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Abstract

Purpose Transthyretin amyloid cardiomyopathy (ATTR-CM) is a frequent concomitant condition in patients with severe
aortic stenosis (AS), yet it often remains undetected. This study aims to comprehensively evaluate artificial intelligence-
based models developed based on preprocedural and routinely collected data to detect ATTR-CM in patients with severe AS
planned for transcatheter aortic valve implantation (TAVI).

Methods In this prospective, single-center study, consecutive patients with AS were screened with [**™Tc]-3,3-diphos-
phono-1,2-propanodicarboxylic acid ([**™Tc]-DPD) for the presence of ATTR-CM. Clinical, laboratory, electrocardiogram,
echocardiography, invasive measurements, 4-dimensional cardiac CT (4D-CCT) strain data, and CT-radiomic features were
used for machine learning modeling of ATTR-CM detection and for outcome prediction. Feature selection and classifier
algorithms were applied in single- and multi-modality classification scenarios. We split the dataset into training (70%) and
testing (30%) samples. Performance was assessed using various metrics across 100 random seeds.

Results Out of 263 patients with severe AS (57% males, age 83 +4.6years) enrolled, ATTR-CM was confirmed in 27
(10.3%). The lowest performances for detection of concomitant ATTR-CM were observed in invasive measurements and
ECG data with area under the curve (AUC) < 0.68. Individual clinical, laboratory, interventional imaging, and CT-radiomics-
based features showed moderate performances (AUC 0.70-0.76, sensitivity 0.79-0.82, specificity 0.63—0.72), echocardiog-
raphy demonstrated good performance (AUC 0.79, sensitivity 0.80, specificity 0.78), and 4D-CT-strain showed the highest
performance (AUC 0.85, sensitivity 0.90, specificity 0.74). The multi-modality model (AUC 0.84, sensitivity 0.87, specific-
ity 0.76) did not outperform the model performance based on 4D-CT-strain only data (p-value > 0.05). The multi-modality
model adequately discriminated low and high-risk individuals for all-cause mortality at a mean follow-up of 13 months.
Conclusion Artificial intelligence-based models using collected pre-TAVI evaluation data can effectively detect ATTR-CM
in patients with severe AS, offering an alternative diagnostic strategy to scintigraphy and myocardial biopsy.

Keywords Transthyretin amyloid cardiomyopathy - Aortic stenosis - TAVI - Artificial intelligence - Radiomics

4 Christoph Gréni Introduction
christoph.graeni@insel.ch

Department of Cardiology, Inselspital Bern University Transthyretin amyloid cardiomyopathy (ATTR-CM) is an

Hospital, University of Bern, Freiburgstrasse, underdiagnosed progressive cardiac disorder caused by the
Bern CH - 3010, Switzerland misfolding of transthyretin amyloid protein, leading to the
2 Biostatistics Unit, Department of Medical Sciences, deposition of amyloid fibrils in the extracellular space of
University of Trieste, Trieste, Italy cardiac tissues [1]. The amyloid accumulation can result in
3 University Institute for Diagnostic and Interventional abnormalities in atrioventricular conduction and stiffening
Neuroradiology, Inselspital, Bern University Hospital, of the myocardial tissue, which ultimately impairs cardiac
University of Bern, Freiburgstrasse, Bern 3010, Switzerland function, leading to heart failure and impaired prognosis
4 Department of Nuclear Medicine, Inselspital Bern University [1, 2]. In addition to the myocardium, amyloid fibrils can

Hospital, University of Bern, Bern, Switzerland

@ Springer


http://crossmark.crossref.org/dialog/?doi=10.1007/s00259-024-06922-4&domain=pdf&date_stamp=2024-9-22

486 European Journal of Nuclear Medicine and Molecular Imaging (2025) 52:485-500

affect valve tissue, damaging endothelial cells and eventu-
ally causing calcification, particularly of the aortic valves,
facilitating the development of aortic stenosis (AS) [1-3].
Recent studies have suggested that the coexistence of
severe AS and ATTR-CM is more frequent than previously
anticipated and associated with an increased risk of adverse
events after transcatheter aortic valve implantation (TAVI)
[4-7]. Although TAVI has been shown effective in this high-
risk patient population, it is unlikely to achieve sustained
improvement in symptoms and prognosis without address-
ing the underlying cardiomyopathy, for which reason timely
diagnosis and subsequent treatment of ATTR-CM are cen-
tral to the optimal patient management in this specific popu-
lation [7].

Current ESC [8] and ACC/AHA [9, 10] guidelines pro-
pose different algorithms for ATTR-CM diagnosis [1]. Initial
assessments typically involve clinical examinations, electro-
cardiogram (ECG), echocardiography (Echo), and cardio-
vascular magnetic resonance imaging (CMR) to include or
exclude potential patients based on specific symptoms [1].
For example, bilateral carpal tunnel syndrome and periph-
eral neuropathy as clinical features, low QRS voltage and
pseudo-infarct patterns in ECG, apical sparing, or increased
atrial/RV wall thickness in echocardiography could serve as
red flags for ATTR-CM [1, 11-14]. While these modalities
are useful in the preliminary evaluation, they are not spe-
cific to ATTR-CM; thus, a final diagnosis often cannot be
based entirely on these results [1, 15, 16].

A definitive diagnosis of ATTR-CM may hinge on the
histopathological confirmation or proof of a TTR mutation
whilst always requiring confirmation of cardiac involve-
ment, e.g., by significant cardiac uptake in scintigraphy
[1, 17, 18]. Pathology and genetic testing are invasive
and costly, while scintigraphy adds a significant financial
and procedural burden, especially for severe AS patients
undergoing TAVI who have already undergone extensive
examinations [1-3]. Therefore, developing a non-invasive,
financially viable method based on available data from pre-
procedural and routine data would be highly beneficial for
detecting ATTR-CM.

