumor thrombus; DE, Delayed enhancement; Internal, Interal artery; LN, Lymph node; NC, Non-enhancing “capsule’; Mosaic,
Misal anchRechre Nockils. Noctla-i-nodle srhlscir: Corons. Coning enhancemant
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Parameters

Training Test
Benign Malignant ¥ 4 P Benign Malignant Z P
25th  Median 75th  25th Median 75th 25th Median 75th 25th Median 75th
Age(year) 49.3 56.0 64.0 47.0 56.0 630 -0697 0486 46.0 58.0 65.0 50.5 57.0 630 -0.761 0.446
STB (umol/L) 12.1 21.4 43.4 15.4 25.0 595 2029 0042 124 23.1 69.4 137 20.8 348 -0.227 0.820
PA(g/L) 14.4 63.9 73.9 18.9 63.0 684 -0419 0675 11.2 19.0 71.8 21.8 65.0 740 1343 0.179
PT(s) 126 13.6 14.3 129 137 143 1260 0208 13.0 13.9 146 128 14.1 159 0.445 0.657
BP (X10°/L) 1785 2345 2893 138.0 189.0 251.0 -8.073 0.002 1730 2060 2840 158.8 1875 289.0 -0.632 0.527
Dmax (cm) 48 6.5 8.7 3.7 5.4 8.7 -1.848 0.065 4.4 6.5 8.0 3.4 4.9 8.8 -0.622 0.534

STB, Serum total bilirubin; PA, Plasma albumin; BP, Blood platelet; PT, Prothrombin time; Dmax, Maximum cross-section diameter.
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Parameters B S.E. Wald P OR 95% C.I. for OR

Lower Upper
Sex -0.477 0.673 0.503 0.478 0.621 0.166 2.320
Pathogenesis - - 0.402 0.940 - - =
Pathogenesis (1) -14.731 40193.1 0.000 1.000 0 0 -
Pathogenesis (2) -14.257 40193.1 0.000 1.000 0 0 -
Pathogenesis (3) 1.931 42542.7 0.000 1.000 6.895 0 =
AFP 2.356 0.828 8.104 0.004 10.547 2.083 53.401
APHE 6.608 1.313 25.334 0.000 740.876 56.527 9710.303
Washout -3.564 1.279 7.762 0.005 0.028 0.002 0.348
Capsule 0.998 0.726 1.867 0.172 2.698 0.650 11.207
Blood 1.451 0.962 2272 0.132 4.266 0.647 28.140
Necrosis -1.186 0.926 1.641 0.200 0.306 0.050 1.875
Infiltrative -0.002 0.888 0.000 0.998 0.998 0.175 5.688
Mural nodules -0.445 0.721 0.381 0.537 0.641 0.156 2632
Satellite lesions 2719 0.985 7.616 0.006 15.164 2.199 104.579
DE 18.150 6298.88 0.000 0.998 7.6E+07 0 =
Internal 0.797 0.884 0.813 0.367 2219 0.392 12.555
Ascites 5.0561 2.271 4.947 0.026 166.241 1.822 13394.835
NC -1.410 1.033 1.863 0.172 0.244 0.032 1.849
Mosaic 0.035 0.945 0.001 0.971 1.035 0.162 6.596
Nodule 3311 0.870 14.488 0.000 27.401 4.982 1560.700
STB 0.021 0.014 2.161 0.142 1.021 0.993 1.050
Blood platelet 0.001 0.003 0.243 0.622 1.001 0.996 1.007
Constant 11.839 40193.1 0.000 1.000 1 138612.5 =

APHE, non-rim Arterial phase hyperenhancement; Blood, Blood products in mass; DE, Delayed enhancement; Internal, Internal artery; NC, Non-enhancing “capsule”; Mosaic, Mosaic
architecture: Nodule, Nodule-in-nodule architecture; STB, Serum total bilirubin.
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