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ABSTRACT　
 
Background　  Epicardial  adipose  tissue  (EAT)  radiomics  derived  from  cardiac  computed  tomography  (CT)  images  may  pr-
ovide insights into EAT characteristics, which can further predict regression of left ventricular mass index (LVMI) after transcath-
eter aortic valve replacement (TAVR). This study aimed to develop and validate a radiomics nomogram based on pre-procedural
EAT CT to predict inadequate LVMI regression following TAVR.
 
Methods　  Inadequate LVMI regression was defined as ΔLVMI% < 15% at one-year post TAVR. Radiomics features from pre-
procedural CT images were selected mainly by least absolute shrinkage and selection operator algorithm. The patients were ran-
domly divided into the training and validation cohorts to establish and evaluate three feature classifier models based on the selec-
ted features, using which the Radiomics scores (Radscores) were then calculated. A radiomics nomogram was constructed using
independent risk factors and further assessed using area under the curve, calibration curve, and decision curve analysis.
 
Results　  A total of 144 consecutive TAVR patients (42 patients with inadequate and 102 patients with adequate LVMI regres-
sion) were randomly assigned to the training and validation cohorts (116 patients and 28 patients, respectively). A total of 1130
radiomics features from each patient yielded 6 features for the Radscore construction after selection, with logistic regression and
support vector machine models favored. Subsequently, a nomogram based solely on the Radscore was constructed, with an area
under the curve of 0.743 in the validation cohort, along with favorable decision curve analysis and calibration curves.
 
Conclusions　  The developed radiomics nomogram, serving as a  non-invasive tool,  achieved satisfactory preoperative predic-
tion of inadequate LVMI regression in TAVR patients, thereby facilitating clinical management.

 

Left ventricular (LV) myocardial growth in pa-
tients with aortic stenosis (AS) is commonly
observed as a compensatory response to in-

creased LV afterload, a phenomenon known as LV re-
modeling. High LV mass was recognized as a robust
predictor of all-cause mortality and morbidities in pa-
tients with or without AS.[1–3] Transcatheter aortic valve
replacement (TAVR) has been shown to alleviate LV
overload in AS patients, resulting in a rapid decrease in
left ventricular mass index (LVMI) during the first year
post-TAVR, with an average reduction of approximately
14.5%–22%.[4,5] Notably, greater LVMI regression at one
year has been associated with lower rates of death and
hospitalization up to five years.[4] Given its impact on

prognosis, several predictors of inadequately reverse LV
remodelling, such as male gender, TAVR-induced left
bundle branch block, and a significant concomitant aor-
tic regurgitation, have been proposed to guide clinical
management.[5–7]

Apart from clinical characteristics, epicardial adipose
tissue (EAT), an inflammatory visceral fat depot located
within the pericardium, has been suggested to play a role
in LV remodeling during the progression of calcific AS
and in the clinical outcomes following TAVR.[8–10] Fur-
thermore, the EAT computed tomography (CT)-ra-
diomic and proteomic features have been found to be as-
sociated with adverse left atrial remodeling and post-op-
erative atrial fibrillation (AF) in AS patient undergoing
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aortic valve replacement.[11] These findings elucidate the
potential role of EAT in cardiac remodeling, therefore we
hypothesize that EAT radiomics may have the ability to
predict LVMI regression. Considering preoperative CT
imaging has become a routine assessment in contem-
porary TAVR practice, the utilization of EAT radiomics
holds promise as a non-invasive approach to character-
ize EAT without additional cost.[12]

The objective of this study was to develop and inde-
pendently validate a nomogram based on radiomics
score (Radscore) for preoperative prediction of the prob-
ability of inadequate LVMI regression one year after
TAVR in order to help identify high-risk patients and in-
tervene early. 