Different studies have applied artificial intelligence (AI)
to detect and screen for ATTR-CM across different data
modalities [1, 19, 20]. Al-driven algorithms employing
both deep learning (DL) and machine learning (ML) across
clinical, echocardiography, ECG, scintigraphy, and CMR
imaging have shown enhanced diagnostic accuracy [1]. Our
study’s main aim is to develop and comprehensively evalu-
ate ML models using a pre-procedural and routinely col-
lected TAVI multimodality dataset for detecting ATTR-CM.
By evaluating ML algorithms within and across modali-
ties in the same patient cohort, we offer insights into the
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strengths and limitations of each approach for ML-based
ATTR-CM detection using different modalities.

Materials and methods

Figure 1 presents the study overview, including data col-
lection, preprocessing, model training, validation, testing,
and reporting phases utilized in the current study. The study
follows the Transparent Reporting of a multivariable predic-
tion model for Individual Prognosis Or Diagnosis + Artifi-
cial Intelligence (TRIPOD + Al) statement [21].

Study design and population

The data for this study were collected from multiple modali-
ties to enable a comprehensive analysis of ATTR-CM detec-
tion in patients with severe AS planned for TAVI [22, 23].
Consecutive patients (between August 2019 and 2021) with
symptomatic severe AS in the absence of known cardiac or
extra-cardiac amyloidosis were referred for TAVI at Bern
University Hospital and recruited in the ATTR-AS (Amy-
loid Transthyretin in Aortic Stenosis, NCT04061213) study
(ClinicalTrials.gov: NCT04061213) were considered eli-
gible [22, 23]. The study design was approved by the Bern
ethics committee, conducted in accordance with the Dec-
laration of Helsinki, and study participants provided writ-
ten informed consent before any data collection [22, 23].
Baseline and follow-up clinical data were prospectively
recorded in a dedicated database held at the clinical trials
unit of Bern University Hospital [22, 23]. These included
clinical assessments, laboratory tests, ECG, and echocar-
diography (transthoracic echocardiography (TTE)). Addi-
tionally, left and right heart catheterization and various
forms of interventional imaging (integrated transesophageal
echocardiography (TEE) and invasive measurements were
utilized. The patients underwent diagnostic evaluation with
the following advanced cardiac imaging modalities: SPECT
and 4D-CT. Clinical characterization of patients is provided
in Table 1, and more details are provided in Supplemental
Table S1, which has already been published in our previ-
ous studies [22, 23]. Clinical follow-up involved standard-
ized interviews, documentation from referring physicians,
and hospital discharge summaries. A dedicated clinical
event committee collected and adjudicated adverse events
based on Valve Academic Research Consortium-2 criteria
[22-24].

ATTR-CM diagnosis

As part of the ATTR-AS (NCT04061213) study, all patients
underwent  [**™Tc]-3,3-diphosphono-1,2-propanodicar-
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Fig. 1 The flowchart of the current study represents the design of the study, starting the phases of data collection, preprocessing, model training,

validation, and reporting phases utilized in the current study

boxylic acid ([*’™Tc]-DPD) scintigraphy for ATTR-CM
screening [22, 23]. Approximately 3 h post intravenous
injection of 700+ 70 MBq [**™Tc]-DPD, whole-body pla-
nar images were acquired (15 cm/min) using a dual-head
hybrid SPECT/CT system (Intevo; Siemens Healthineers)
equipped with low-energy high-resolution (LEHR) collima-
tors [22, 23]. The images were reconstructed using a high-
order low-pass Butterworth filter (order of 5) and a zoom
of 1.0, using a 256 X256 matrix size [22, 23]. Following
planar imaging, a SPECT/CT scan of the thorax was car-
ried out using a step-and-shoot method adjusted for body

contour (32 steps each 30 s, zoom of 1.0, 256 matrix size)
[22, 23]. Then, SPECT images were reconstructed using an
iterative algorithm (OSEM, 4 subsets, 8 iterations), supple-
mented by a 12-mm Gaussian filter [22, 23]. Additionally,
a low-dose CT scan was conducted for attenuation correc-
tion, using 130 kV with CareDose, a pitch of 1.2, a rotation
time of 0.6 s, and a collimation of 16x0.6 [22, 23]. The
[**™Tc]-DPD scintigraphy results were interpreted as posi-
tive for participants exhibiting moderate to high myocardial
tracer uptake (Perugini grade 2 or 3) and negative for those
with no or low uptake (Perugini grade 0 or 1), as assessed by
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Table 1 Clinical characterization of the current study patient population. More detailed parameters are presented in Supplemental tables S2 and

reference [23]

Clinical characteristics All Participants ATTR-CM Negative ATTR-CM Positive P-Value
(n=263) (n=236) (n=27)

Clinical

Sex M: 56.7% M: 84.6% M: 15.4% 0.002
F: 43.3% F: 96.5% F:3.5%

Age (y) 82.7+4.6 82.4+4.5 85.3+4.6 0.002

BMI 26.6+5.2 26.7+5.2 26.0+4.5 0.53

BSA (m"2) 1.85+0.22 1.8+0.2 1.9+0.2 0.52

CAD 41.4% 40.7% 48.1% 0.46

Intervention imaging

Aortic valve stenosis AVA echocardiography (cm”*2) 0.7 +0.29 0.68+0.26 0.89+0.43 <0.001

Laboratory

Biomarker NT-proBNP (ng/L) Median: 2834 Median: 1140 Median: 4462 <0.001
(564-3490) (514-2947) (1925-6301)

Creatinine level (mmol/L) 95.3+34.2 94.1+33.3 105.6 +40.7 0.10

CT

Cardiac CT calcium score aortic valve Median: 2481 Median: 2545 Median: 2213 0.86
(1642-3750) (1675-3757) (1285-3659)

Cardiac CT Time gap to scintigraphy Median: 1 (0-1) Median: 1 (0-1) Median: 1 (0-1) 0.37

