

[image: Computed Tomography-Based Machine Learning Differentiates Adrenal Pheochromocytoma From Lipid-Poor Adenoma]
Computed Tomography-Based Machine Learning Differentiates Adrenal Pheochromocytoma From Lipid-Poor Adenoma





ORIGINAL RESEARCH

published: 21 March 2022

doi: 10.3389/fendo.2022.833413

[image: image2]


Computed Tomography-Based Machine Learning Differentiates Adrenal Pheochromocytoma From Lipid-Poor Adenoma


Haipeng Liu 1,2†, Xiao Guan 2,3†, Beibei Xu 4†, Feiyue Zeng 1, Changyong Chen 1, Hong ling Yin 5, Xiaoping Yi 1,2,6,7*, Yousong Peng 4* and Bihong T. Chen 8


1  Department of Radiology, Xiangya Hospital, Central South University, Changsha, China, 2 National Clinical Research Center for Geriatric Disorders, Xiangya Hospital, Changsha, China, 3 Department of Urology, Xiangya Hospital, Central South University, Changsha, China, 4 College of Biology, Hunan University, Changsha, China, 5 Department of Pathology, Xiangya Hospital, Central South University, Changsha, China, 6 Hunan Engineering Research Center of Skin Health and Disease, Xiangya Hospital, Changsha, China, 7 Hunan Key Laboratory of Skin Cancer and Psoriasis, Xiangya Hospital, Changsha, China, 8 Department of Diagnostic Radiology, City of Hope National Medical Center, Los Angeles, CA, United States




Edited by: 

Giuseppe Reimondo, University of Turin, Italy

Reviewed by: 

Filippo Ceccato, University of Padua, Italy

Mingliang Wang, Fudan University, China

Kehua Jiang, Guizhou Provincial People’s Hospital, China

*Correspondence: 

Xiaoping Yi
 yixiaoping@csu.edu.cn

Yousong Peng
 pys2013@hnu.edu.cn



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


Specialty section: 
 This article was submitted to Adrenal Endocrinology, a section of the journal Frontiers in Endocrinology


Received: 11 December 2021

Accepted: 24 February 2022

Published: 21 March 2022

Citation:
Liu H, Guan X, Xu B, Zeng F, Chen C, Yin Hl, Yi X, Peng Y and Chen BT (2022) Computed Tomography-Based Machine Learning Differentiates Adrenal Pheochromocytoma From Lipid-Poor Adenoma. Front. Endocrinol. 13:833413. doi: 10.3389/fendo.2022.833413




Objectives

To assess the accuracy of computed tomography (CT)-based machine learning models for differentiating subclinical pheochromocytoma (sPHEO) from lipid-poor adenoma (LPA) in patients with adrenal incidentalomas.



Patients and Methods

The study included 188 tumors in the 183 patients with LPA and 92 tumors in 86 patients with sPHEO. Pre-enhanced CT imaging features of the tumors were evaluated. Machine learning prediction models and scoring systems for differentiating sPHEO from LPA were built using logistic regression (LR), support vector machine (SVM) and random forest (RF) approaches.



Results

The LR model performed better than other models. The LR model (M1) including three CT features: CTpre value, shape, and necrosis/cystic changes had an area under the receiver operating characteristic curve (AUC) of 0.917 and an accuracy of 0.864. The LR model (M2) including three CT features: CTpre value, shape and homogeneity had an AUC of 0.888 and an accuracy of 0.832. The S2 scoring system (sensitivity: 0.859, specificity: 0.824) had comparable diagnostic value to S1 (sensitivity: 0.815; specificity: 0.910).



