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Epicardial fat Tissue Volumetry:  
Comparison of Semi-Automatic Measurement 
and the Machine Learning Algorithm

Aim To compare assessments of epicardial adipose tissue (EAT) volumes obtained with a semi-automatic, 
physician-performed analysis and an automatic analysis using a machine-learning algorithm by data of 
low-dose (LDCT) and standard computed tomography (CT) of chest organs.

Material and methods This analytical, retrospective, transversal study randomly included 100 patients from a database of a 
united radiological informational service (URIS). The patients underwent LDCT as a part of the project 

«Low-dose chest computed tomography as a screening method for detection of lung cancer and other 
diseases of chest organs» (n=50) and chest CT according to a standard protocol (n=50) in outpatient 
clinics of Moscow. Each image was read by two radiologists on a Syngo. via VB20 workstation. In addition, 
each image was evaluated with a developed machine-learning algorithm, which provides a completely 
automatic measurement of EAT.

Results Comparison of EAT volumes obtained with chest LDCT and CT showed highly consistent results both 
for the expert-performed semi-automatic analyses (correlation coefficient >98 %) and between the 
expert layout and the machine-learning algorithm (correlation coefficient >95 %). Time of performing 
segmentation and volumetry on one image with the machine-learning algorithm was not longer than 
40 sec, which was 30 times faster than the quantitative analysis performed by an expert and potentially 
facilitated quantification of the EAT volume in the clinical conditions.

Conclusion The proposed method of automatic volumetry will expedite the analysis of EAT for predicting the risk of 
ischemic heart disease.

Keywords Epicardial adipose tissue; computed tomography; volumetry; machine-learning algorithm; low-dose 
computed tomography
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Epicardial adipose tissue (EAT) is located between 
the myocardium and the visceral pericardium and is 

hormonally active [1]. In addition to preadipocytes and 
adipocytes, EAT contains stromovascular cells, immune 
cells, and macrophages [2] which can secrete pro-inflam-
matory cytokines, such as tumor necrosis factor alpha 
(TNFα), interleukin (IL) 1 beta, IL-6, and monocyte 
chemotactic protein-1 (MCP-1) which can cause an 
inflammatory reaction, endothelial and smooth muscle cell 

proliferation, atherogenesis, and destabilization of athero-
sclerotic plaque [3, 4]. Several trials, including a large 
multinational, randomized trial on atherosclerosis MESA 
(Multi-Ethnic Study of Atherosclerosis), have shown that 
EAT is an independent predictor of coronary artery disease 
(CAD) [5–9].

The possibility of evaluating this predictor in preclinical 
CAD is of the greatest interest. EAT can be evaluated using 
echocardiogram, computed tomography (CT), and magnetic 
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resonance imaging (MRI). The echocardiogram method 
is not the best method for quantifying EAT due to its low 
reproducibility, especially within a poor acoustic window 
and uneven distribution of fat around the heart [10]. Cardiac 
MRI is a very expensive and time-consuming examination, 
thus rendering it impossible to use it as a screening met-
hod [11].

CT (manual, semi-automatic, and automatic techniques) 
can measure EAT volume to high precision [12–15]. Manual 
and semi-automatic techniques are time-consuming, which 
prevents their routine use.

A pilot project has been ongoing in Moscow since 2017. 
In this project low-dose computed tomography (LDCT) 
of the chest is used for the screening of lung cancer. Unique 
screening protocols have been developed to perform 
qualitative CT of the chest, in order to detect lung lesions 
using a radiation dose of less than 1 mSv [16]. The LDCT 
evaluation of EAT volumes used in the screening project can 
identify asymptomatic patients [17].

Objective
To compare the EAT volume evaluation results obtained 

by a semi-automatic machine-learning algorithm of the 
analysis performed by physicians and automatic algorithm 
based on the LDCT and standard chest CT findings.

Material and Methods
The study was conducted following the Declaration of 

Helsinki. The independent ethics committee approved the 
protocol of this retrospective study. It was decided that there 
was no need for informed consent of the subjects (or their 
guardians).

Between January 2019 and May 2019, this analytical 
retrospective cross-sectional study randomly included 100 
patients from the unified radiological information service 
(ERIS) database. Of these patients, 47 were male, and 53 were 
female (mean age 60.7 ± 9.4 years). They underwent chest 
LDCT within project Low-Dose Computed Tomography 
of Chest as a Screening Method for the Diagnosis of Lung 
Cancer and other Chest Organ Diseases (n=50) and chest CT 
according to the standard protocol (n=50) in the outpatient 
clinics of Moscow. 