Dose-length product (mG - cm) 973 +415.6 959.3+422.6 1088.1+336.4 0.13

Contrast agent dose (mL) 86.7+12.7 86.8+12.7 86.3+13.3 0.85

Echocardiography

LVEF (%) 53.7+12.0 543+12.1 502+11.2 0.36

LV mass (g) 223+70.2 217+70.3 267+£55.2 0.06

LV mass index (g/m”2) 120+36.9 117+37.6 141+£24.9 0.049

LV septal thickness (mm) 13.6+2.8 13.4+2.8 14.5+2.8 0.38

LV posterior wall thickness (mm) 11.6+2.2 11.4+2.2 13.1+£1.8 0.046

CT Global Strain (%)

LV GLS -14.3+4.7 -14.7+4.8 -11.2+3.2 <0.001

LV GRS 49.5+25.4 50.2+25.8 42.9+21.0 0.16

LV GCS -17.6+£6.3 -17.9+6.4 -153+5.2 0.04

RV GLS -18.4+7.2 -187+£7.2 -16.2+6.9 0.09

LA GLS 14.2+9.9 14.9+10 83+7.2 0.001

nuclear medicine physicians and cardiac imaging cardiolo-
gist (F.C., A.R., and C.G.) all with > 10 years of experience
in nuclear cardiology [22, 23]. More information on data
was provided in [22, 23].

Data preparation and image processing

Advanced image processing techniques were utilized to
extract CT strain and LV mass and function information
from 4D contrast-enhanced CT (CCT) images; more details
on the acquisition and processing of 4D CCT were previ-
ously published [22, 23]. Radiomics features were extracted
from the left ventricle (LV) myocardium using CT images,
including non-contrast images and images from the dia-
stolic and systolic phases of contrast-enhanced 3D-CT.
Delta radiomics were calculated using the diastolic and sys-
tolic phases of CCT. Segmentation of the LV was initially
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provided by an automatic approach and subsequently evalu-
ated and modified as needed for different images. Various
radiomics features, including intensity, shape, and second
and higher-order features, were extracted using the Image
Biomarker Standardization Initiative (IBSI) [25, 26] con-
sensus Python library [27] with bin discretization set to 64
and an isotropic voxel size of 1 mm?>.

We extracted the following number of features from each
modality: 101 features from clinical, 13 from laboratory,
18 from ECG, 34 from echocardiography, 34 from invasive
measurements, 6 from interventional imaging, 76 from CT
strain, and 420 from radiomics (end-systolic, end-diastolic,
non-contrast, and delta phases). The dataset was initially
split into a training (70%) and a hold-out test set (30%) with
stratification regarding the ATTR-CM status. Missing data
within the dataset was imputed using an iterative imputation
technique (applying a round-robin approach).
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Machine-learning algorithm

Z-score normalization was applied to the features to ensure
uniformity in scale. Features exhibiting low variance (below
a threshold of 0.99) were discarded. Subsequently, fea-
tures with high correlation (Pearson correlation coefficient
higher than 0.95) were grouped, and only the most predic-
tive feature from each group was retained. Following this
initial preprocessing, various feature selection algorithms,
including Recursive Feature Elimination (RFE), Univariate
Ranking (UniVa), and Minimum Redundancy Maximum
Relevance (MRMR), were employed on the feature set to
select informative features. Using the selected features, a
variety of classifier models were trained, including logistic
regression (LR), support vector machine (SVM), random
forest (RF), AdaBoost, and XGBoost.

Parameters and hyperparameters optimization

All ML model development steps, including preprocess-
ing and feature selection, were performed exclusively on
the training set and validation (70%) to process and select
important features. Using these selected features, classi-
fier parameters and hyperparameters were optimized using
grid search on the training set to build the optimized model.
Subsequently, the developed models were evaluated on the
hold-out test set. This approach ensured that there was no
possibility of information leakage between the training and
test sets. The entire process (from data splitting to model
evaluation) was repeated 100 times with a random seed to
assess the robustness of the models.

Evaluation and statistics

The SHAP (SHapley Additive exPlanations) model is uti-
lized to interpret the outputs of ML models, providing
insights into the contribution of each feature to the ATTR-
CM prediction. The performance of these models was
assessed using different metrics, including balanced accu-
racy (sensitivity + specificity)/2), receiver operating char-
acteristic area under the curve (ROC-AUC), sensitivity,
and specificity. The Mann—Whitney U test was employed
to evaluate differences in performance metrics for statisti-
cal comparison across different models and modalities.
Additionally, Kaplan-Meier survival curves were plot-
ted for the diagnostic model output and their features to
visualize the impact on patient outcomes over time, with
p-values calculated from the log-rank (LR) test to deter-
mine the statistical significance of observed differences.
All ML was implemented by Scikit-learn in the Python

programming language [28], and all models and code are
publicly available in the GitHub repository (https://github.
com/Al-in-Cardiovascular-Imaging/ML _pipeline_tabular).

Results
Study population

Out of 489 patients initially assessed, 91 were ineligible, and
83 did not consent [22, 23]. Thus, 315 patients consented and
were enrolled [22, 23]. From this cohort, 51 were excluded
due to the absence of 4D-CCT, and one was excluded due to
lack of correct image phases [22, 23]. Finally, 263 patients
(83 +4.6years, 114 females) who underwent [*™Tc]-DPD
scintigraphy and had available data from multiple modali-
ties, including 4D-CCT, were included in the analysis [22,
23]. ATTR-CM was confirmed in 27 (10.3%) of these
patients [22, 23]. Among those diagnosed with ATTR-CM,
22 underwent genetic testing, which revealed that 21 (95%)
had wild-type ATTR, and 1 (5%) exhibited a transthyretin
mutation (Val40Met) [22, 23]. The mean (standard devia-
tion) follow-up for all causes of mortality and cardiovascu-
lar mortality was 13 (5) months, and it was available for 218
patients (23 ATTR-CM).

