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Abstract
Background: The detection rates and surgical resection rates of adrenal incidentaloma are increasing, but
malignant tumors only account for 10%-15%. Taking adrenal cortical adenomas (ACA) as an example,
this paper aims to explore if texture analysis of preoperative computed tomography (CT) images based
on machine learning can reliably identify if ACA are functional.

Methods: The clinical and imaging data were collected retrospectively for 75 patients with adrenal
cortical adenoma con�rmed by surgery and pathology in our hospital from November 2018 to November
2020. MaZda image analysis software was used to segment image data and extract features. Support
vector machine (SVM) was used to create an image omics model to predict the functionality of the ACA.
Lastly, the area under the receiver operating characteristic (ROC) curve (AUC) was used to evaluate the
performance of the radiohistology model.

Results: Four histological models were developed (models 1-4, which represent plain scan, arterial
enhancement, venous enhancement and delayed scan, respectively). All models 1-4 showed a good
ability to distinguish between functional and non-functional ACA in the training sample, with an average
AUC of 0.96, 0.91, 0.91 and 0.88, respectively.

Conclusion: Texture analysis of CT images using machine learning can effectively identify whether
adrenal cortical adenoma is functional.

Introduction
Adrenal Cortical Adenoma

Detection and surgical resection rates of adrenal incidentaloma are increasing, while malignant tumors
only account for 10%-15% [1]. Adrenal cortical adenoma (ACA) is the most common adrenal
incidentaloma and the most common benign adrenal tumor, accounting for 50-80% of all adrenal tumors
[2, 3]. Clinically ACA is divided into non-functional and functional subgroups [3]. Functional ACA produces
aldosterone, cortisol and sex hormones and causes corresponding clinical symptoms [4]. There are
differences in treatment methods between functional ACA and non-functional ACA. Since non-functional
ACA with a diameter <4 cm has a good prognosis, it can be followed regularly without surgical resection
[5]. However, for functional ACA or ACA with a diameter ≥4cm, surgical treatment is recommended [6].
Diagnosis of functional ACA depends on clinical presentation, as well as results from laboratory, imaging
and pathological examinations [4]. Conventional imaging methods alone are not su�cient to distinguish
functional adenoma from non-functional adenoma.

Texture Analysis

Texture analysis is a computational quantitative technique, which provides a method for measuring the
inhomogeneity of lesions according to the local change of image brightness to distinguish different
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pathological areas [7]. Image texture analysis based on machine learning, also known as radiohistology,
is a new �eld of radiology. It uses various calculation methods to obtain quantitative parameters from
computed tomography (CT) and magnetic resonance imaging (MRI); it is even possible to automatically
analyze heterogeneous tumors [8]. To date, it has been successfully investigated as an auxiliary means
for diagnosis, differential diagnosis, metastasis and prognosis of glioma [9], lung cancer [10], breast
cancer [11] and rectal cancer [12].

The purpose of this study is to explore whether texture analysis of CT images based on machine learning
can be used as a suitable method to identify the function of adrenal cortical adenoma.

Materials And Methods
1.1 General information

The research was approved by the ethics committee of the a�liated hospital of Southwest Medical
University (KY2020063). All patient information was completely anonymous before analysis. According
to Helsinki Declaration (2000 edition), this study is a retrospective study, the institutional review
committee (IRB) of our hospital waived informed consent.

The clinical, pathology and imaging data were collected for 75 patients with ACA con�rmed by surgery
and pathology at our hospital from November 2018 to November 2020. There were 47 functional
adenomas and 28 nonfunctional adenomas, including 36 males and 39 females.

The inclusion criteria are as follows: (1) adrenal cortical adenoma con�rmed by clinical diagnosis and
postoperative pathological examination; (2) multi-slice spiral CT used for imaging with complete imaging
data and clear images; and (3) complete clinical data reviewed by an endocrinologist. The exclusion
criteria were as follows: (1) partial clinical and imaging data; (2) a lesion diameter ≥ 4 cm; and (3) image
is unable to be processed by imaging software.