METHODS
 

Patient Information

The study involving humans were approved by Eth-
ics Committee of West China Hospital (No.20191031),
Sichuan University. All participants provided their writ-
ten informed consent to participate in this study. This
retrospective study included consecutive patients who
underwent TAVR at our institution. The inclusion criter-
ia were as follows: (1) patients with severe AS who met
the indications for TAVR; (2) patients with complete
medical and CT imaging records prior to TAVR; (3) pa-
tients who underwent successful bio-prosthesis im-
plantation; and (4) patients with complete follow-up data
of echocardiography at one year post-TAVR. The exclu-
sion criteria were as follows: (1) patients who did not
meet the indication for TAVR; (2) patients without com-
plete medical records; (3) patients with incomplete im-
age data and image artifacts; (4) patients without suc-
cessful bio-prosthesis implantation; and (5) patients
without complete 1-year follow-up. The TAVR proced-
ure was performed according to routine protocols estab-
lished in our center, as previously reported.[6] Sample size
of this study was estimated based on one previous study
with similar methodology.[13]

Baseline clinical features, including age, gender, body
mass index (BMI), and comorbidities such as diabetes
mellitus, hypertension, and AF, were collected. Addi-
tionally, baseline and 1-year transthoracic echocardio-
graphy were performed to assess LVMI. Measurements
of left ventricular inner diameter in diastole (LVIDd), in-
traventricular septum in diastole (IVSd), and left ventri-

cular posterior wall in diastole (LVPWd) were obtained
using the parasternal long axis view, following guideline
recommendations.[14] LVMI was calculated using the for-
mula: LVMI = {0.8 × 1.04 × ([LVIDd + IVSd + LVPWd]3 −
LVIDd3) + 0.6 g}/body surface area. Patients were di-
vided into two groups based on the percentage change
in LVMI (ΔLVMI%) (i.e., [baseline LVMI − 1-year
LVMI]/baseline LVMI) at a threshold of 15%. This
threshold was determined based on the reported aver-
age reduction of LVMI one year after TAVR. Patients
with a ΔLVMI% ≥ 15% were classified as adequate LVMI
regression and a ΔLVMI% < 15% as inadequate LVMI
regression.[4,5]
 

CT Acquisition and Preprocessing

Pre-procedural cardiac CT scans were routinely con-
ducted to facilitate procedural planning for TAVR. All
CT scans were performed using a second-generation
dual-source CT system (SIEMENS SOMATOM Defini-
tion Flash; SIEMENS Healthcare, Erlangen, Germany)
and were contrast-enhanced. Manual delineation of
pericardial borders was performed on axial images us-
ing the Horos software (version 2.0.2, Horos Project, An-
napolis, MD, USA). The contours were delineated on
multiple slices, starting from the level of the pulmonary
trunk and ending at the level of the inferior diaphrag-
matic surface of the heart. The software automatically
generated missing borders for other slices, which were
manually adjusted as necessary. The region outside the
traced pericardium was excluded, and the processed CT
images were saved in DICOM format. 

Extraction of Radiomics Features from EAT

The EAT was automatically segmented from the pro-
cessed CT image using an open-source software, 3D
Slicer (version 5.2.2, Slicer Community), with an attenu-
ation range set between -10 and -190 Hounsfield Units.
Subsequently, radiomics features of the EAT were ex-
tracted using an extension built upon the PyRadiomics
package (version 3.0.1).[15,16]

Prior to the extraction of radiomics features, the CT
images were resampled to an in-plane voxel size of 1 × 1
mm3. For discretization of attenuations, a fixed bin width
of twenty-five was selected. The radiomic features ob-
tained from CT of EAT could be categorized into three
main groups: (1) first order; (2) texture; and (3) shape fea-
tures.[17] First order features were based on histograms
and described the distribution of grey-level values for
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EAT attenuation. Texture features, also known as second
order features, characterized the spatial relationship
between adjacent voxel attenuation values and quantify
the heterogeneity and coarseness of adipose tissue using
five matrices: grey-level co-occurrence matrix (GLCM),
grey-level dependence matrix (GLDM), grey-level run-
length matrix (GLRLM), grey-level size zone matrix
(GLSZM), and neighborhood grey tone difference mat-
rix (NGTDM). Shape features, including EAT volume,
were intensity-independent features that describe the 3D
geometric properties of EAT. After extraction from the
original images, the first and second order features could
be further enhanced using image filters such as Wavelet
HHH, HHL, HLH, HLL, LHH, LHL, LLH, or LLL, and
log sigma 1 mm, 2 mm, or 3 mm 3D. The shape features
can be extracted solely from the original EAT images
without the application of additional filters. The com-
plete set of radiomics features extracted from the origin-
al EAT images was presented in supplemental material,
Table 1S. To ensure the stability and reproducibility of
the radiomic features, we evaluated inter-observer agree-
ments in 20 selected cases across all feature groups. 