Diagnostic performance

Figure 2 summarizes the performance of the diagnos-
tic modalities (the best-performing ML algorithm in each
modality) evaluated through different metrics as detailed in
supplemental Table S2. Supplemental Figs. S1-S4 provide
the p-values for comparing these modalities across different
metrics.

Diagnostic performance of conventional first-line
diagnostic tests

ECG data showed a low performance with a mean (stan-
dard deviation) ROC-AUC of 0.67 (0.08) (sensitivity of
0.45 (0.16), and specificity of 0.89 (0.04)). Clinical data
demonstrated a moderate discriminatory performance
with ROC-AUC of 0.70 (0.09) (sensitivity of 0.81 (0.18)
and specificity of 0.63 (0.18)). The laboratory data showed
moderate results, with a ROC-AUC value of 0.76 (0.07)
(sensitivity of 0.82 (0.13) and specificity of 0.72 (0.11)).
Echocardiography resulted in acceptable performance with
ROC-AUC of 0.79 (0.09) (sensitivity of 0.80 (0.15) and
specificity of 0.78 (0.11)).
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AUC
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Fig. 2 Comparative analysis of different metrics, including Accu-
racy, AUC, Sensitivity, and Specificity for the best-performing
models in each modality, evaluated across 100 iterations. Clinical:
RFE+LR, Laboratory: UniVa+LR, ECG: RFE+AdaBoost, Echo:
UniVa+SVM, Invasive Cath: MRMR + LR, Interventional Imaging:
UniVa+LR, CT Non-Contrast Radiomics: RFE+LR, CT Diastolic
Radiomics: UniVa+LR, CT Systolic Radiomics: UniVa+LR, CT
Delta Radiomics: UniVa+LR, CT All Radiomics: UniVa+LR, CT
Strain: RFE+LR, Multi-Modality: RFE+LR. Classifiers include
Logistic Regression (LR), Support Vector Machine (SVM), Ran-
dom Forest (RF), AdaBoost (AdaBo), and eXtreme Gradient Boost-
ing (XGB). Feature selection methods featured are Recursive Fea-
ture Elimination (RFE), Univariate Analysis (UniVa), and Minimum
Redundancy Maximum Relevance (MRMR)

@ Springer

Diagnostic performance of the CT radiomics

In the CT radiomics, CT non-contrast radiomics showed the
lowest performance with a mean (standard deviation) ROC-
AUC of 0.68 (0.11) (sensitivity of 0.76 (0.19), specificity of
0.66 (0.21)). The performances of CT diastolic, CT systolic,
and CT delta radiomics were similar, with no statistically
significant differences between the metrics of diagnos-
tic performance (p-value>0.05). Although the combined
evaluation of all CT radiomics features resulted in a mean
(standard deviation) of ROC-AUC of 0.74 (0.07) (sensi-
tivity of 0.81 (0.14), specificity of 0.68 (0.13)), it did not
outperform the individual systolic and diastolic radiomics
(p-value>0.05).

Diagnostic performance of the CT strain

The highest discriminatory performances were observed for
CT strain, yielding the highest diagnostic accuracy com-
pared to other modalities. CT strain achieved the highest
ROC-AUC of 0.85 (0.05) (sensitivity of 0.90 (0.11), speci-
ficity of 0.74 (0.11)).

Diagnostic performance of invasive modalities

The lowest performances were observed for Invasive Cath
(ROC-AUC of 0.61 (0.09), sensitivity of 0.64 (0.25), and
specificity of 0.67 (0.28)). Interventional Imaging showed
a ROC-AUC of 0.70 (0.08), sensitivity of 0.79 (0.18), and
specificity of 0.63 (0.19).

Diagnostic performance of the multi-modality

The multi-modality approach in which features from differ-
ent diagnostic modalities were jointly considered, yielded a
high mean (standard deviation) ROC-AUC of 0.84 (0.06)
(sensitivity of 0.87 (0.13), specificity of 0.76 (0.12)). This
is comparable to CT strain, indicating that while combining
features can achieve high diagnostic performance, it does
not statistically significantly outperform CT strain.

The best model and modality for identifying ATTR-
CM in patients with severe AS

Between different modalities, four models from CT
strain (Manual+ LR, RFE+LR, UniVa+AdaBo, and
MRMR+SVM) and one model from multi-modality
(RFE+LR) showed the highest performances, with no sta-
tistically significant differences between these models.
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ROC and heatmap plots in different models and
modalities

Figures 3 and 4 present the ROC curves of the top three
models across different modalities. Supplemental Figs. S5—
S17 provide ROC curves for each model for 100-time rep-
etition. Supplemental Figs. S18—S25 present heatmaps that
compare these models in terms of p-values for different
metrics across each modality. Figure 5 shows heatmaps of
different feature selection and classifier combinations for
different metrics within the echocardiography, CT strain,
and multi-modality model. The corresponding heatmaps for
the rest of the modalities examined are shown in supple-
mental Figs. S26-S35.

Interpretability in top models

Figure 6 presents the SHAP summary of the top three
models, including echocardiography, CT strain, and multi-
modality, andsupplemental Figs. S36-S38 present the other
top models in each modality. The SHAP plots illustrate the
relative importance of each feature in each model, providing
insights into the decision-making processes underlying the
feature-outcome relationships in each modality toward ML
model interpretability. For instance, in the echocardiogra-
phy model, features such as the mean gradient of the aortic
valve and maximum septal wall thickness had the highest
impact. Decreasing the mean gradient of the aortic valve
and increasing the maximum septal wall thickness posi-
tively influenced the ML model’s output toward ATTR-CM
positive diagnosis. In the CT strain model, increasing fea-
ture values like LV global longitudinal strain apical /base
and mid (GLS apical/base-mid), LV global longitudinal
strain (LV-GLS, %), end-diastolic LV mass index (LVMi,
g/m?) and decreasing in left atrial global longitudinal strain
(LA-GLS, %) has a positive influence on model output. In
the multi-modality model, in addition to the CT strain and
echocardiographic features, other variables such as age,
radiomics features, and laboratory data contributed to the
model’s outcomes.

