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Abstract

Background Acute pulmonary embolism (APE) is a potentially life-threatening disorder, emphasizing the importance
of accurate risk stratification and survival prognosis. The exploration of imaging biomarkers that can reflect patient sur-
vival holds the potential to further enhance the stratification of APE patients, enabling personalized treatment and
early intervention. Therefore, in this study, we develop computed tomography pulmonary angiography (CTPA)
radiomic signatures for the prognosis of 7- and 30-day all-cause mortality in patients with APE.
Methods Diagnostic CTPA images from 829 patients with APE were collected. Two hundred thirty-four features from
each skeletal muscle (SM), intramuscular adipose tissue (IMAT) and both tissues combined (SM + IMAT) were calcu-
lated at the level of thoracic vertebra 12. Radiomic signatures were derived using 10 times repeated three-fold cross-
validation on the training data for SM, IMAT and SM + IMAT for predicting 7- and 30-day mortality independently.
The performance of the radiomic signatures was then evaluated on held-out test data and compared with the simplified
pulmonary embolism severity index (sPESI) score, a well-established biomarker for risk stratification in APE. Predictive
accuracy was assessed by the area under the receiver operating characteristic curve (AUC) with a 95% confidence in-
terval (CI), sensitivity and specificity.
Results The radiomic signatures based on IMATand a combination of SM and IMAT (SM + IMAT) achieved moderate
performance for the prediction of 30-day mortality on test data (IMAT: AUC = 0.68, 95% CI [0.57–0.78], sensitiv-
ity = 0.57, specificity = 0.73; SM + IMAT: AUC = 0.70, 95% CI [0.60–0.79], sensitivity = 0.74, specificity = 0.54).
Radiomic signatures developed for predicting 7-day all-cause mortality showed overall low performance. The clinical
signature, that is, sPESI, achieved slightly better performance in terms of AUC on test data compared with the radiomic
signatures for the prediction of both 7- and 30-day mortality on the test data (7 days: AUC = 0.73, 95% CI [0.67–0.79],
sensitivity = 0.92, specificity = 0.16; 30 days: AUC = 0.74, 95% CI [0.66–0.82], sensitivity = 0.97, specificity = 0.16).
Conclusions We developed and tested radiomic signatures for predicting 7- and 30-day all-cause mortality in APE
using a multicentric retrospective dataset. The present multicentre work shows that radiomics parameters extracted
from SM and IMAT can predict 30-day all-cause mortality in patients with APE.
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Introduction

Acute pulmonary embolism (APE) is a potentially life-
threatening disorder.1,2 Therefore, accurate methods for risk
stratification and survival prognosis for patients with APE
may allow for early intervention and personalized treatment
management. Few clinical and molecular biomarkers have
been identified for prognosticating short-term mortality.
Among clinical biomarkers, simplified pulmonary embolism
severity index (sPESI) score3 and Hestia criteria4 are signifi-
cantly associated with mortality in APE patients (Hestia
criteria: pooled odds ratio [OR] = 6.120, 95% confidence in-
terval [CI] [2.90–12.89]; sPESI score: pooled OR = 12.74,
95% CI [3.98–40.77]).5 Among molecular biomarkers,
troponin and brain natriuretic peptide (BNP) are the most
commonly utilized molecular biomarkers for short-term risk
stratification in APE.6 Imaging biomarkers reflecting patient
survival may help to further improve patient stratification.

Computed tomography pulmonary angiography (CTPA) is
the gold standard for the diagnosis of APE and predicts clini-
cal outcomes in APE. A high ratio of right ventricle (RV) to left
ventricle (LV) diameter on CTPA is strongly associated with
mortality in APE (pooled OR = 2.5, 95% CI [1.80–3.50],
P < 0.001).7 Furthermore, the presence of septal straighten-
ing/bowing is also associated with all-cause mortality (pooled
OR = 1.7, 95% CI [1.2–2.4], P = 0.002).7

According to the literature, reduced mass of the skeletal
musculature plays an important role in the diagnosis and
prognosis of several acute diseases. For instance, it can be
used as a surrogate parameter for sarcopenia,8 and it is a
strong predictor of 30-day mortality in patients undergoing
emergency laparotomy (OR = 10.1, 95% CI [5.6–17.7],
P < 0.001).9 Furthermore, reduced muscle mass and/or den-
sity is associated with in-hospital mortality in patients with
COVID-19 infection (hazard ratio [HR] = 5.84, 95% CI [1.07–
31.83], P = 0.04).10 Also in APE, sarcopenia is associated with
30-day mortality, although the identified effect is low
(HR = 1.06, 95% CI [1.03–1.09], P < 0.001).11 Thus, additional
investigation is required to establish the correlation between
skeletal musculature and APE.