Radiomics Features Selection

Three steps of feature selection were conducted. Fi-
rstly, intraclass correlation coefficients greater than 0.75
were utilized to guide the selection of stable features
between radiomics features extracted from two groups
of EAT regions drawn by two clinicians, both blinded to
the LVMI regression outcomes when drawing EAT re-
gions. Secondly, the t-test was applied to each stable fea-
ture between the inadequate and adequate LVMI re-
gression cohorts, and features with P-values less than
0.05 were selected. Thirdly, the least absolute shrinkage
and selection operator (LASSO) regression algorithm
was employed to analyze and automatically select fea-
tures through 5-fold cross-validation, based on the max-
imum area under the curve (AUC), with 100 repetitions
to identify the most frequent and stable features. 

Construction and Assessment of the Radiomics
Nomogram

To validate the discriminative ability of the selected
radiomics features for different LVMI regression modes,
all patients were randomly divided into the training and
validation cohorts at a ratio of 1:4. Three supervised ma-
chine learning algorithms, namely random forest, sup-
port vector machine, and logistic regression, were con-

structed using the selected features in the training cohort.
Subsequently, these three algorithms were tested in the
validation cohort. The performance of both the training
and validation cohorts was evaluated using the AUC.
Furthermore, the selected features with non-zero coeffi-
cients from the LASSO regression were used to calculate
the Radscore for each patient. Finally, a radiomics nomo-
gram based on the Radscore was established using lo-
gistic regression, after confounding analyze with factors
including age, male sex, BMI, history of AF, aortic regur-
gitation degree more than mild, mean gradient of blood
cross aortic valve. The predictive ability of the radiomics
nomogram in both the training and validation cohorts
was quantitatively measured using the AUC, and calib-
ration curves.[18] To evaluate the clinical utility of the ra-
diomics nomogram, decision curve analysis was per-
formed by calculating the net benefits at different thres-
hold probabilities for all patients.[19] The flowchart of this
research is shown in Figure 1. 

Statistical Analysis

Complete-case analysis was utilized for this study.
Categorical variables were analyzed using Pearson's Chi-
squared test, with Yates' correction or Fisher's exact
probabilities applied when necessary. Continuous vari-
ables were analyzed using the Kruskal-Wallis rank sum
test. A two-sided P-value < 0.05 was considered statist-
ically significant. All data analyses were conducted us-
ing R software (v4.3.0, R Foundation for Statistical Com-
puting). 

RESULTS
 

Patient Information

A total of 144 consecutive patients undergoing TAVR
were included in this study. One year post-TAVR, inad-
equate LVMI regression was observed in 42 patients
(29.17%), while adequate LVMI regression was obser-
ved in 102 patients (70.83%). The demographic and clin-
ical characteristics, as well as the Radscore, of patients in
the training cohort, the validation cohort, and overall co-
hort are summarized in Table 1. There were no signific-
ant differences observed between the inadequate and
adequate LVMI regression groups in terms of age,
gender, BMI, the Society of Thoracic Surgeons predicted
risk of mortality score, New York Heart Association class
III-IV, and comorbidities including AF, hypertension,

RESEARCH ARTICLE JOURNAL OF GERIATRIC CARDIOLOGY

  http://www.jgc301.com; jgc@jgc301.com 1111



diabetes mellitus, coronary artery disease, echocardio-
graphic parameters, and baseline EAT volume. Howe-
ver, the inadequate LVMI regression cohort exhibited
significantly lower baseline LVMI (P < 0.001), and high-
er 1-year LVMI (P < 0.001). 

Radiomics Feature Selection and Radscore Calcula-
tion

In this study, a total of 1130 radiomics features were
extracted for each patient, encompassing 14 shape fea-
tures, 18 first order statistics features, 75 texture features,
276 log sigma features, and 744 Wavelet features (sup-
plemental material, Tables 1S & 2S). To ensure the reli-
ability of the selected features, an initial screening was
performed using the intraclass correlation coefficients,
resulting in 838 stable radiomics features (supplemental
material, Table 3S). Subsequently, a t-test was employed
to further narrow down the feature set, resulting in the
selection of 25 radiomics features. Finally, the optimal
regulation weight λ (0.019583424), was determined for
the best LASSO algorithm model. Then 6 features with
non-zero coefficients were selected for stratification of
different LVMI regression mode of TAVR patients. The
detailed names and weights of the 6 radiomics features
were shown in Figure 2.