Prognostication information of diagnostic features

Prognostication based on ATTR-CM status did not show
significant prognostic information (indicated by an LR
p-value>0.05). Among the different diagnostic ML mod-
els, only the multi-modality model provided prognostic
information (p-value=0.007) for distinguishing between
low- and high-risk groups for all-cause mortality (Fig. 7).
Selected features from different modalities provided valu-
able prognostic information to differentiate between low and
high-risk groups in all causes and cardiac-specific mortality,

as illustrated in the Kaplan-Meier plots of these features in
Supplemental Figs. S39—S40.

Discussion

In the current study, we comprehensively evaluated the
performance of ML approaches based on preprocedural
and routinely collected data from different contemporary
diagnostic modalities to predict ATTR-CM in patients with
severe AS planned for TAVI. These modalities included
clinical assessment, ECG and echocardiography, as well
as more advanced imaging processing techniques such as
CT strain and CT radiomics. We employed a wide range
of standardized ML algorithms to predict ATTR-CM using
single and multi-modality data. While echocardiography
demonstrated good performance, CT strain exceeded it in
accuracy. The multi-modality model did not outperform the
CT strain-only data. Specific features from different modali-
ties provided prognostic information in severe AS patients
for all-cause and cardiac-specific mortality. The presence of
ATTR-CM was not shown to be an outcome predictor.

Current diagnostic standards for establishing an ATTR-
CM diagnosis, such as biopsy or bone scintigraphy [8—10],
introduce additional costs and burdens, and are not included
in the standard clinical practice for patients with severe AS
undergoing TAVI procedures [1-3]. Although scintigraphy
is becoming the gold standard for ATTR-CM detection and
provides prognostic information [29—-31], it presents other
challenges, such as radiation exposure and delays in diagno-
sis due to the low deployment of nuclear medicine centers.
Moreover, scintigraphy imaging can yield negative results
if amyloid deposition is minimal at the time of examina-
tion [1-3]. Therefore, ATTR-CM is likely underdiagnosed
in this cohort [1-3], highlighting the need for non-invasive
and cost-effective diagnostic tools [1]. Our study presents
new evidence that utilizing ML to integrate preprocedural
and routinely collected data aids in detecting concomitant
ATTR-CM in patients with severe AS. Using the existing
data for ATTR-CM detection could also enhance prognosti-
cation in this patient group.

Several studies have been employed to detect ATTR-
CM using Al in different modalities [1, 32—-34]. Previous
studies using the echocardiographic images and DL model
[32] and handcrafted echocardiographic parameters and ML
[34] reported an average AUC of 0.87 (5-fold- cross-valida-
tion (CV)) and 0.82 (0.95, 0.76, 0.78, and 0.80 on the four
external tests) in detecting cardiac amyloidosis and wild-
type ATTR-CM, respectively. Another study [33] employed
automated tools using ECG and echocardiography to detect
wild-type ATTR-CM. The DL was externally tested at four
centers, with 441 (AUC: 0.91), 369(AUC: 0.89), 229(AUC:
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Fig. 3 ROC curve of best-performing models in each modal-
ity. Clinical: Strat. 1 (RFE+LR), Strat. 2 (UniVa+LR), Strat.
3 (MRMR+LR); Laboratory: Strat. 1 (RFE+LR), Strat. 2
(UniVa+LR), Strat. 3 (MRMR +LR); ECG: Strat. 1 (RFE+AdaBo),
Strat. 2 (UniVa+AdaBo), Strat. 3 (MRMR +AdaBo); Echo: Strat. 1
(RFE+LR), Strat. 2 (UniVa+SVM), Strat. 3 (MRMR +LR); Inva-
sive Cath: Strat. 1 (RFE+AdaBo), Strat. 2 (UniVa+LR), Strat. 3
(MRMR +LR); Interventional Imaging: Strat. 1 (RFE+LR), Strat. 2
(UniVa+LR), Strat. 3 (MRMR +LR); CT Non-Contrast Radiomics:

1.0), and 239(AUC: 0.96) patients [33]. In our study, using
only the ECG modality did not yield good performance,
whereas the echocardiographic modality provided results
comparable to previous studies. Despite our limited dataset,
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FPR (false positive rate)

FPR (false positive rate)

Strat. 1 (RFE+LR), Strat. 2 (UniVa+LR), Strat. 3 (MRMR +LR); CT
Diastolic Radiomics: Strat. 1 (RFE +LR), Strat. 2 (UniVa+LR), Strat.
3 (MRMR +LR); CT Systolic Radiomics: Strat. 1 (RFE+LR), Strat.
2 (UniVa+LR), Strat. 3 (MRMR +LR). Classifiers include Logistic
Regression (LR), Support Vector Machine (SVM), Random Forest
(RF), AdaBoost (AdaBo), and eXtreme Gradient Boosting (XGB).
Feature selection methods featured are Recursive Feature Elimina-
tion (RFE), Univariate Analysis (UniVa), and Minimum Redundancy
Maximum Relevance (MRMR)

focusing on patients with severe AS and overlapping symp-
toms made constructing high-performance models chal-
lenging. Thus, this should be considered when comparing
study results, as model performance is influenced by the
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(UniVa+LR), Strat. 3 (MRMR+LR). Classifiers include Logistic

specific cohort used for development and evaluation, not
just the metrics [35].