Conclusions

Our results indicated the potential of using a non-invasive imaging method such as CT-based machine learning models and scoring systems for predicting histology of adrenal incidentalomas. This approach may assist the diagnosis and personalized care of patients with adrenal tumors.
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Introduction

Adrenal incidentalomas are defined as masses incidentally discovered on abdominal imaging carried out for reasons other than evaluation of the adrenal glands (1–3). Advances in imaging modalities and increased use of imaging studies have increased the incidence of adrenal incidentalomas (2, 3). Histologically, the most common adrenal incidentalomas in non-cancer patients are adrenal adenoma (75%-80%), myelolipoma (6%), and pheochromocytoma (most commonly the subclinical PHEO, sPHEO) (0.3%-5.1%) (4–7). Subclinical PHEOs should be managed differently from adrenal adenomas because they may have secretory function despite being clinically asymptomatic (8–11). In addition, failure to diagnose sPHEO before surgery or biopsy may lead to an adrenergic storm and life-threatening hemodynamic crisis (12, 13). Most adrenal incidentalomas are easily recognized if they display typical radiological features. However, imaging findings of sPHEOs and lipid-poor adenomas (LPA) are usually atypical and often overlap (12–22). It is imperative to distinguish between sPHEO and LPA prior to intervention to avoid complications.

Computed tomography (CT) is one of the most commonly used imaging methods for evaluating adrenal incidentalomas (17–26). Traditional CT assessment usually explores a single imaging feature such as CT value of the tumor, or a combination of several features such as tumor shape and texture, which may still result in a diagnostic dilemma from time to time (21, 22, 26). For instance, a large multicenter cohort study of PHEOs reported that 99.5% (374/376) of PHEOs had an unenhanced attenuation of CT>10 HU (27). Therefore, it appeared unnecessary to obtain biochemical testing such as plasma free or 24-hour urinary fractionated metanephrines for diagnosis of PHEO if the tumor had unenhanced attenuation of CT>10 HU. However, this CT cut off value (≤10 HU) to rule out PHEO might not be adequate to separate sPHEO from LPA. LPA may have HU > 10 HU because it lacks low-density lipids in the tumor and PHEO may have unenhanced attenuation of ≤10 HU in rare cases. Prior studies have also shown that measuring CT values during contrast washout may help to differentiate sPHEO from LPA (21, 22). However, this method requires multi-phase enhanced CT scan and requires a dedicated CT scanning protocol specific for adrenal incidentaloma (26). Advanced imaging analysis such as radiomics with texture assessment of CT images in unenhanced, arterial and venous phases has been shown to classify adrenal incidentalomas, specifically differentiating malignant from benign adrenocortical tumors (28). However, radiomics requires computational expertise and is not used routinely in clinical practice.

Unenhanced/pre-enhanced CT imaging protocol does not use intravenous contrast, which has the advantage of avoiding radiation from additional enhanced scan and contrast agent-associated risks (17, 18). This is especially important for vulnerable patients such as the elderly, children, and patients with renal dysfunction. In addition, detailed assessment of the pre-enhanced CT not only avoids the additional scanning for intravenous contrast-enhanced CT but also may help to avoid more expensive methods such as magnetic resonance imaging with in-phase and out-of-phase sequences to identify lipid signal drop-off (29), and to avoid unnecessary invasive procedures such as biopsies. Furthermore, unenhanced CT imaging has the advantage of being easy to acquire and standardize, short scanning time and not being affected by factors associated with contrast administration such as injection rate and scan delay time for various phases. It is therefore prudent to develop a diagnostic strategy based on existing pre-enhanced CT images and machine learning methods for differentiating different types of adrenal incidentalomas.

In this study, we assessed the accuracy of a CT-based machine learning method and scoring system for distinguishing sPHEO from LPA. We developed two kinds of logistic regression (LR) models with and without features related to enhanced CT, named M1 and M2, respectively. To facilitate the use of the models, we also developed two scoring systems, S1 and S2, based on M1 and M2, respectively. In addition, we tested the performance of the prediction models and scoring systems utilizing pre-enhanced CT images compared with enhanced CT images. We hypothesized that the machine learning models built with the pre-enhanced CT imaging features could classify sPHEO and LPA with satisfying performance.



Materials and Methods


Patients

Patients with surgical pathology-proven adrenal adenoma or PHEO were identified through searching our institutional medical record database from June 1, 2006 to May 31, 2017. All consecutive patients with detailed medical records as well as pathological results were included in this study. No patients included in this study had adrenal tumor-related therapy prior to the CT scans. The patient recruitment pathway with inclusion and exclusion criteria is presented in Figure 1.