Three supervised machine learning algorithms mod-
els were constructed to assess the ability of the selected
radiomics features in discriminating different LVMI re-
gression modes. The detailed performance of these mod-

els is presented in Table 2. The logistic regression and
support vector machine models outperformed the ran-
dom forest model. In the validation cohort, the logistic
regression model achieved an AUC of 0.74, with sensit-
ivity, specificity, accuracy, and F1 score values of 0.44,
1.00, 0.82, and 0.62, respectively. Similarly, the support
vector machine model achieved an AUC of 0.74, with
sensitivity, specificity, accuracy, and F1 score values of
0.22, 0.95, 0.71, and 0.33, respectively, in the validation
cohort.

Subsequently, the Radscore for each patient in both
the training and validation cohorts was calculated using
coefficients of the best LASSO algorithm model. This cal-
culation was performed using the following algorithm:
Radscore = 0.43713186 × original-shape-maximum 2D
diameter column + (−0.07561088) × log sigma 1 mm 3D-
GLDM-dependence nonuniformity + 0.46241184 × log
sigma 3 mm 3D-NGTDM-coarseness + 0.67098195 ×
wavelet HLL-firstorder-Kurtosis + (−0.22286110) × wavelet
HLL-GLRLM-gray level variance + 0.11260365 × wavelet
HLL-GLSZM-gray level variance + 1.00656474. Patients
who exhibited inadequate LVMI regression demonstra-
ted significantly lower Radscore values compared to pati-
ents with adequate LVMI regression (P < 0.001) (Figure 3).
In the training cohort, the median Radscore values diff-
ered significantly between patients with inadequate LV-
MI regression and those with adequate LVMI regressi-
on (0.54 vs. 1.09, P < 0.001). A similar difference was ob-
served in the validation cohort (0.27 vs. 1.25, P < 0.001). 

 

Figure 1    The flowchart of this study. CT: computed tomography; EAT: epicardial adipose tissue; LR: logistic regression; LVMI: left
ventricular mass index; RF: random forest; SVM: support vector machine.
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Establishment and Evaluation of the Radiomics Nomo-
gram

In order to establish the radiomics nomogram, logistic
regression analysis was performed using Radscore and
clinical features to identify independent predictors of in-
adequate LVMI regression after TAVR. Univariate and
multivariable logistic regression analyses were conduc-
ted. The result of the logistic regression analysis was
presented in Table 3, indicating that only Radscore was a
significant independent predictor of inadequate LVMI

regression after TAVR.
Subsequently, a radiomics nomogram was construc-

ted based on logistic regression analysis using only Rad-
score (Figure 4). The efficacy of the nomogram in assess-
ing the probability of inadequate LVMI regression was
evaluated using receiver operating characteristic curves.
The AUC values for the training and validation cohorts
were 0.765 and 0.743, respectively, demonstrating favor-
able sensitivity and specificity (Figure 5). The calibration
curves of the proposed nomogram showed favorable
outcomes in terms of the unreliability test, receiver oper-

 

Table 1    Characteristics of TAVR patients in the training cohort and validation cohort.

Variables

Training cohort (n = 116) Validation cohort (n = 28) Total cohort (n = 144)
Inadequate

LVMI
remodeling

(n = 33)

Adequate
LVMI

remodeling
(n = 83)

P-value
Inadequate

LVMI
remodeling

(n = 9)

Adequate
LVMI

remodeling
(n = 19)

P-value
Inadequate

LVMI
remodeling

(n = 42)

Adequate
LVMI

remodeling
(n = 102)

P-value

Age, yrs 74.00
(70.00–80.00)

73.00
(68.00–77.00) 0.15 74.00

(73.00–77.00)
75.0

(72.5–80.5) 0.81 74.00
(70.00–78.00)

73.50
(68.25–77.00) 0.21

Body mass index,
kg/m2

22.04
(20.03–23.88)

22.32
(20.20–24.70) 0.64 23.12

(22.31–24.22)
21.72

(20.98–23.25) 0.34 22.69
(20.26–24.01)

22.22
(20.31–24.57) 0.95

STS–PROM, % 6.25
(4.01–8.44)