Currently, modern imaging analysis, such as radiomics, is
used to identify quantitative imaging biomarkers by
employing statistical and machine learning algorithms. The
use of radiomics has shown remarkable potential for patient
survival prediction, especially in the context of oncology.12,13

In the context of APE, studies have shown that radiomic fea-
tures derived from thrombotic clots in CTPA images differed
significantly between survivors and non-survivors.14 However,
to the best of our knowledge, the association between
skeletal musculature and patient survival in APE is not yet es-
tablished with radiomics.

Therefore, in this work, we investigate the prognostic role
of radiomics-based features of the skeletal muscle (SM) and
intramuscular adipose tissue (IMAT) for predicting 30-day

all-cause mortality in patients with APE using multicentric
CTPA imaging data.

Material and methods

Patient data

Ethics approval for multicentric retrospective analysis was ob-
tained from the Ethics Committee (Medical Faculty, Otto-von-
Guericke-University Magdeburg, Number 145-21). In this retro-
spective study, imaging and clinical data of 981 APE patients
were included from three different sites in Germany. Of these,
556 patients (56.7%) were treated at the University Hospital
Magdeburg (Centre 1) between 2015 and 2021, 226 patients
(23.0%) were treated at the University Hospital Leipzig (Centre
2) between 2012 and 2017, and 199 patients (20.3%) were
treated at the University Hospital Halle (Centre 3) between
2005 and 2010. The inclusion criteria for the present study
were (i) age ≥ 18 years and (ii) evidence of APE on CTPA. Pa-
tients with chronic pulmonary embolism (PE) and significant
artefacts from CTPA images were excluded from the analysis.
Also, patients with brain infarction, neuromuscular disorders
and traumatic injuries of the trunk and/or spine were ex-
cluded. Consequently, 152 (15.49%) patients who did not meet
the inclusion criteria were excluded from the analysis, with 62
(6.32%) patients being excluded specifically due to CTPA image
artefacts. This led to the inclusion of 829 patients in total: Cen-
tre 1 (450 patients, 54.3%), Centre 2 (210 patients, 25.3%) and
Centre 3 (169 patients, 20.4%). Subsequently, the data of the
included patients were divided into training and test datasets
using a 70/30 ratio, stratified by outcome, resulting in 580 pa-
tients for training and 249 patients for testing. The characteris-
tics of the patients are summarized in Table 1.

The primary endpoint of this study was 7- and 30-day all-
cause mortality. The endpoint for analysis was defined as a
binary outcome, where a class label of 1 indicated patients
who experienced an observed event (death) within 7 and
30 days of diagnosis, while a class label of 0 denoted patients
who were alive after 7 and 30 days. The following baseline
clinical parameters were included in the study: gender, age
and sPESI. The sPESI score includes six equally weighted var-
iables as follows: age > 80 years (1 point), presence of cancer
(1 point), chronic heart failure or chronic pulmonary disease
(1 point), systolic blood pressure < 100 mmHg (1 point),
and arterial oxyhaemoglobin saturation < 90% (1 point).

Study design

In this study, we developed and validated radiomic signatures
for the prognosis of 7- and 30-day all-cause mortality in pa-
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tients with APE using diagnostic CTPA. Figure 1 summarizes
the design of our study.

In short, imaging features were computed from a thoracic
muscle area segmented at the level of thoracic vertebra 12
(Th12) on a single axial slice of a diagnostic CTPA from SM,
IMAT and both tissues combined (SM + IMAT). Imaging fea-
tures included first-order features (local, statistical and inten-
sity histograms and intensity volume histograms),
second-order texture (SOT) features and Laplacian of Gauss-
ian (LoG) transformed intensity features. Non-robust features
were removed through image perturbation, and then redun-
dant features were eliminated through clustering. Remaining
features were used to create radiomic models based on 10
times repeated three-fold cross-validation (CV) of the training
data. Radiomic models were developed on the training
data using three different machine learning models of
varying complexity: logistic regression (GLM_logistic),
gradient-boosted linear model (XGB_lm) and random forest
(RF). A radiomic signature was then identified based on the
occurrence of features within the models in the CV experi-
ment. This signature was then subjected to testing, and its
performance was compared with the baseline clinical signa-
ture, that is, the sPESI score, for predicting 30-day all-cause
mortality in patients with APE. The performance of the
signature was assessed on the separate test data using the
area under the curve (AUC), sensitivity and specificity
metrics.

The following sections provide a breakdown of the steps
involved in image preprocessing, the extraction of radiomic
features and the subsequent modelling process.