1.2 Methods

1.2.1 Classi�cation standard

This study used clinical symptoms and endocrine function evaluation results to distinguish functional
ACA from non-functional ACA. Non-functional ACA patients were identi�ed by extensive diagnosis. These
standards include, but are not limited to: (1) no full moon face, buffalo back, hair, purple lines and
ecchymosis, no sudden severe hypertension, paroxysmal �accid paralysis, nocturia, hypokalemia and
other symptoms. (2) ACTH-F rhythm is normal, 1mg DST cortisol level at midnight is less than 50nmol/L,
and 24h urinary free cortisol (24h UFC) is normal, urinary catecholamine, norepinephrine (ne), epinephrine
(E) and dopamine (DA) are within normal limits for at least two 24 hour intervals;
spironolactone/mineralocorticoid antagonist discontinued for at least 4 weeks; diuretics, angiotensin-
converting enzyme inhibitors, angiotensin II receptor antagonists and beta receptor blockers discontinued



Page 4/12

for at least 2 weeks; urine aldosterone is within normal limits for 24 hours; and the ratio of aldosterone
(pmol/L)/ renin activity in resting plasma [µg/(L.h)] (ARR) < 30. [5]

1.2.2 Grouping method

According to the clinical symptoms and endocrine evaluation results, patients were divided into
functional (F) and non-functional (N) groups. The image data for each group were extracted and
analyzed according to four categories: plain scan, artery enhancement, vein enhancement and delayed
scan.

1.2.3 Image segmentation and feature extraction

We used MaZda image analysis software (Version 4.6, http//www.eletel.p.londz.pl/program/Mazda/) to
segment images and extract features. A radiologist with experience using this software sketched a region
of interest (ROI) of the collected image data. All patients' image data was stored in the radiation work
system.

The texture analysis process began with the radiologist selecting the image of the largest slice of the
lesion (Figure 1a-d), saving it in a bitmap (BMP) format, importing the image into the MaZda software
and sketching the ROI. We ensured that the distance between the sketching line and the edge of the lesion
was approximately 1-2 mm to avoid including free fat outside the lesion and reduce the error caused by
edge samples (Figure 2). After sketching the ROI, the MaZda software automatically analyzed the texture
feature parameters of the selected area. Lastly, between 295 and 334 texture features were extracted
from each image (Figure 3).

To evaluate the reproducibility of this approach, we randomly selected 20 samples from which the �rst
radiologist and a second radiologist also with software experience simultaneously completed the same
process described above. Each worked independently and was blinded to the order and grouping of
sample data. By comparing the texture features extracted by two radiologists from the ROI description,
the consistency between observers was evaluated. An intraclass correlation coe�cient (ICC) was used to
evaluate the consistency within and between observers. An ICC>0.75 indicates good reliability between
observers.

1.2.4 Data feature processing

Using principal component analysis (PCA) dimensionality reduction, 300 effective texture features were
selected from all the extracted texture features. First, 300 features of the four categories (plain scan,
artery enhancement, vein enhancement and delayed scan) were normalized to eliminate the adverse
image effects caused by outlier data. For this study, we de�ned normalization as (each data-minimum
value)/ (maximum value-minimum value). A value of 0 was assigned for negative samples (non-
functionality) and a value of 1 was assigned for positive samples (functionality). For the plain scan
period, the number of negative samples (19 cases), was approximately equal to the number of positive
samples (22 cases). Thus, there was no need to balance samples. However, for the arterial phase,
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negative samples (28 cases) and positive samples (43 cases) were imbalanced. To reduce the imbalance
of samples, we applied the Synthetic Minority Over-sampling Technique (SMOTE), resulting in 84
negative samples and 86 positive samples.

1.2.5 Model establishment and testing

Based on the SVM, a single group of the four categories (models 1-4, which represent plain scan, artery
enhancement, vein enhancement and delayed scan, respectively) was created by combining the texture
features to predict the performance of four omics models. We randomly selected 80% of the total
samples as the training set and designated the remaining 20% as the test set. We used this training set to
train the SVM model, tested with the trained model and repeated the testing 100 times. We calculated the
AUC by drawing the ROC curve of the 100 test results.

The discrimination of training model performance mainly depends on the AUC of the ROC. We also
calculated the average accuracy, maximum accuracy, minimum accuracy, average negative predictive
value (NPV), average positive predictive value (PPV), average sensitivity and average speci�city of the
100 tests. Thus, the performance of the established model was evaluated according to all indicators of
the validation sample.

Results
The 300 radiohistological features achieved satisfactory consistency between observers. Therefore, no
radiohistological features needed to be excluded. The average ICC of the internal observer protocol is
0.92 (range 0.774 to 1, p < 0.001), and that of inter-observer protocol is 0.9 (range 0.631 to 1, p < 0.001).