Figure 1 | Flow-chart of patient enrollment for this study. CTpre, pre-enhanced CT value; CTpost, enhanced CT value; AA, adrenal adenoma; PHEO, pheochromocytoma; sPHEO, subclinical pheochromocytoma; LPA, lipid poor adenoma; HU, Hounsfield Unit.



The reporting of this study was conformed to the Strengthening the Reporting of Observational Studies in Epidemiology (STROBE) guidelines (30). This retrospective study was approved by Institutional review board of Xiangya Hospital, Central South University, P. R. China and the written informed consents were waived due to the retrospective nature of this study (No.201612638).



CT Imaging Technique

Patients underwent abdominal CT scans on one of the three CT scanners: a 320-MDCT scanner (Aquilion ONE, Toshiba Medical Systems), a 64-MDCT (SOMATOM Definition, Siemens), or a 16-MDCT (Brilliance 16, Philipps). After routine pre-enhanced CT, contrast-enhanced scans were performed after intravenous administration of 90 to 100 mL of iodinated contrast material (Ultravist 370; Bayer Schering Pharma, Berlin, Germany) at a rate of 3.0 to 3.5 ml/s using a power injector (Ulrich CT plus 150, Ulrich Medical, Ulm, Germany). Enhanced CT images in both arterial and portal-venous phases (scan with fixed delay time of 28 seconds and 65 seconds, respectively) were available for some but not for all patients. The pre-enhanced and contrast-enhanced CT images were reconstructed with a thickness of 1 mm for further evaluation. The scanning parameters are listed in Supplementary Table S1.



CT Imaging Analysis

CT images for each patient were reviewed independently by three abdominal radiologists (XY, CC, FZ) with 10, 20, and 10 years of experience in abdominal imaging, respectively. The three radiologists were blinded to the patient information. CT imaging features of the adrenal tumors included the following: long diameter/dimension (LD, mm), short diameter (SD, mm), pre-enhanced CT value in Hounsfield Unit (HU)(CTpre, HU), enhanced CT value (CTpost, HU), shape (regular or irregular), homogeneity (Homo, homogeneous or heterogeneous) on pre-enhanced CT images, necrosis or cystic degeneration (N/C), calcification (Calc), and contour (sharp or blurred). Consensus in imaging analysis was reached through discussion when differences of opinion existed.



Statistical Analysis and Predictive Modeling

All statistical analyses were conducted using R (version 3.3.2). For the quantitative features including age, LD, SD, CTpre, CTpost, the Wilcoxon rank-sum test was used to test whether there were significant differences between sPHEO and LPA. Differences in qualitative features including sex, shape, Homo, N/C, Calc, and Contour were analyzed using Chi-square test and Fisher’s exact tests. Three kinds of models, including logistic regression (LR), support vector machine (SVM), or random forest (RF) models were obtained using functions “glm” (in package “stats”), “svm” (in package “e1071”) and “randomForest” (in package “randomForest”), respectively, with default settings. The function “roc.test “(in package “pROC”) was used to compare the area under the receiver operating characteristics (ROCs) curves (AUCs) of the generated models. The score with the largest Youden index, equal to sensitivity + specificity − 1, was defined as the superior cut-off point. Five-fold cross-validations were used to evaluate the performance of these models. ROCs and nomograms were drawn using the functions “plot.roc” (in package “pROC”) and “nomogram” (in package “rms”), respectively. A P value < 0.05 was considered statistically significant.




Results


Clinical and Radiological Characteristics

Comparison between patients with sPHEO and patients with LPA is presented in Table 1. A total of 269 patients were retrospectively included in this study. There were 92 tumors in 86 patients with sPHEO and 188 tumors in 183 patients with LPA. No significant differences were found in age, sex, and reasons for CT imaging between the two groups (all P > 0.05). Radiologically, many imaging features of sPHEO were overlapped with those of LPA lesions (Figure 2). The mean CT attenuation values for both pre-enhanced and enhanced CT of sPHEOs were significantly higher than those of LPAs (P < 0.01). In addition, sPHEOs were significantly larger than LPAs in both their long and short dimensions/diameters (P < 0.01).


Table 1 | Clinical and radiological characteristics of subclinical pheochromocytoma (sPHEO) and lipid-poor adenomas (LPA).