Image acquisition, image preprocessing and
feature extraction

The clinical database of each participating centre was retro-
spectively screened for patients with APE. CTPA in this retro-
spective cohort was performed with intravenous administra-
tion of an iodine-based contrast medium. Table S1
summarizes CTPA image acquisition and reconstruction pa-
rameters for each centre. SM and IMAT were segmented by
an experienced radiologist (M.H.) on a single axial slice of
computed tomography (CT) at the level of Th12 with the
freely available ImageJ software Version 1.53 (National Insti-
tutes of Health, Bethesda, MD, USA). The segmentation pro-
cess using ImageJ involved applying specific threshold values
to distinguish different tissue types. SM was segmented using
a threshold range of �29 Hounsfield units (HU) to 150 HU.
Additionally, the fat fraction within the skeletal musculature
area (IMAT) was segmented using a threshold range of
�190 to �30 HU. This method enabled the precise delinea-
tion of SM and adipose tissue compartments within the CT.
The segmentation quality for each patient was then checked
by an experienced radiologist (J.B.) for the entire data.

Image preprocessing followed by feature extraction was
carried out using the open-source Medical Image Radiomics
Processor (MIRP) Python toolkit Version 1.1.15 CTPA image
voxels were resampled to an isotropic voxel size of
1.0 × 1.0 mm using cubic interpolation to harmonize the
voxel spacing between the datasets. Based on segmentations
obtained from ImageJ software, features were extracted indi-
vidually from SM (�29 to +150 HU), IMAT (�190 to �30 HU)
and both tissues combined (�190 to +150 HU). An example
of each segmented region of interest (ROI) used for feature
extraction is shown in Figure S1. A set of LoG filters with five
different kernel widths (1, 2, 3, 4 and 5 mm) was applied in-
dividually to the baseline segmented CTPA images. The five
response maps were averaged into a single image. After im-
age preprocessing, imaging features were computed. A set
of 25 morphological and 57 first-order features (MFO fea-
tures), as well as 95 SOT features, were calculated from the
single 2D CTPA slice per patient. Finally, the same 57
first-order features were extracted from the LoG transformed
images (LoG features). Consequently, 234 radiomic features
were extracted from each SM, IMAT and SM + IMAT segmen-
tation at the Th12 level from a 2D CTPA slice per patient. SOT
features were extracted from the 2D ROI based on the grey
level co-occurrence matrix (GLCM), grey level run length
matrix (GLRLM), grey level size zone matrix (GLSZM), grey
level distance zone matrix (GLDZM), neighbourhood grey
tone dependence matrix (NGTDM) and neighbouring grey
level dependence matrix (NGLDM). Image preprocessing
and feature extraction in MIRP were implemented according
to the Image Biomarker Standardization Initiative (IBSI) refer-

Table 1 Patient characteristics for the training and test data

Variable

Training data (580) Test data (249)

P-valueMedian Range Median Range

Age (years) 65 15–97 65 18–100 0.98
Number % Number %

Gender
Male 314 54.14 130 52.21 0.66
Female 266 46.86 119 47.79

sPESI
0 104 17.93 37 14.86 0.54
1 171 29.48 83 33.33
2 169 29.14 71 28.51
3 95 16.38 40 16.06
4 37 6.38 13 5.22
5 3 0.52 4 1.61
6 1 0.17 1 0.40

30-day mortality
Dead 86 14.83 35 14.06 0.85
Alive 494 85.17 214 85.94

7-day mortality
Dead 47 8.10 23 9.24 0.70
Alive 533 91.90 226 90.76

Abbreviation: sPESI, simplified pulmonary embolism severity index.
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ence standards.16,17 Image processing parameters used for
feature extraction are summarized in Table S2.

In order to obtain reproducible results, imaging features
have to be stable under image variations, for example, those
caused by differing acquisition parameters or positioning
variations.15 We evaluated feature robustness by applying
the following image augmentations based on the training
data: adding Gaussian noise (mean 0, standard deviation as
present in the image) and random volume changes of the
ROI (�10%, �5%, 0%, 5% and 10%). The resulting five

perturbed images for each original CT image were then used
to extract features for robustness analysis. The intra-class
correlation coefficient (ICC) was calculated for perturbed fea-
tures with a 95% CI, quantifying the similarity of feature
values under different perturbations for every feature. Fea-
tures with the lower boundary of the 95% CI of the ICC below
0.8 were removed from the feature set computed on baseline
segmented CTPA images.