The ROC curves of the omics models 1-4 to predict ACA functionality are shown in Figure 4. In the
training sample, Model 1 had better performance (average AUC = 0.96; maximum AUC = 1.00, minimum
AUC = 0.75; and average accuracy = 92.34%). The performance of models 2 and 3 are similar, with
average AUC of 0.91, maximum AUC of 0.99 and 1.00, minimum AUC of 0.75 and 0.76, and average
accuracy of 86.21% and 84.27%, respectively. The performance of model 4 is the worst, with average AUC
of 0.88, maximum AUC of 0.99, minimum AUC of 0.75 and average accuracy of 80.95% (Table 1).

Table 1 The calculation results
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Discussion
Background

Adrenal incidentaloma is an asymptomatic adrenal mass. Yet, previous research found that suspected
adrenal diseases were not examined on imaging [13]. As machine learning improves, its use is becoming
an important aspect of medical care and treatment [5]. The new urology guidelines recommend surgery
for adrenal masses with indicators including obvious malignant tendency, tumor diameter ≥4 cm,
excessive hormone secretion or obvious clinical symptoms [13]. For masses without obvious surgical
indicators, clinical and imaging follow-up is recommended. For masses with a diameter <1 cm, no follow-
up is required [6]. General adrenal masses with obvious surgical indicators are easily identi�ed in the
clinic and imaging. However, for the masses with no obvious clinical symptoms, no excessive hormone
secretion and a tumor diameter between 1-4 cm, the clinical surgical decision-making criteria are rather
vague [5, 14]. Therefore, many adrenal incidentalomas are excessively diagnostically resected, which
could be followed up by clinical and imaging studies [15].

Adrenal cortical adenoma (ACA), the most common adrenal incidentaloma, is mainly benign and
nonfunctional [3]. It is representative of adrenal masses recommended for follow-up. At present, there is a
single method to evaluate whether ACA is functional, that is, by measuring clinical symptoms and
hormone secretion levels [5]. Endocrine assessment (determination of hormone secretion level) is usually
used in patients with adrenal incidentaloma [16]. However, non-functional adenoma is often over
diagnostically resected because it is not easy to diagnose and patients lack knowledge of the disease
[15].

Innovations and research results.
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The difference between treatments for functional ACA and non-functional ACA emphasizes the
importance of functional evaluation for adrenal tumors [13]. However, the more complicated endocrine
assessment cannot meet the needs of surgeons. Diagnostic resection brings unnecessary pain and
expense to patients [14]. Arti�cial intelligence is widely used in medicine, and most of the differential
studies of primary tumors focus on benign and malignant tumors [17–20]. Because of the endocrine
particularity of adrenal tumors and the differences in recommended treatment methods, we chose a new
angle, that is, �rst to identify the tumor's functionality, and then to make suggestions for the treatment of
these tumors.

We used MaZda image analysis software to sketch ROI and extract 300 tumor-related texture features for
machine learning. The training results of four groups of models were obtained, with the average AUC of
0.96, 0.91, 0.91 and 0.88, representing the prediction results of plain scan, artery enhancement, vein
enhancement and delayed scan, respectively. The results showed that CT texture analysis based on
machine learning has a strong performance in the functional prediction of ACA. However, in this study,
the image evaluation of CT contrast delayed scanning is not as ideal as the other three groups, which
may be related to the rapid clearance of adenoma enhanced scanning [13].

Limitations and solutions

Of course, radio-omics still faces major challenges, such as replicability of research, standardization of
images and data, and ethical and regulatory considerations. In our research, we used ICC to evaluate the
reproducibility within and between observers, and used MaZda image analysis software to standardize
images. Although we adopted SMOTE to solve the problem of sample imbalance in our research, this
technique can only reduce the biases to a certain extent. This may be a shortcoming of our research.
Nevertheless, this study con�rms that radiohistology still has a strong predictive power.

Conclusion
The training results of models 1-4 suggest well-validated models, with the average AUC of 0.96, 0.91, 0.91
and 0.88, respectively. Our results suggest that texture analysis of preoperative CT images based on
machine learning can be used to effectively predict the functionality of ACA.
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Figure 1

Selected the largest level of tumor. a) plain scan; b) arterial phase; c) venous phase; and d) delayed
phase.

Figure 2

Manually sketched ROI. The distance between the sketching line and the edge of the lesion is about 1-
2mm to avoid including free fat outside the lesion and reduce the error caused by edge samples.

Figure 3
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MaZda software used to automatically analyze the texture feature parameters of the selected area.
Between 295-334 texture features are extracted from each image.

Figure 4

The receiver operating characteristic (ROC) curve for judging the performance of the training model is a
three-class curve, in which grades A, B and C represent low, medium and high levels respectively.