This study included patients who met all of the following 
criteria: age from 50 to 75; smoked more than 20 pack-years; 
no neoplasm symptoms and corresponding complaints 
(except for smoking-related symptoms: cough, sputum, 
shortness of breath). Patients were excluded from the study, 
if they met any of the following criteria: supervision of an 
oncologist for lung tumor; less than 1 year since the previous 
chest CT; had quit smoking more than 10 years previously; 
less than 1 month after recovery from respiratory disease; any 
of the following symptoms at the time of the study: chest pain, 

body temperature above 37.5°C, coughing up blood or pink 
sputum, unexplained weight loss in the past month or more, 
and hoarseness.

Two radiologists evaluated every examination and an 
artificial intelligence algorithm was used to facilitate evaluation 
of the EAT volume completely automatically (Figure 1).

Chest LDCT was performed on Toshiba Aquillion 64 CT 
scanners using special low-dose protocols for a patient of 
dif erent weights (up to 69 kg, 70–89 kg, over 90 kg): tube 
voltage 135 kV, tube current 15–25 mA (depending on body 
weight), rotation time 0.50 s, pitch 1.484, slice thickness 1 mm. 
All examinations were performed using a dose of 1 mSv.

Chest CT was performed on Toshiba Aquilion 64 CT 
scanners following the standard protocol: tube voltage 120 kV, 
tube current 50 mA, rotation time 0.50 s, pitch 0.938, slice 
thickness 1 mm.

The Syngo.via VB20 workstation was used to map the 
pericardial contour in each examination manually. The EAT 
volume was automatically calculated, taking into account 
all voxels inside the pericardial contour within the density 
thresholds from –190 HU to –50 HU. Each examination was 
evaluated by two radiologists with more than two years of 
experience. The radiologists were unable to see each others’ 
mapping.

Every examination was evaluated using an artificial 
intelligence algorithm that allows automatic evaluation of the 
EAT volume.

Statistical Analysis
Descriptive statistics methods were used for statistical 

analysis. A paired t-test was used to compare volume 
measurements carried out using diferent methods. 
Correlation analysis was performed with the indication of 
Pearson’s correlation coefficient and corresponding p-value. 
The t-test was used to compare the volume diferences 
between diferent methods, CT and LDCT. Regression 
analysis was used to evaluate the correlation between 
diferent factors and the volume diference obtained by 
diferent physicians. The two-tailed significance level 
p=0.05 was used in the statistical analysis. The analysis was 
performed using the Stata14 software.

Results
Artificial intelligence

The model of the development of an artificial intelligence 
algorithm for the automatic measurement of EAT volume is 
shown in Figure 1.

The following steps were taken to evaluate EAT volume: 
localizing slices within the anatomical limits of interest and 
estimating the center point of the pericardial contour for 
each of them (1a), transferring to cylindrical coordinates 
(1b), building the pericardial curve in cylindrical coordinates 
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(2a); transferring to the original coordinates and estimating 
the EAT volume using the pericardial contour detected (2b).

The algorithm was trained on 352 chest LDCT 
examinations and 97 chest CT examinations. Two 
radiologists pre-mapped the pericardial contours for each 
examination; the third expert refined the contour in case 
of significant diferences between the radiologists. The 
algorithm was then validated on 88 chest LDCT and 25 
chest CT scans. The process of developing an artificial 
intelligence algorithm included two main steps. The first step 
was trained by means of assessing on each axial slice whether 
the selected slice was within the range of interest from the 
right pulmonary artery origin from the main pulmonary 
artery to the diaphragm, with a search for a geometric center 
of the pericardial contour in the appropriate slices. The 
general method architecture is based on a 3D convolutional 
network [18] and is similar to the work of Pisov et al. by 
definition of the brain midline shift [19]. At the second step 
of the algorithm, the centers detected were used to transfer 
to the cylindrical coordinates which had already been used 
by Commandeur et al. [20]. The second convolutional 
network was also based on the approach used to determine 
the brain midline shift [19]. However, the pericardial curve 
of interest was defined in the entire image in this study, while 
the standard second network output was not used. It should 
be noted that the method used in our study guarantees the 
continuity of the pericardial contour.

Comparison of consistency  
between physicians’ measurements

There was a 98.4 % (p<0.0001) correlation coefficient 
between the radiologists’ evaluations (physician 1 and 
physician 2) of the EAT volumes (Table 1). Volume 
diferences did not exceed the mean of 8 mL (5 %).

Comparison of the consistency  
between physicians’ measurements 
and artificial intelligence

The correlation coefficient of EAT volumes between 
artificial intelligence and physician 1 was 95.8 %. The 
correlation coefficient of EAT volumes between artificial 
intelligence and physician 2 was 95.8 %. Diferences in EAT 
volumes in the comparisons with physician 1 and physician 
2 did not exceed the mean of 8 mL.

The correlation coefficient between the LDCT eva-
luations of artificial intelligence and physician 1 and phy-
sician 2 was 94.2 % and 95.0 %, respectively (p<0.0001). The 
correlation coefficient between the CT evaluations of arti-
ficial intelligence and physician 1 and physician 2 was 97.0 % 
and 95.8 %, respectively (p<0.0001).