After robustness analysis, redundant features were identi-
fied and removed by hierarchical clustering. The Spearman

Figure 1 Overview of the study workflow. Computed tomography pulmonary angiography (CTPA) data were collected from three centres (University
Hospital Magdeburg [Centre 1, N = 450], University Hospital Leipzig [Centre 2, N = 210] and University Hospital Halle [Centre 3, N = 169]) and randomly
assigned to training and test datasets using a stratified 70/30 split. Skeletal muscle (SM) and intramuscular adipose tissue (IMAT) were segmented at
the level of thoracic vertebra 12 (Th12) on a single axial slice of diagnostic CTPA. All CTPA images were then preprocessed by applying thresholding and
interpolation, followed by radiomic feature extraction. Features were extracted from the region of interest (ROI) defined by SM, IMAT and both tissues
combined (SM + IMAT). Radiomic signatures were established for each ROI after removing non-robust and redundant features using automated ma-
chine learning on the training data. The final signature was then used to train a classifier and validated on test data for predicting both 7- and 30-day
mortality.

Short-term mortality prediction in acute pulmonary embolism 1433
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correlation coefficient was used as a similarity metric, with
average linkage as a criterion for merging two clusters. A mu-
tual Spearman correlation of 0.8 was defined for placing fea-
tures in the same cluster. The feature with the highest mutual
information with the endpoint was selected as the represen-
tative for each cluster.

Robustness analysis followed by clustering reduced fea-
tures to 46 (SM), 41 (IMAT) and 45 (SM + IMAT) features.
Based on these reduced feature sets, radiomic signatures
were developed and tested for 7- and 30-day mortality in
APE. The details regarding radiomics modelling are presented
in detail in the following section.

Radiomics modelling

In our analysis, we evaluated the prognostic performance of
CTPA radiomic signatures for the prediction of 7- and 30-
day all-cause mortality in patients with APE. Briefly, to create
radiomic signatures for the individual ROI, that is, SM, IMAT
and both tissues combined (SM + IMAT), a workflow contain-
ing four major processing steps was applied after feature
clustering using the open-source end-to-end statistical learn-
ing software package Familiar (1.4.1)18: (i) feature prepro-
cessing, (ii) feature selection, (iii) model building with internal
validation and (iv) testing. Steps (i)–(iii) were first performed
using 10 repetitions of three-fold stratified CV, nested in the
training dataset, to identify an optimal signature. After iden-
tifying the final signature and best performing learner using
the training dataset, a final model was developed on the en-
tire training data and validated on the held-out test data.

The following procedure was performed for each of the 30
CV runs: (i) Features were transformed using the Yeo–John-
son transformation to align their distribution to a normal dis-
tribution. Afterwards, features were z-transformed to mean
zero and standard deviation one. Both transformations were
performed on the internal training part and applied un-
changed to the features of the internal validation part. (ii)
Three supervised feature-selection algorithms were consid-
ered: minimal redundancy maximum relevance (MRMR),19

mutual information maximization (MIM)20 and univariate
regression.21 To avoid overfitting, only the five most relevant
features were selected for each CV fold. (iii) The selected
features were used by three different classifiers: logistic re-
gression (GLM_logistic),21 a gradient-boosted linear model
(XGB_lm)22 and RF23 for the detection of 7- and 30-day all-
cause mortality separately.

The hyperparameters of the classifiers were tuned auto-
matically using a sequential model-based optimization algo-
rithm based on bootstrap sampling of the training data.24

Each classifier was built on the internal training folds, and
its performance was assessed on the internal validation fold.
For every feature-selection method, average model perfor-
mance was assessed by the median AUC. After CV, for each

of the feature-selection methods, features were ranked ac-
cording to their occurrence score across the 30 CV runs. Fea-
tures that showed occurrence scores above 50% in each
feature-selection method and showed a repeated occurrence
in at least two out of three feature-selection methods were
selected. If a subset of these features showed a Spearman
correlation |ρ| > 0.5 with each other on the entire training
data, only the feature with the highest occurrence was con-
sidered. A detailed example of the feature-selection scheme
for the prediction of 30-day mortality using features ex-
tracted from SM + IMAT is shown in Table S3 and Figure S2.

The resulting radiomic signature was then used to build a
classification model using the learner that showed the overall
highest performance in terms of AUC in CV folds. The final
radiomics model was built on the entire training data, and
(iv) the trained model was applied to the held-out test data.

Finally, the classification model was trained using the best
performing learners and applied to the held-out test data
using the final radiomic signature.

Statistical analysis

Categorical variables of the clinical data were compared be-
tween the training and test data by the χ2 test, whereas con-
tinuous variables were compared using the Mann–Whitney U
test.