In a previous study [36], [**™Tc]-HMDP scintigraphy
was utilized to detect ATTR-CM. They [36] focused on
classifying ATTR-CM based on Perugini grades using DL
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Regression (LR), Support Vector Machine (SVM), Random Forest
(RF), AdaBoost (AdaBo), and eXtreme Gradient Boosting (XGB).
Feature selection methods featured are Recursive Feature Elimina-
tion (RFE), Univariate Analysis (UniVa), and Minimum Redundancy
Maximum Relevance (MRMR)

models. They [36] reported an AUC of 0.87 for multiclass
classification, 0.94 for the binary comparison of grade <2
vs. grade>2, and 0.89 for grade<3 vs. grade 3 using a
5-fold CV. Another study [37] developed a DL model using
scintigraphy images ([*’™Tc]-DPD/[**™Tc]-HMDP) to
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Fig. 5 Heat maps displaying various metrics for echocardiography Feature selection methods featured are Recursive Feature Elimination
(Echo), CT strain, and Multi-Modal data. Classifiers include Logis- (RFE), Univariate Analysis (UniVa), and Minimum Redundancy Max-
tic Regression (LR), Support Vector Machine (SVM), Random For- imum Relevance (MRMR)

est (RF), AdaBoost (AdaBo), and eXtreme Gradient Boosting (XGB).

detect a Perugini grade of >2 in ATTR-CM patients. They = practice among patients with severe AS undergoing TAVI
reported an AUC of 0.99 in both the development and exter-  due to additional cost, our study demonstrates the feasibility
nal test phases, demonstrating high diagnostic accuracy. In  of detecting ATTR-CM in this cohort using preprocedural
our study, we did not use scintigraphy as an input for detect-  and routinely collected data with good performance. This
ing ATTR-CM but rather as the ground truth, with most  model could be used for initial screening with available data
positive cases confirmed by pathology and genetic tests.  for this cohort, allowing suspected cases to undergo scintig-
As scintigraphy is not routinely implemented in clinical  raphy for confirmation.
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Fig.6 SHAP (SHapley Additive exPlanations) summary plot display-
ing the impact of various features across Echo, CT Strain, and Multi-
Modality models. This visualization highlights the contribution of
individual features to each model’s predictive performance for ATTR-
CM detection. LVMi: Left ventricular mass (end-diastolic) index to gr/
m2, GLS apical/base-mid: Left ventricular global longitudinal strain
apical /base and mid, LV-GLS: Left ventricular global longitudinal
strain (%), LA-GLS: Left atrial Global longitudinal strain (%), Mean
gradient aortic valve: Mean gradient aortic valve [mmHg], Maximum

The diagnosis performance of ML and DL was investi-
gated [38] using CMR images, and they reported an AUC of
0.98 for DL and 0.95 for ML for ATTR-CM detection. Other
[39] conducted a study using CMR sequences to diagnose
cardiac amyloidosis automatically. They [39] employed
binary classification approaches to analyze single 2D slices
using DL and used averaged voting across all slices for
comprehensive patient-wise analysis. They reported AUC
scores of 0.96 for LGE, 0.93 for MOLLI, and 0.91 for
CINE. In our study, we did not use the CMR dataset due to
its limited availability for TAVI patients. However, future
studies could integrate this modality to evaluate new model
performance.

In a recent study [40] contrast-enhanced CT radiomics
features of 30 patients were used to differentiate cardiac
amyloidosis from severe AS. Due to the small data size,
they used a leave-one-out CV and reported accuracy,

T * Low
-0.250.00 0.25

SHAP value (impact on model outpu

Septal Wall Thickness: maximum septal wall thickness of the left ven-
tricle [mm], Peak Gradient: peak pressure gradient of the aortic valve
[mmHg], Mean Gradient: mean pressure gradient of the aortic valve
[mmHg], Biplanar Left Atrial ES volume: Biplanar LAESVi [ml /
BSA in m2], LV mass index: left ventricular mass index LVMi [g/m2],
LVEDP: estimated left ventricular end-diastolic pressure [mmHg],
Maximum lateral wall thickness: maximum lateral wall thickness of
the left ventricle [mm], NT-proBNP: N-terminal pro B-type natriuretic
peptide [pg/ml]

sensitivity, and specificity of 0.93. In another study [41] CT
radiomics features evaluated for detecting cardiac amyloi-
dosis in AS patients who underwent TAVI. Using a 7-fold
CV, they reported an AUC of 0.92 for radiomics and 0.96
when combining radiomics with clinical information. Our
study evaluated the performance of various CT radiomics
features, achieving a moderate AUC of 0.75. Compared to
previous radiomics studies, our dataset was larger, and we
enhanced the reliability of our results by repeating the entire
process 100 times with random seeds to avoid any bias in
the chosen test set. This approach is essential in ML stud-
ies with small to medium-sized datasets because achieving
high performance in a single repetition could be potentially
due to a random split that favors easier cases in the test set,
which may not realistically reflect real-world scenarios.

In each ML model, we used SHAP analysis to understand
the top model’s decision-making. We observed that these
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Fig. 7 Kaplan-Meier curves for all-cause
mortality and cardiovascular mortal-

ity, stratified based on the median value
of the outputs of the diagnostic model
for ATTR-CM and the ground truth of
ATTR-CM. The stratification categories
are above and below the median ML
output values, illustrating survival prob-
abilities over time for each group with
the x-axis in months
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features and decisions align with previous clinical findings,
which makes the model more rational and reliable [1]. In
the Echo, the ML model showed that decisions for detect-
ing ATTR-CM are based on a combination of decreasing
gradient, increasing wall thickness, and increasing LV mass
and volume. The selected features and their behavior align

@ Springer

with clinical symptoms in ATTR-CM patients, as the amy-
loid fibrils lead to an increased myocardial thickness, con-
sequently decreasing the LV stroke volume [1, 6, 42]. While
these features alone cannot fully represent ATTR-CM, their
combined effects and the varying weights assigned to them
could form a robust diagnostic model. While wall thickness,
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especially maximum septal wall thickness, was a key feature
in the echocardiography model, it did not contribute signifi-
cantly in the multimodality model, where other features were
more influential. A recent study suggested [43] that wall
thickness is not correlated with ATTR-CM, which aligns
with our finding that in the presence of other features, such
as CT strain, the importance of wall thickness decreases.