Evaluation of the diference in EAT volume mea-
surements using artificial intelligence is shown in Fi gu re  3. 
Examples of automatic EAT mapping using the artificial 
intelligence algorithm based on chest CT and LDCT are 
shown in Figure 4 and Figure 5, respectively.

LDCT, low-dose computed tomography; CI, confidence interval.

Measurement of the epicardial fat volumes at each examination

By two radiologists using a semi-automatic 
technique on a Syngo/via VD20 

workstation (Siemens Healthineers)
Using arti�cial intelligence

n=50 n=50

Patients referred for chest CT 
within the lung cancer 

screening project

Patients who underwent ultra-LDCT in Round 1 of the lung 
cancer screening project , subject to meeting all criteria:
• aged between 50 and 75;
• smoking more than 20 pack-years;
• no neoplasm symptoms or corresponding complaints 
(except for smoking-related symptoms: cough, 
sputum, shortness of breath). 

Exclusion factors:
• patients supervised by an oncologist for lung neoplasms;
• less than 1 year since the previous chest CT;
• patient gave up smoking more than 10 years previously;
• less than 1 month a�er recovery from a respiratory disease;
• any of the following symptoms at the time of study: сhest pain, 
body temperature above 37,5°C, coughing up blood or pink sputum, 
unexplained weight loss in the past month or more, and hoarseness.

Figure 1. Design of this study with inclusion and exclusion criteria
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A comparison of the diference of the epicardial adipose 
tissue volumes measures by CT and LDCT is provided in 
Table 2.

Evaluation of the effect of noise level 
on the consistency between physicians’  
measurements

The analysis of the noise level efect on the consistency 
between physicians’ measurements showed that a regression 
coefficient close to 0 and was not statistically significant 
(p=0.855; Table 3).

Time of measurement  
of the epicardial fat tissue volume

It took a physician 17±3 minutes to map and evaluate the 
EAT volume of one LDCT examination. It took 14±3 mi-
nutes to evaluate the EAT volume using the semi-automatic 
technique.

The yellow arrow indicates the estimated center ща pericardial mass on a chest CT slice. The red arrow shows a hatched circle transferred 
into a cylindrical coordinate system. See detailed explanation in the text. AI, artificial intelligence; EAT, epicardial adipose tissue.

Input slice

2a. Probabilistic assessment of pericardium 2b. Transfer to the initial coordinates 
and evaluation of the EAT volume

1a. Is the slice 
within a range 
of interest?

1b. Coordinates 
of the center 
of pericardial 
mass

1. Transfer to cylindrical coordinates

AI 1

AI 2

Figure 2. Development an artificial intelligence model for the automatic EAT volume measurement

Table 1. Comparison of volumes (mL)  
of epicardial adipose tissue measured by two physicians

Parameter Physician 
1

Physician 
2

Difference  
between scores  

of Physicians 1 and 2

Number of studies 100 100 100

Mean 150.07 144.99 –5.07

SD 74.74 71.73 13.43

95% CI
(from 

135.24  
to 164.90)

(from 
130.76  

to 159.22)

(from  
–7.74  

to –2.41)

Min 34.32 40.94 -55.41

Max 354.98 345.99 47.00

Med 133.11 128.96 -4.22

p (paired t-test) – – 0.0003

CI, confidence interval; SD, standard deviation.
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The segmentation and volume measurement of a single 
examination (LDCT or CT) took 38±2 seconds using 
artificial intelligence.

Discussion
The comparison of chest LDCT and CT measurement 

of the EAT volume showed high consistency of results both 
in the expert semi-automatic analysis, and between expert 
mapping and artificial intelligence.

The EAT evaluation algorithm is based on supervised 
machine learning methods. An integral part of such 
approaches is a learning sample consisting of the input-
output pairs. Training involves the automatic search for a 

mathematical formula (sometimes extremely complex with 
millions of parameters) that would allow estimation of 
the output data from the input set [21]. Such approaches 
have been in development for over half a century but have 
primarily been aimed at processing simple input data (for 
example, several quantitative variables). The past decade 
has seen a breakthrough in automated image analysis thanks 
to the development of deep convolutional network-based 
methods. The key idea is a hierarchic search for such numerical 
characteristics extracted from an image which would allow the 
construction of an estimate of the output data in the best way 
[22]. Specialized techniques based on convolutional networks 
have also gone further in analyzing medical images, primarily 

A – semi-automatic measurements, between physicians 1 and 2; B – between the artificial intelligence and semi-automatic measurement made 
by physician 1; C – between the artificial intelligence and semi-automatic measurement made by physician 2. AI, artificial intelligence.
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Figure 3. Evaluation of the difference in the measurement  
of epicardial fat tissue volumes between artificial intelligence and physicians 1 and 2

A – axial scan of the chest CT; B – automatic mapping of epicardial fat tissue on the same axial chest CT scan (red).