Associations between the final model predictions and the
endpoint were evaluated using AUC, sensitivity and specific-
ity metrics. The estimated value and the 95% CI of the AUC
were computed using the bias-corrected bootstrap CI
method25 and compared using the DeLong test. For creating
a confusion matrix based on the final signature for predicting
30-day mortality in patients with APE, an optimal cut-off for
radiomic signature was selected on the training data that
maximize Youden’s index (J) and transferred to the held-out
test data. Calibration for the model predictions was assessed
via the Hosmer–Lemeshow goodness-of-fit test (HL test).26

Correlations between features were assessed by the Spear-
man correlation coefficient (ρ). All tests were two-sided, with
a significance level of 0.05. The importance of individual fea-
tures in the final signature was assessed by univariate fitting
of a logistic regression model and computing the Wald test P-
values. Analyses were performed in R Version 4.2.3.

Results

Patient characteristics of the training and test data are sum-
marized and compared in Table 1. Overall, 829 patients
(444 male patients [53.56%] and 385 female patients
[46.44%]) with a median age of 65 (range [18–100]) years
and sufficient clinical and imaging data were used for training
and testing of radiomics models. Overall, 70 patients (8.44%)
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and 121 patients (14.60%) of the investigated 829 patients
died within the 7- and 30-day periods, respectively. There
was no significant difference between patient characteristics
in training and test data.

In internal CV, the overall highest classifier performance
for the prediction of 7- and 30-day mortality with radiomics
modelling was observed for the XGB_lm model with all
feature-selection methods compared with the GLM_logistic
and RF models. The performance of the considered models
for each feature-selection method in the internal CV for both
7- and 30-day mortality is shown in Table S4 and Figure S3.

Table 2 shows the results for radiomic and clinical signa-
tures. Given the higher performance of the XGB_lm classifier
in internal CV, it was employed to construct final radiomics
models using the selected signature to build a prognostic
model on the entire training data and applied to the
held-out test data. On test data, the radiomics model con-
structed solely from SM tissue showed overall lower perfor-
mance for predicting both 7-day mortality (training:
AUC = 0.71, 95% CI [0.64–0.77]; test: AUC = 0.56, 95% CI
[0.43–0.69]) and 30-day mortality (training: AUC = 0.73,
95% CI [0.67–0.78]; test: AUC = 0.64, 95% CI [0.53–0.74]).
Similarly, a radiomics model based solely on a signature con-
structed from IMAT showed lower predictive performance for
7-day mortality on test data (training: AUC = 0.70, 95% CI
[0.63–0.77]; test: AUC = 0.62, 95% CI [0.50–0.74]) but rela-
tively improved performance for 30-day mortality (training:
AUC = 0.73, 95% CI [0.67–0.79]; test: AUC = 0.68, 95% CI
[0.57–0.78]). Finally, the radiomics model incorporating fea-
tures from both SM and IMAT (SM + IMAT) also showed
lower predictive performance for 7-day mortality on test data
(training: AUC = 0.74, 95% CI [0.68–0.80]; test: AUC = 0.57,
95% CI [0.46–0.67]), while demonstrating the highest perfor-
mance for predicting 30-day mortality (training: AUC = 0.77,
95% CI [0.68–0.80]; test: AUC = 0.70, 95% CI [0.60–0.79]).
At a cut-off value of 0.33, the SM + IMAT model for predicting
30-day mortality was able to achieve sensitivity and specific-
ity of 0.74 and 0.54, respectively, on held-out test data.

The clinical model containing only sPESI score was able to
achieve better performance on test data in terms of AUC
compared with radiomics models for predicting both 7-day
mortality (training: AUC = 0.74, 95% CI [0.66–0.82]; test:
AUC = 0.73, 95% CI [0.67–0.79]) and 30-day mortality (train-
ing: AUC = 0.72, 95% CI [0.67–0.77]; test: AUC = 0.74, 95%
CI [0.66–0.82]). At the cut-off value of sPESI score 1, the clin-
ical model achieved lower specificity (0.16 for both 7- and 30-
day mortality) but significantly higher sensitivity (0.92 for
7-day mortality and 0.97 for 30-day mortality) on test data.
Figure 2 shows the comparison between the receiver operat-
ing characteristic (ROC) curves of the developed models: the
clinical model based on sPESI score and the radiomics models
utilizing SM, IMAT and SM + IMAT features, aimed at
predicting 30- and 7-day mortality. The ROC-AUC comparison
using the DeLong test revealed no significant difference Ta
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between models for predicting 30-day mortality in training
and test data (P-value > 0.05). For predicting 7-day mortality,
the DeLong test revealed a significant difference between
clinical (sPESI) and SM + IMAT model predictions (P-
value = 0.03) and clinical (sPESI) and SM model predictions
(P-value = 0.05). The DeLong test results are shown in
Table S5.