In the CT strain modality ML modeling, we used auto-
mated and manual feature selection based on our previous
study [23]. However, there was no statistically significant
difference between the manually selected and the automated
ones, and we achieved the highest performance using CT
strain analysis for different modalities. Previously [23], we
employed conventional standard statistical methods to eval-
uate models, reporting different cutoffs in AUC of 0.89 with
internal bootstrapping (sensitivity of 0.96 and 0.77, and
specificity of 0.58 and 0.85). However, in the current study
using standardized ML approaches, we achieved an ROC-
AUC of 0.85+0.05 with a sensitivity of 0.90+0.11 and
a specificity of 0.74+0.11. Although the AUC is slightly
lower than the previous study [23], the ML model improved
the performance of ATTR-CM detection by considering
both sensitivity and specificity. High sensitivity and low
specificity could be impractical in clinical settings due to
the high number of false positives; thus, a model simultane-
ously minimizes false positives and false negatives is prefer-
able. Additionally, conventional statistical models often risk
information leakage through internal bootstrapping and data
splitting, potentially inflating performance metrics. In con-
trast, our standardized ML development approach avoided
any information leakage, leading to more realistic and supe-
rior performance (considering both sensitivity and specific-
ity simultaneously) with CT strain compared to our previous
studies [23]. Our CT strain models demonstrated that com-
bining features indicative of myocardial contractility and
wall motion abnormalities could create a high-performance
predictive model for detecting ATTR-CM. Although CT
strain may not be routinely collected, our analysis indi-
cates that the top contributing features in the multimodality
model are derived from CT strain. Attempts to build a model
using only routinely collected data did not yield satisfactory
performance, showing the importance of CT strain in accu-
rate diagnosis of ATTR-CM. Considering advancements in
CT scanner technology, which significantly reduce acquisi-
tion time and radiation dose [44], as well as the necessity
of pre-TAVI CT images and previous guideline [45] recom-
mendation, 4D-CT could potentially be acquired routinely
in the future. This model could seamlessly be integrated into
clinical routine, providing an additional tool that uses avail-
able information to identify and alert clinicians to high-risk
patients for ATTR-CM as it might change the clinical deci-
sion for TAVI versus surgical therapy.

Although the multi-modality model did not outperform
the CT strain-only models, it incorporates additional fea-
tures such as the radiomics of the LV myocardium, where
an increase in value tends to indicate a diagnosis of ATTR-
CM. Moreover, other features like age/troponin and cre-
atine kinase (CK) were found to have positive and negative
impacts on the model’s output, respectively. Additionally,
selected features from various modalities were useful in dif-
ferentiating between low and high-risk groups for all-cause
and cardiac-related mortality. Although overall prognostic
assessments based on ATTR-CM did not show significant
performance, the multi-modality model output was effective
in distinguishing between different mortality risk groups.
This shows the potential benefits of integrating multiple
diagnostic modalities to enhance the accuracy of prognos-
tic assessments and provide new biomarkers. A DL model
developed [46] for ATTR-CM detection in scintigraphy,
demonstrated that the outputs of the diagnostic models could
serve as markers for prognosis and discriminate between
high and low-risk groups for overall mortality. Another study
[2] showed that a diagnostic model using ECG in severe
AS patients undergoing TAVI indicated that the diagnostic
DL model’s output could predict all-cause mortality, major
adverse cardiac events, and hospitalization due to heart fail-
ure. Our results align with these earlier studies, demonstrat-
ing the potential of diagnostic models to prognosticate and
offer new biomarkers. The Kaplan-Meier curves are plotted
based on the output of the models, stratified by the median
value of the diagnostic model for ATTR-CM detection. We
hypothesize that false positive cases, which may include
patients with severe conditions resembling ATTR-CM, lead
to worse outcomes due to impaired cardiac function. This
suggests that our model may capture additional prognostic
information not accounted for in the binary classification
of ATTR-CM from different features of various modalities.
Future studies should evaluate the prognostication perfor-
mance of this model on TAVI patient cohorts.

In this study, we implemented multiple ML algorithms
that yielded different performance results, which may arise
from the specific characteristics of each model. The LR often
outperformed other models in different modalities, making
it advantageous for clinical use due to its simplicity and
greater interpretability. However, in some cases, such as with
CT strain, which is the best modality for ATTR-CM detec-
tion, models like AdaBoost, SVM, and RF performed simi-
larly well. The lower performance of complex models like
XGBoost could be due to overfitting in the training set, given
their high number of parameters. By using an untouched test
set for evaluation, we ensured an unbiased comparison and
selected the most reliable performing model.

Gathering a comprehensive dataset encompassing mul-
tiple modalities for assessing ATTR-CM in AS is highly
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challenging, as the concordance of ATTR-CM is not rou-
tinely evaluated in clinical practice. Although our dataset may
be considered medium-sized compared to previous clinical
ML studies in ATTR-CM [32, 38—41], the methodology we
applied ensures that the generated results are robust and repeat-
able. Furthermore, the clinical objective of our study is not to
replace scintigraphy with our ML model but to use the model
to detect potential cases, which can then be confirmed through
scintigraphy. This approach has the potential to enhance clini-
cal workflow for AS patients undergoing TAVI procedures.
One of the main limitations of this study is its reliance on a
single-center and unbalanced dataset. However, we employed
various approaches, including stratified splitting, avoiding any
information leakage between the training and testing sets, and
repeating the experiment with a random seed to provide more
realistic and robust results. Although we tried data augmenta-
tion techniques such as SMOTE in the training set, it did not
improve the model’s performance, and we continued with the
original data. Moreover, we have made our code and model
publicly available to support open-source practices and the
reproducibility of the study. Domain shift in ML studies can
occur due to variations in data acquisition methods (i.e. chang-
ing in the scanner), population characteristics, and changes
over time. These shifts can impact model performance and
should be carefully monitored, even in single-centre studies.
Future studies should evaluate and validate our models’ per-
formance in larger, prospective, and external datasets.