6.65
(4.06–9.18) 0.56 5.89

(4.50–8.62)
7.79

(5.13–12.00) 0.57 6.07
(4.04–8.51)

6.73
(4.10–9.25) 0.46

NYHA III–IV 28 (84.85%) 73 (87.95%) 0.65 9 (100.00%) 18 (94.74%) 1.00 37 (88.10%) 91 (89.22%) 0.85

Atrial fibrillation 9 (27.27%) 10 (12.05% ) 0.046 2 (22.22%) 4 (21.05%) 1.00 11 (26.19%) 14 (13.73%) 0.07

Hypertension 15 (45.45%) 31 (37.35%) 0.42 2 (22.22%) 8 (42.12%) 0.55 17 (40.48%) 39 (38.24%) 0.80

Diabetes mellitus 6 (18.18%) 13 (15.66%) 0.74 4 (44.44%) 4 (21.05%) 0.41 10 (23.81%) 17 (16.67%) 0.32

Coronary heart
disease 14 (42.42%) 29 (34.94%) 0.45 3 (33.33%) 6 (31.58%) 1.00 17 (40.48%) 35 (34.31%) 0.48

Left ventricular
ejection fraction, %

62.00
(55.00–69.00)

58.00
(42.50–68.00) 0.11 61.00

(42.00–64.00)
58.00

(46.00–67.00) 0.90 62.00
(55.00–69.00)

58.00
(43.00–68.00) 0.13

Maximum velocity of
trans–aortic blood
flow, m/s

4.70
(4.20–5.20)

5.10
(4.60–5.80) 0.02 5.00

(4.90–5.50)
4.80

(4.45–5.23) 0.43 4.85
(4.23–5.38)

5.03
(4.53–5.80) 0.06

Aortic regurgitation >
mild 19 (57.58%) 55 (66.27%) 0.38 3 (33.33%) 15 (78.95%) 0.054 22 (52.38%) 70 (66.63%) 0.07

Mean pressure
gradient of
trans–aortic blood
flow, mmHg

53.00
(47.00–65.00)

63.00
(51.00–83.00) 0.01 68.00

(63.00–71.00)
61.00

(48.50–69.00) 0.26 55.50
(47.00–70.25)

63.00
(51.00–82.00) 0.07

Epicardial adipose
tissue volume, cm3

118.98
(90.76–
147.75)

104.20
(79.92–
138.51)

0.26
105.77

(100.24–
120.99)

78.29 (57.46–
135.02) 0.21

116.15
(90.89–
146.10)

103.40
(73.05–
138.63)

0.14

Radscore 0.54
(–0.02–0.87)

1.09
(0.74–1.80) < 0.001 0.27

(–0.18–1.44)
1.25

(0.69–1.81) 0.04 0.45
(–0.03–0.94)

1.20
(0.74–1.80) < 0.001

Baseline LVMI, g/m2
124.85

(109.57–
159.99)

174.81
(144.20–
211.23)

< 0.001
131.19

(112.15–
141.30)

174.37
(144.93–
201.85)

0.02
125.42

(110.44–
158.12)

174.59
(144.20–
210.43)

< 0.001

1–year LVMI, g/m2
132.98

(112.10–
152.11)

115.70
(99.48–
135.61)

0.03
119.43

(108.84–
128.13)

113.55
(101.78–
140.93)

0.52
129.07

(111.46–
151.79)

115.61
(99.84–
138.50)

0.03

ΔLVMI%, % −1.69
(−6.70–6.33)

−31.14
(−39.53–
−21.65)

< 0.001
−11.31

(−12.53–
−2.96)

−34.02
(−38.61–
−23.12)

< 0.001 −2.84
(−10.72–5.89)

−31.28
(−39.47–
−22.22)

< 0.001

Data are presented as n (%) or median (interquartile range). LVMI: left ventricular mass index; TAVR: transcatheter aortic valve replacement.
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ating characteristic area, slope, and bier index in both the
training and validation cohorts (Figure 6). Furthermore,
decision curve analysis demonstrated that the nomo-
gram for predicting inadequate LVMI regression after
TAVR could provide clinical net benefits (supplemental
material, Figure 1S). 