The best performing radiomics model was based on three
features extracted from SM + IMAT. The selected CT features,
namely, stat_skew (IBSI: C317), morph_pca_elongation (IBSI:
Q3CK) and szm_sze_2d_fbn_n24 (IBSI: 5QRC), were selected
for final signature and examined further for their association
with the endpoint. stat_skew represents the skewness of the
discretized histogram (24 bins) derived from the baseline 2D
CTPA images. High values of stat_skew indicate a positively
skewed intensity distribution within the ROI. In patients with
APE (survival ≤ 30 days), the stat_skew feature revealed a
higher concentration of intramuscular fat (20.1) with only
19.1% of the total muscle falling into the normal attenuation
range (30–150 HU), resulting in a positively skewed intensity
distribution (Figure 3A,B). Conversely, patients with
survival ≥ 30 days exhibited negative skewness due to a lower
concentration of intramuscular fat (6.2%) but a higher concen-
tration (55.2%) of healthy muscles (Figure 3C,D).

morph_pca_elongation represents the extent to which an
ROI is elongated, with smaller values indicating greater
elongation, while a value of 1 indicates a perfectly circular
ROI. APE patients with survival ≤ 30 days showed lower values
ofmorph_pca_elongation, indicating greater elongation of the
abdominal region, potentially related tomuscle loss and weak-
ness (Figure 3B). szm_sze_2d_fbn_n24 is a GLSZM feature that
emphasizes small zones of similar grey level values compared
with larger zones computed on a 2D image with a discretized
histogram (24 bins). APE patients with survival ≤ 30 days ex-
hibited more variation in tissue make-up, with many small re-
gions of similar HU values, compared with less acute patients.
This feature is another indicator of intramuscular fat accumu-
lation, causing the formation of small zones with similar grey
levels. Figure 3A–D visually illustrates these findings in two pa-
tients’ groups. The corresponding boxplots of selected fea-
tures are shown in Figure S4.

All the selected features showed a significant contribution
in both training and testing (P < 0.01). The XGB_lm model
parameters for the best performing signatures from
SM + IMAT are presented in Table S6. Figure S5 presents
the calibration plots for best performing radiomics
(SM + IMAT) and clinical (sPESI) signatures on training and
test data.

Figure 2 Receiver operating characteristic (ROC) curves with corresponding area under the curve (AUC) values on training and test data for prediction
of 30- and 7-day all-cause mortality in patients with acute pulmonary embolism (APE) resulting from clinical signatures (sPESI) and radiomic signatures
developed from skeletal muscle (SM), intramuscular adipose tissue (IMAT) and both tissues combined (SM + IMAT).
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Discussion

In this study, we developed radiomic signatures incorporating
CTPA features for the prediction of 7- and 30-day all-cause
mortality in patients with APE using features from SM, IMAT
and both tissues combined (SM + IMAT). The predictive per-
formance of clinical and radiomic signatures was tested inde-
pendently. Radiomic signature comprising three explainable
CTPA features extracted from ROI defined by IMAT and
SM + IMAT showed acceptable performance for the predic-
tion of 30-day all-cause mortality on test data (IMAT:
AUC = 0.68, 95% CI [0.57–0.78], sensitivity = 0.57, specific-
ity = 0.73; SM + IMAT: AUC = 0.70, 95% CI [0.60–0.79], sensi-
tivity = 0.74, specificity = 0.54). Radiomic signatures con-
structed solely from SM tissue exhibited lower overall
performance. None of the radiomics models demonstrated
acceptable performance for predicting 7-day all-cause mor-
tality in APE.

Risk stratification in APE is useful for deciding the optimal
treatment strategy. Patients with a high risk of mortality re-
quire immediate hospitalization and potential primary or res-
cue therapy, while those at low risk without ventricular dys-
function can be treated as outpatients.27 Several prediction
models combining clinical variables, molecular biomarkers
and medical imaging have been developed to predict
short-term mortality and basically identify risk groups in
APE. Among clinical biomarkers, the sPESI score, which com-
bines six clinical variables, is extensively used for risk stratifi-
cation in APE. According to a 2012 meta-analysis, sPESI was
able to predict all-cause mortality with an AUC of 0.79, a
pooled sensitivity of 0.92 and a pooled specificity of 0.38.28

In our training and test data, the predictive performance of
the sPESI score is somewhat lower for predicting 30- and 7-
day all-cause mortality (7 days: train/test AUC = 0.74/0.73,
train/test sensitivity = 0.98/0.96, train/test specificity = 0.19/
0.16; 30 days: train/test AUC = 0.72/0.74, train/test sensitiv-