Figure 2 | Axial pre-enhanced and enhanced CT images of a patient with lipid-poor adenomas (LPA) (Case 95) and a patient with subclinical pheochromocytoma (sPHEO) (Case 21) showing left adrenal mass at the tumor largest dimensions. On pre-enhanced images, the LPA appeared as an irregular mass with intermediate heterogeneous density (A), while the sPHEO was an elliptical mass with relatively homogeneous density (B). After injection of contrast medium (65s), the LPA was markedly more heterogeneous, with obvious cystic and necrotic areas (C), while the sPHEO showed a mildly heterogeneous enhancement pattern (D).



There was no significant difference in distribution between the two tumor types. On pre-enhanced CT images, the 92 sPHEO tumors showed mildly to moderately heterogenous hyperattenuation, with mildly or intermediately heterogenous (n=66) or relatively homogenous (n=26) enhancement. On pre-enhanced images of the 188 LPA lesions, mild to moderate heterogeneity was found in 51 tumors and a homogenous pattern in 137 tumors. Following contrast-enhancement, mildly/markedly heterogenous (n=149) or homogenous (n=39) enhancement patterns were observed. On enhanced images, N/C imaging feature could be identified in 71.7% (66/92) of sPHEO masses and in 8.0% (15/188) of LPA lesions. Among the sPHEO lesions, 89 had a well-defined margin and the remaining three were ill-defined. Of the 188 LPAs lesions, only one had an ill-defined margin and the remaining 187 were all well-defined.



Machine-Learning Models

We developed machine-learning models based on seven imaging features that showed significant differences between the two groups of patients: including SD, LD, CTpre, CTpost, Shape, Homo, and N/C. Since a strong correlation was observed between LD and SD (Pearson Correlation Coefficient 0.97, see Supplementary Files Figure S1, S2), only SD parameter was used to reduce redundancy. Three models were built with three machine learning methods, i.e., LR, SVM and RF. The LR model performed the best among the three models in the five-fold cross-validations, with a prediction accuracy of 0.864 for the validation data (Supplementary Table S2). The LR model was considered to be more interpretable than the other two models. Therefore, we used the LR model in the subsequent analysis.

To develop a model that could best discriminate sPHEO from LPA, all potential combinations of six features mentioned above were used. A total of 63 models were created, evaluated, and ranked based on the AUCs in five-fold cross-validations (Supplementary Table S3). Three parameters were used to select the best model for clinical application: overall performance (high AUC), conciseness (minimum number of features used), and high sensitivity (maximum reduction of missing sPHEO rates). Among the 63 models, the model “CTpre + Shape + N/C” had the largest AUC with only three features used and was therefore, selected as the best model (M1). Figure 3A shows the ROC for M1 on the validation data in cross-validations. It achieved an AUC of 0.919 and an accuracy of 0.859, and sensitivity, prediction precision, and a false negative rate (rate of missed diagnosis) of 0.734, 0.822, and 0.266, respectively. M1 performed better than models based on any single feature (Supplementary Table S4). The related nomogram for M1 is presented in Figure 3B. To determine the probability of sPHEO based on the nomogram, the points for each feature in M1 were obtained by mapping the feature value to the “Points” in the top of Figure 3B. “Total Points” were then obtained by summing up the points of features, and mapped to the “Probability of sPHEO” in the bottom of Figure 3B.




Figure 3 | The receiver operating characteristic (ROC) curves and nomograms for the models based on the CT imaging features. The ROC curves were based on predictions from the validation data in five times of cross-validations, while the nomograms were drawn based on predictions from all data used for deriving the model. The average and standard deviation of the predictive performance measures in five times of cross-validations were shown. (A, B) refer to model M1 with features of “CTpre + Shape + Necrosis or Cystic (N/C)”; (C, D) refer to model M2 with features of “CTpre + Shape + Homogeneity (Homo)”.



To facilitate the use of the model, the regression coefficients obtained for each feature in M1 using all data were used to construct a scoring system, which represented the log odds of sPHEO, denoted as the S1 score as follows:

 

ROC analyses showed that regression coefficients could be simplified without affecting the discriminative accuracy of the score as follows (Supplementary Figure S3):

 

Therefore, the total score for S1 was obtained simply by adding 10% of CTpre, minus 1 if the shape of the lesion was regular or plus 3 if necrosis or cystic degeneration (N/C) was observed.