DISCUSSION

In this study, we firstly developed and validated the
Radscore of baseline EAT as an independent predictive
factor to stratify LVMI regression after TAVR. The Rad-
score has been incorporated into a clinically relevant
nomogram model, which can accurately predict the
probability of inadequate LVMI regression. Our ra-
diomics nomogram has demonstrated that patients with

a lower Radscore before TAVR are more likely to exper-
ience inadequate LVMI regression one year after TAVR.
This information can assist clinicians in effectively manag-
ing LV remodeling in patients undergoing TAVR.

EAT has been extensively reported to be correlated
with LV mass in individuals with normal, ischemic, and
hypertrophic hearts.[20–22] According to previous hypo-
theses, the pathophysiology of EAT-induced LV hyper-
trophy may involve two distinct aspects.[23] Firstly, larger
EAT, which reflects central obesity and increased viscer-
al adipose tissue volume, may lead to greater energy re-
quirements and increased ventricular workload, there-
by promoting cardiac remodeling. Secondly, abundant
evidence have shown that EAT is a metabolically active
organ that produces various pro- and anti-inflammatory
mediators and cytokines.[24] Inflammatory markers such
as tumour necrosis factor-α, leptin, resistin and inter-
leukin-6 and interleukin-17, secreting from EAT in re-
sponse to injurious stimuli, might contribute to the path-
ogenesis of LV remodeling.[23,25] These findings collect-
ively suggest that EAT may participate in the process of
LV remodeling and regression through both quantita-
tive and metabolic mechanisms.

Arangalage, et al.[10] discovered a significant correla-
tion between the volume of EAT and LV mass in pa-
tients with asymptomatic degenerative AS. Furthermore,
Yang, et al.[6] observed that a decrease in LVMI was asso-
ciated with an increase in EAT volume and a decrease in
average CT attenuation one year after TAVR. These find-
ings support the hypothesis that the quantity of EAT may
be linked to LV remodeling and regression. Addition-
ally, Mancio, et al.[11] demonstrated EAT radiomics tex-
ture of patients with new-onset AF after aortic valve re-
placement was heterogeneous and exhibited higher ma-
ximum attenuation values than sinus rhythm patients,
which correlated with up-regulation of inflammatory
and down-regulation of lipid droplet-formation EAT

 

Figure 2    The weights of EAT radiomics features selected. EAT:
epicardial adipose tissue.

 

Table 2    Comparison of the three radiomics feature classifiers.

Random forest Logistic regression Support vector machine
Training cohort Validation cohort Training cohort Validation cohort Training cohort Validation cohort

AUC 1.00 0.69 0.77 0.74 0.87 0.74

Sensitivity 1.00 0.56 0.30 0.44 0.24 0.22

Specificity 1.00 0.89 0.90 1.00 1.00 0.95

Accuracy 1.00 0.79 0.73 0.82 0.78 0.71

F1 score 1.00 0.63 0.39 0.62 0.39 0.33

AUC: area under the curve.
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proteins. This suggests that the radiomics analysis of
EAT can provide insights into the metabolic status that
directly affects the heart. Radiomics encompasses all data
obtained from medical image, including the analysis of
original imaging, application of filters, and mathematical
transformations. It enables the quantitative description of
(1) the distribution of attenuation (grey-level) values (first-
order features); (2) spatial relations, heterogeneity, and
coarseness of attenuation (textural features or second-or-
der features); and (3) geometric properties (size/shape
features). Thus, radiomics features from EAT can assess

both the quantity of EAT, indicating the approximate
amount of energy demand based on size/shape features,
and the metabolism of EAT, indicating adipose content
characteristics through the analysis of attenuation values.
In our results, both geometric properties (including ori-
ginal-shape-maximum 2D diameter column) and spatial
relations, heterogeneity, and coarseness of attenuation
(log sigma 1 mm 3D-GLDM-dependence nonuniformity,
log sigma 3 mm 3D-NGTDM-coarseness, wavelet HLL-
firstorder-kurtosis, wavelet HLH-GLCM-correlation,
wavelet HLL-GLRLM-gray level variance) from baseline
EAT radiomics were found to be significantly associated
with different LVMI regression modes up to one year
after TAVR. This further validates the two aspects of the
pathophysiology mechanism of LV hypertrophy influ-
enced by EAT. Due to the absence of fascia-like structu-
res separating it from the myocardium, EAT is likely to
directly interact with the underlying myocardium and
strongly contribute to LV mass regression, surpassing
other factors such as BMI and hypertension. This could
also explain our failure in selecting significant clinical

 

Figure 3    The histogram of Radscore for each patient in the training cohort (A) and validation cohort (B). LVMI: left ventricular mass
index.