Figure 3 Representative computed tomography pulmonary angiography (CTPA) images from two APE patients, that is, (A, B) Patient 1 with
survival ≤ 30 days and (C, D) Patient 2 with survival ≥ 30 days. Patient 1 (outcome: death; age = 78 years) showed visible intramuscular fat accumu-
lation (IMAT) (light blue) within the skeletal muscle (SM). On the contrary, Patient 2 (outcome: alive; age = 53 years) showed a more homogenous
region of interest (ROI) with a higher percentage of normal muscles, causing intensities to be negatively skewed compared with intensity distribution
in Patient 1. Further, Patient 2 shows a normal range of muscle radiation HU values, resulting in a fragmented or scattered distribution of grey levels
with small zones compared with Patient 2. Further, Patient 1 has a more elongated ROI compared with Patient 2.
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ity = 0.99/0.97, train/test specificity = 0.21/0.16). The lower
sensitivity in our cohort can be attributed to a data imbal-
ance, with a significantly lower number of patients with sur-
vival of ≤7 and 30 days. Further, score-based stratification re-
lies heavily on demographic and co-morbid conditions.
Therefore, clinical scores alone are insufficient to guide per-
sonalized treatment. Among molecular biomarkers, the prog-
nostic value of BNP and its N-terminal portion (NT-proBNP)
have been evaluated in several studies.29 Exemplary studies
by Söhne et al.30 and Lankeit et al.31 showed that BNP
(AUC = 0.63) and NT-proBNP (AUC = 0.72) provide prognostic
value for risk stratification in APE. More recently, echocardio-
graphic markers such as subcostal echocardiographic assess-
ment of tricuspid annular kick (SEATAK) have been reported
to be associated with mortality in APE (AUC = 0.72).32 Among
imaging markers, a large meta-analysis found that increased
RV to LV diameter (RV:LV) ratio measured on axial CTPA im-
ages is the most powerful independent predictor of
all-cause mortality in APE (pooled OR = 2.5, 95% CI [1.8–
3.5], P < 0.001).7 More recently, it has been shown that deep
learning-based automatic ventricle detection and volume
segmentation followed by RV:LV ratio calculation achieved
an AUC of 0.77 for predicting mortality in APE.33 Despite
the consistent molecular and imaging markers associated
with short-term mortality in APE, they appear clinically insuf-
ficient to guide the initiation of personalized therapy in APE,
and further analysis is required in this regard. In our
radiomics analysis based on CTPA images, our radiomic signa-
ture showed comparable results to previous studies
(radiomics AUC = 0.70). This indicates that radiomics have
the potential to increase the prognostic value of short-term
mortality in APE.

Several studies have explored the muscle quality reflected
by imaging features for prognosis in cancer.34 For instance,
sarcopenia, that is, the decrease in muscle mass and
strength, was found to be significantly associated with
all-cause mortality in hepatocellular carcinoma (HCC) pa-
tients (adjusted HR = 1.95, 95% CI [1.60–2.37]).35 The muscle
volume for this association is often estimated on the trans-
verse CT image at the third lumbar vertebra, with an inten-
sity window for recognizing SMs varying between �30 and
150.36 However, radiomics-based analysis of body composi-
tion and its association with patient prognosis is rarely per-
formed in the literature. Only recently, a study by Saalfeld
et al.37 showed that radiomic features extracted from SM
and adipose tissues can predict 1-year survival in HCC pa-
tients (AUC = 0.76, 95% CI [0.64–0.88]). Therefore, in the
context of APE, we hypothesized that conducting an
in-depth examination of SM and adipose tissue quality with
radiomics may also yield new, significant parameters with
predictive potential, and our results confirm our hypothesis.
To the best of our knowledge, this is the first investigation of
the prognostic role of radiomics-based values of the SM and
IMAT in APE. Our SM + IMAT radiomics model exhibited