The S1 score for all patients ranged from 0 to 7.74 points. An S1 score of 3 was calculated as the optimal cutoff value (Supplementary Figure S4), with a sensitivity of 0.892 and a specificity of 0.866 (Table 2). This suggested that 89.2% of sPHEO patients would have an S1 score ≥ 3, and the remaining 10.8% would be missed at this cutoff. To reduce the rate of missed diagnosis, lower cutoffs could be adopted. When the cutoff was set at 1, the rate of missed diagnosis could be as low as 1% at the cost of a low precision (43.7%).


Table 2 | Cut-off values and corresponding performance data for the S1 scoring system based on three CT features, i.e., CTpre + Shape + necrosis or cystic degeneration (N/C), including an enhanced CT feature such as the N/C.





Differentiating sPHEO From LPA Without Enhanced CT Features

Given that enhanced CT may pose increased risks to patient health, such as added radiation dose and potential contrast allergy, we investigated the possibility of distinguishing sPHEO from LPA without the need for features derived from enhanced CT images, i.e. N/C and CTpost value. Logistic regression models were developed with four features, and the best model was chosen as described above (Supplementary Table S5). The best-ranked model, including the features “CTpre + Shape + Homo”, was named M2. Interestingly, the features included in M2 were similar to those in M1, considering that the features “Homo” and “N/C” both were indicators of tumor texture and structure. Figure 3C shows the ROC for M2 on the validation data in cross-validations. M2 achieved an AUC of 0.887, an accuracy of 0.821, sensitivity, precision, and a false negative rate of 0.736, 0.731, and 0.264, respectively. Although the overall performance of M2 was inferior to that of M1 based on the AUC test (Supplementary Table S6), the rates of missed diagnosis (i.e., false negative rate) for both models were similar (Figures 3A, C). The related nomogram for M2 is shown in Figure 3D.

To facilitate the use of M2, the regression coefficients obtained for each feature in the model, based on all data, were used to construct a scoring system without features related to enhanced CT, denoted as S2 Score as follows:

 

ROC analyses again showed that regression coefficients could be simplified without affecting the discriminative accuracy of the S2 score, as follows (Supplementary Figure S5):

 

Therefore, total score for S2 was obtained simply by adding 10% of pre-enhanced CT values, minus 1 if the shape was regular or minus 2 if homogeneity was observed.

The S2 score ranged from -2 to 4.74 points. A score of 1 was calculated as the optimal cutoff value (Supplementary Figure S6) with a sensitivity of 0.935 and a specificity of 0.773 (Table 3). This suggested that 93.5% of sPHEO patients would have an S2 score≥1, and the remaining 6.5% would be missed at this cutoff. Lower cutoffs could be used to reduce the rate of missed diagnosis; when the cutoff was set to -1, the rate of missed diagnosis could be as low as 1% at the cost of reduced precision (41.2%).


Table 3 | Cut-off values and corresponding performance data for the S2 scoring system based on three CT features, i.e., CTpre + Shape + Homogeneity (Homo), without enhanced CT features.






Discussion

Adrenal incidentalomas are more commonly seen nowadays due to greater use of clinical imaging and better performance of imaging modalities. Accurate diagnosis is important for proper management of these incidentalomas (31–36). Our previous work on adrenal incidentalomas showed the potential of radiomics and textural features for distinguishing sPHEO from LPA (17, 18). However, radiomics has not been widely used in clinical practice because of its demand on time-consuming computational analysis for high-dimensional features not recognized by human eye. Therefore, the work-up of adrenal incidentalomas still depends mainly on the traditional radiological features assessed via visual inspection (14–16, 20–22, 37, 38). In this study, we focused on the traditional radiological features, and our models built with these common CT features had robust performance in classifying these two subtypes of adrenal incidentalomas. Furthermore, our model built with the pre-enhanced CT images performed reasonably well, which is promising for its clinical implication because of its advantages of avoiding radiation exposure and the risks associated with contrast administration.