 

Table 3    The results of logistic regression.

Variable
Univariate logistic regression Multivariable logistic regression

OR (95% CI) P-value OR (95% CI) P-value
Age 1.048 (0.988–1.114) 0.13 1.039 (0.973–1.113) 0.26

Male 0.834 (0.405–1.724) 0.62 0.908 (0.383–2.159) 0.83

Body mass index 0.996 (0.890–1.111) 0.94 0.971 (0.853–1.102) 0.66

Diabetes mellitus 1.562 (0.631–3.729) 0.32 NA NA

Hypertension 1.098 (0.522–2.281) 0.80 NA NA

Atrial fibrillation 2.230 (0.903–5.431) 0.08 1.624 (0.584–4.443) 0.35

Aortic regurgitation > mild 0.503 (0.240–1.051) 0.07 0.698 (0.290–1.702) 0.42

Mean pressure gradient of trans–aortic blood flow 0.980 (0.959–0.999) 0.046 0.988 (0.965–1.009) 0.28

Radscore 0.226 (0.115–0.407) < 0.001 0.262 (0.128–0.492) < 0.001

 

Figure 4    The radiomics nomogram for LVMI regression mode
stratification of TAVR patients. LVMI: left ventricular mass in-
dex; TAVR: transcatheter aortic valve replacement.
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predictors of inadequate LVMI regression in our multi-
variable analysis with EAT Radscore.

The nomogram in our study, serving as a predictive
tool, integrates the independent predictive factor: Rad-
score and visualizes its overall impact on LVMI regres-
sion in each patient, aiding clinicians in developing man-
agement plans.[26] Nomograms have been widely used in
diagnostic or prognostic studies of tumors due to their
convenience and accuracy.[27–29] Their strong robustness
has been confirmed in studies combining radiomics fea-
tures and traditional clinical features to construct a nom-
ogram.[30,31] Our results present the first nomogram in the
TAVR population, allowing for better prediction of in-
adequate LVMI regression, with favorable outcomes
validated by an independent validation cohort and de-
cision curve analysis of clinical benefit. This tool from
readily available CT imaging identifies high-risk pa-
tients of inadequate LVMI regression, thus makes it pos-
sible to early intervene the risk after TAVR by consider-

ing the administration of medications that improve LV
remodeling or regulate cytokines secreted by EAT (e.g.,
statins[32]). As the TAVR indication has now expanded to
surgically low-risk patients who are significantly young-
er,[33] the benefit of early identification and intervention of
predicted worse LV response may be greater. 

LIMITATIONS

However, our study has several limitations that sho-
uld be acknowledged. Firstly, it is important to note th-
at this study was conducted at a single center and had a
relatively small sample size. While we have independ-
ently validated the model, it is crucial to obtain addi-
tional evidence from multi-center studies to independ-
ently validate the robustness and repeatability of the
nomogram. Secondly, although the combination meth-
od of the t-test and LASSO regression yielded efficient
outcomes, it may not be the most stable approach for se-

 

Figure 5    The receiver operating characteristic curves of the radiomics nomogram for the training cohort (A) and validation cohort (B).
AUC: area under the curve.

 

Figure 6    The calibration curves of the radiomics nomogram (logistic calibration) for the training cohort (A) and validation cohort (B).
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lecting radiomic features. Therefore, it is recommended
that future research explores alternative feature selection
methods. Last but not least, due to a lack of available
data, we were unable to include inflammative or meta-
bolic parameters to further investigate the relationship
between metabolism and CT radiomics performance of
EAT. This area requires further investigation. 

CONCLUSIONS

In conclusion, our research has successfully develo-
ped and validated a radiomics nomogram based on pre-
procedural CT imaging. This nomogram serves as a valu-
able tool for clinicians in making better stratification and
management decisions regarding inadequate LVMI
regression in the context of TAVR. The underlying mech-
anism of EAT involvement in LV mass regression after
TAVR, as well as the presented efficient prediction tool,
the radiomics nomogram, based on a limited number of
patients, warrant further investigation. 
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