lower sensitivity but improved specificity to the specific
clinical score sPESI. This underscores the prognostic value
provided by radiomics analysis in APE. Further, we success-
fully provide a visual interpretation of our radiomic signa-
ture. Specifically, two of the features stat_skew and
szm_sze_2d_fbn_n24 provide a quantitative measurement
of the intramuscular fat contents (IMAT) of SM, high levels
of which are implicated in a number of diseases and
dysfunctions.38 Further, the radiomics model of IMAT also
showed better performance on test data in terms of
AUC = 0.68 (95% CI [0.57–0.78]) for predicting 30-day all-
cause mortality. It appears reasonable to hypothesize that in-
dividuals exhibiting elevated intramuscular fat levels may
generally have poorer health status, consequently increasing
their susceptibility to mortality following an episode of APE.
However, the radiomics model based solely on features ex-
tracted from SM showed lower overall performance. This un-
derscores the significance of analysing both SM and IMAT
combined. We also noted that the morphological elongation
feature (morph_pca_elongation), indicative of greater elon-
gation of the abdominal region possibly due to muscle loss
and weakness in high-risk patients after APE, was selected
in most models. Therefore, it is crucial to investigate both
morphological and texture features to develop improved
prognostic models for mortality in APE. However, under-
standing the relationship between these features and biolog-
ical variations is challenging based solely on the data pre-
sented in this study. Further investigation into the
underlying biological variation of radiomic features within
muscle tissue is warranted. For future research, magnetic
resonance imaging (MRI) may also be considered for imaging
patients with APE, given its superior soft-tissue contrast, par-
ticularly for fatty tissues.

Associations between muscle quality reflected by radiomic
parameters and survival in patients with APE are multicausal.
It is well known that myocardial dysfunction, especially RV
dysfunction, plays a key clinical role and predicts relevant
outcomes in patients with APE.7 We hypothesize that the sta-
tus of the skeletal musculature may be associated with the
status of the myocardium. In fact, SMs produce and release
several cytokines (myokines) with protective effects on the
cardiovascular system.39–43 The important cardioprotective
myokines are irisin, musclin, myonectin, follistatin-like 1 fac-
tor and leukaemia inhibitory factor. For instance, irisin signif-
icantly reduces infarct size and post-myocardial cardiac
fibrosis.43 Also, irisin administration significantly increases
angiogenesis in the infarct border zone and decreases
cardiomyocyte apoptosis.43 Intravenous administration of
irisin protects against ischaemia/reperfusion-induced injury
of the lung.39 Another myokine, musclin, has a myocardial
protective effect against injury from ischaemia and pressure
overload.40,41 A similar effect is also observed for
myonectin.42 Furthermore, myonectin reduces cardiomyo-
cyte apoptosis.42 Follistatin-like 1 factor suppresses apoptosis
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of cardiomycites.43 Finally, leukaemia inhibitory factor im-
proves cardiac recovery and enhances the proliferation of
cardiomyocytes following myocardial infarction.43

Presumably, alteration and low quality of the skeletal mus-
culature may result in low secretion of myokines. A low level
of myokines may be associated with cardiovascular events. In
fact, some studies confirm this assumption. So far, brain-de-
rived neurotropic factor (BDNF), a member of the neuro-
trophic factor family, is a myokine that influences the central
nervous system.44 This myokine also influences the cardio-
vascular system. Low plasma BDNF levels are associated with
coronary events and mortality in patients with angina
pectoris.44 Radiomics parameters may reflect deep changes
and metabolic activity of the skeletal musculature. Previ-
ously, Bhullar et al. showed a very heterogenous distribution
of lipids within the skeletal musculature.45 Radiomics param-
eters may reflect intramuscular deep changes and heteroge-
neity of lipid distribution. Also, radiomics values may be as-
sociated with the metabolic activity of the skeletal
musculature.

Importantly, radiomic features of the skeletal muscula-
ture were more sensitive for prediction of an unfavourable
prognosis in patients with APE in comparison with ‘conven-
tional values’ like SM area and density, which were used in
our previous investigation.46 In fact, our present analysis
showed that values for the radiomics-based analysis are su-
perior to those reported for the conventional analysis. Our
study represents the first attempt to apply radiomics tech-
niques to predict 30-day mortality in patients with PE.
While the association between intramuscular fat and mor-
tality has been reported in the literature, our study extends
this knowledge by demonstrating the prognostic value of
specific radiomic features derived from imaging data. The
features we selected, such as statistical skewness, morpho-
logical elongation and GLSZM, offer quantitative informa-
tion about tissue composition and morphology that may
not be readily apparent from traditional imaging analysis.
By leveraging radiomics techniques, we aim to complement
existing knowledge and potentially uncover additional in-
sights that may not be discernible through conventional
methods alone.

The limitations of this study are its retrospective nature
and a class imbalance due to the smaller number of events.
We aimed to mitigate this problem by performing internal
CV on the training data for feature selection. A three-fold
CV approach was used and repeated 10 times, ensuring that

each fold contained sufficient events for training and
validation and that the finally considered average model per-
formance was sufficiently robust. Clearly, additional research
is needed to validate our findings in independent cohorts and
optimize the predictive models used for predicting
short-term mortality in APE.

Conclusions

Radiomics parameters of the skeletal musculature and IMAT
derived from CT images predict 30-day mortality in APE but
do not effectively predict 7-day mortality.
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