Our study was unique. We combined the traditional radiological features and machine learning methods to improve the diagnostic performance of non-adrenal CT imaging. Published literature has shown the value of adrenal washout CT and pre-contrast CT in diagnosing PHEO and adenoma. However, there are remaining issues with these CT scan protocols, which still need further research. Adrenal washout CT has a low specificity with a non-negligible proportion of pheochromocytomas mistaken for adenoma (26). The pre-contrast CT of 10 HU as a cutoff is not adequate to separate PHEO and LPA because both can have CT >10 HU (39). Radiomics may play a role in classifying the subtypes of adrenal incidentalomas. Our own radiomic studies on adrenal incidentalomas showed a radiomic signature constructed with CT characteristics and radiomic features, and texture analysis of unenhanced CT images could help to differentiate sPHEO from LPA (17, 18). Additional diagnostic imaging such as 123 I-MIBG and 68Ga-DOTATATE, and biochemical tests checking for elevation of catecholamines and metanephrines could also help to confirm the diagnosis of PHEO but also increase cost.

Interestingly, the best models identified by both scoring systems contained the features CTpre value and Shape, with their respective third feature being similar in nature reflecting internal tumor architecture, i.e., Homogeneity (Homo) for the S1 scoring system and necrosis/cystic degeneration (N/C) for the S2 scoring system. This should not be surprising as these imaging features are commonly scrutinized for differential diagnosis of adrenal incidentalomas (1–7, 19–22, 26). They reflect the textural and structural characteristics, and the biological behavior of the tumors to some extent (2). Although these features are not specific for any particular adrenal tumors and have low diagnostic specificity when used alone, we found that the diagnostic accuracy was substantially increased when these features were used in combination.

Among the imaging features assessed in this study, the feature “N/C” indicating necrosis/cystic degeneration of tumor contributed most to the diagnostic specificity in our prediction model. The “N/C” imaging feature is usually found in PHEOs other than in adenomas despite of more abundant blood supply in PHEOs (10–12, 19–23). It is therefore an imaging feature that prompts a PHEO diagnosis (21, 22). Of note, the “N/C” feature is usually identified on enhanced images. However, our S2 scoring system did not rely on enhanced CT but had similar diagnostic efficiency to the S1 scoring system which included the enhanced CT features. Our results implied that pre-enhanced CT could potentially be used as the imaging choice for differentiating the subtypes of adrenal incidentalomas.

There were several limitations to our study. First, this was a retrospective study from single-center data without external validation, which may reduce the generalizability of our prediction models. A future large-scale prospective multicenter study is needed to validate our results. To the best of our knowledge, this study was the largest case study of these two tumors so far. Nevertheless, the sample size was still modest for a machine-learning study and case selection bias was inevitable due to the retrospective nature of the study. Second, the sensitivity and accuracy for both LR models (M1 and M2) were not high enough for clinical applications. More effective imaging features are needed to improve the model performance. Clinical features including biochemical and pathological tests may also help to distinguish sPHEO from LPA. Third, while the models of M1 and M2 were evaluated with cross-validations, their reliability and performance need to be tested through a well-designed prospective study in a larger cohort with external validation and sufficient statistical power. Additionally, our study was limited for lack of arterial phase and multi-phase scans such as 10-15-minute delayed phase for measuring contrast washout useful for diagnosing adrenocortical adenomas. Lastly, our study was limited for lack of biochemical tests on catecholamines and metanephrines for endocrine secretion data, which could be helpful for differentiating sPHEO from LPA. In addition, we did not have data on autonomous cortisol secretion in our cohort. This was mostly due to incomplete medical records in this retrospective study. A recent longitudinal study of CT attenuation changes indicated the necessity of obtaining autonomous cortisol secretion values to differentiate LPA (>10 HU) from other adrenal incidentalomas as LPA had a reduced cortisol suppression after dexamethasone test, and decreased attenuation values suggesting increased lipid content during follow-up (40). Therefore, we plan to include endocrine data for our future studies of adrenal incidentalomas.

In conclusion, we assessed traditional radiological features on CT images and developed prediction models and scoring systems for distinguishing sPHEO from LPA. Our results suggested that a non-invasive imaging method such as pre-enhanced CT images could be used to predict the histology of adrenal tumors. This approach should assist in the diagnosis and personalized care of patients with adrenal incidentalomas.
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