Figure 4. Example of automatic artificial intelligence mapping of epicardial fat tissue based on chest CT data
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stratification of patients by groups and mapping pathological 
lesions [23]. Convolutional networks can also be used to create 
an algorithm for the automatic evaluation of EAT volume. In 
this case, CT or LDCT images will be used as input data for 
training, and a series of axial slices with pericardial contours 
will be used as output data.

Automatic segmentation and volume measurement take 
40 seconds or less in a single study. This is 30 times faster than 
expert quantification and potentially facilitates the clinical 
quantification of EAT volume.

This study did not show any statistically significant 
diferences between the volumes measured by physicians and 

the algorithm. However, it is worth noting that the prediction 
for the LDCT images was statistically significantly more 
accurate than for the CT images. This is because the initial 
algorithm was based on a sample consisting mainly of LDCT 
data (78 % LDCT and 22 % CT examinations).

Several studies, including a systematic review, have shown 
a threshold EAT volume of 125 mL [8, 9, 24]. According 
to world literature, EAT volume has never been measured 
based on chest LDCT data. In 2018, Commandeur et al. [14] 
introduced an algorithm which allowed for estimation of EAT 
volume based on ECG-gated non-contrast-enhanced CT 
(convolutional neural network, ConvNet). ECG-gated non-

Table 2. Comparison of the difference of epicardial adipose tissue volumes measures by CT and LDCT

Comparison Difference (95 % Cl) p (t-test)
Correlation coefficient

Total CT and 
LDCT CT LDCT

Between physicians’ measurements 1.27 (from –4.08 to 6.62) 0.639 0.984 0.987 0.979
Between the algorithm and measurements of Physician 1 8.53 (from 0.37 to 16.70) 0.0407 0.958 0.970 0.942
Between the algorithm and measurements of Physician 2 9.08 (from 1.07 to 17.09) 0.0268 0.958 0.958 0.950
LDCT, low-dose computed tomography; CI, confidence interval.

Table 3. Parameters of the multivariate regression model for differences in epicardial fat volume measured by two physicians

Model factor Regression coefficient p 95% CI

Noise level per STD unit -0.008 0.855 (from –0.093 to 0.077)

Examination type (CT=ref) -1.58 0.641 (from –8.31 to 5.14)

Age, per year -0.19 0.213 (from –0.48 to 10.8)

Sex (female=ref) -3.56 0.195 (from –8.97 to 1.85)

Intercept 9.33 0.353 (from –10.5 to 29.16)

CI, confidence interval; STD, standard deviation.

A – axial scan of the chest LDCT; B – automatic marking of epicardial fat tissue on the same axial chest LDCT scan (red). 

Figure 5. Example of automatic artificial intelligence mapping of epicardial fat tissue based on chest LDCT data

A B
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contrast-enhanced CT was used to evaluate model accuracy 
in 250 patients. The correlation coefficient was 0.97 between 
the expert scores and 0.98 between the expert scores and the 
algorithm. These results are comparable to ours. Moreover, our 
algorithm allows for accurate estimation of EAT volume based 
on the LDCT data without ECG gating which allows us to 
propose it for lung cancer screening.

All LDCT examinations were conducted with a dose of 
less than 1 mSv, which meets the criteria for preventive X-ray 
studies in adults (SanPiN 2.6.1.1192–03) and 2020 guidelines 
of the European Lung Cancer Screening Consortium [25]. 

Due to the limited exposure dose, chest LDCT images 
are noisier than the standard CT images. This may have 
afected the quality of manual mapping of the pericardium 
by physicians based on the LDCT data, and therefore the 
resulting EAT volumes. However, this study showed no 
correlation between the physicians’ measurements of the EAT 
volumes and the noise levels in the images.

In another recent study, a close correlation was found 
between EAT volumes evaluated using CT coronary 
angiography and non-ECG gated CT (r=0.948; p<0.001) [26]. 
The comparability of EAT volumes as measured by LDCT and 

CT coronary angiography is still under question. Work will 
continue in this area.

Limitations
Expert and machine mapping was compared in a 

relatively small sample. We plan to assess the artificial 
intelligence algorithm based on significantly more data. 
Noise level is higher in ultra-LDCT than in standard chest 
CT examinations. This is why when evaluating volume, the 
algorithm takes additional pixels into account. The issue will 
be addressed in the next stage.

Conclusion
The results on the comparability of epicardial fat volumes 

measured by semi-automatic and automatic techniques 
suggest that the artificial intelligence algorithm will 
contribute to the faster analysis of cardiac fat and improve 
stratification of the cardiovascular complication risk without 
additional patient exposure.

No conflict of interest is reported.
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