Conclusion

In the current study, we implemented ML to evaluate the
efficacy of various modalities for predicting ATTR-CM in
patients with severe AS undergoing TAVI. While echocar-
diography, CT strains, and multi-modality demonstrated
high diagnostic performance, with CT strain being the high-
est-performing modality, the multi-modality model did not
outperform CT strain alone. Other modalities, including LV
radiometric features on CT scans, showed moderate perfor-
mance for detecting ATTR-CM. Moreover, some diagnostic
features could provide more insights for prognostication
in severe AS. Our study demonstrates that applying ML to
routine pre-TAVI data can effectively detect concomitant
ATTR-CM in patients with severe AS, presenting a potential
alternative to scintigraphy or invasive biopsies.
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supplementary material available at https://doi.org/10.1007/s00259-
024-06922-4.

Acknowledgements We thank Laura Morf, Lukas Liithi, Karini
Ampalam, and Sakthivel Subramaniam from the research study team
for their excellent technical and administrative support.

@ Springer

Author contributions All authors contributed to the study’s concep-
tion and design. Raw material collection and data preparation were
performed by Benedikt Bernhard, Moritz Hundertmark, Adam Bakula,
Masaaki Nakase, Daijiro Tomii, Giulia Barbati, Stephan Dobner, Wal-
do Valenzuela, Axel Rominger, Federico Caobelli, George CM Siontis,
Jonas Lanz, Thomas Pilgrim, Stephan Windecker, Stefan Stortecky,
and Christoph Gréni. The analyses were conducted by Sebastian Bal-
zer, Giovanni Baj, and Isaac Shiri. Finally, all authors reviewed, com-
mented on, and approved the final manuscript.

Funding This work was supported by the Bangerter-Rhyner Founda-
tion grant, Pfizer grant, Astra Zeneca grant, and GAMBIT foundation
grant.

Open access funding provided by University of Bern

Data availability The datasets generated during and/or analyzed dur-
ing the current study are available from the corresponding author upon
reasonable request. All code and developed models are available in the
following GitHub repository: https://github.com/Al-in-Cardiovascu-
lar-Imaging/ML_pipeline_tabular.

Declarations

Informed consent Informed consent was obtained from all individual
participants included in the study.

Consent to participate All procedures performed in studies involving
human participants were in accordance with the ethical standard of
the institutional and/or national research committee and with the 1964
Helsinki Declaration and its later amendments or comparable ethical
standards. The study design was approved by the Bern cantonal eth-
ics committee (ClinicalTrials.gov: NCT04061213), conducted in ac-
cordance with the Declaration of Helsinki, and study participants pro-
vided written informed consent before any data collection.

Competing interest Dr. Bernhard reports a career development grant
from the Swiss National Science Foundation. Dr. Pilgrim reports re-
search grants to the institution from Biotronik, Boston Scientific and
Edwards Lifesciences; speaker fees from Biotronik, Boston Scientific,
Abbott, and Metronic; Clinical event committee for study sponsored by
HighLifeSAS. Dr. Federico Caobelli reports ongoing Grants supports
from Siemens Healthineers and from the University of Bern, as well as
speaker honoraria from Bracco AG, Siemens AG and Pfizer AG, all for
matters not related to the present study. Dr. Dobner reports a research
grant for the Bern amyloidosis registry (B-CARE) (NCT04776824)
and the ATTR Amyloidosis in Elderly Patients With Aortic Stenosis
study (NCT04061213) on behalf of Inselspital Bern from Pfizer, and
acknowledges speaker fees and travel grants unrelated to the submitted
work from Boehringer Ingelheim, Alnylam and Pfizer. Dr. Windecker
reports research, travel or educational grants to the institution from
Abbott, Abiomed, Amgen, Astra Zeneca, Bayer, Biotronik, Boehringer
Ingelheim, Boston Scientific, Bristol Myers Squibb, Cardinal Health,
CardioValve, Corflow Therapeutics, CSL Behring, Daiichi Sankyo,
Edwards Lifesciences, Guerbet, InfraRedx, Janssen-Cilag, Johnson &
Johnson, Medicure, Medtronic, Merck Sharp & Dohm, Miracor Medi-
cal, Novartis, Novo Nordisk, Organon, OrPha Suisse, Pfizer, Polares,
Regeneron, Sanofi-Aventis, Servier, Sinomed, Terumo, Vifor, V-Wave.
Dr. Windecker serves as advisory board member and/or member of
the steering/executive group of trials funded by Abbott, Abiomed, Am-
gen, Astra Zeneca, Bayer, Boston Scientific, Biotronik, Bristol Myers
Squibb, Edwards Lifesciences, Janssen, MedAlliance, Medtronic, No-
vartis, Polares, Recardio, Sinomed, Terumo, V-Wave and Xeltis with
payments to the institution but no personal payments. He is also mem-
ber of the steering/executive committee group of several investigator-


https://github.com/AI-in-Cardiovascular-Imaging/ML_pipeline_tabular
https://github.com/AI-in-Cardiovascular-Imaging/ML_pipeline_tabular
https://doi.org/10.1007/s00259-024-06922-4
https://doi.org/10.1007/s00259-024-06922-4

European Journal of Nuclear Medicine and Molecular Imaging (2025) 52:485-500

499

initiated trials that receive funding by industry without impact on his
personal remuneration. Dr. Stortecky reports research grants to the
institution from Edwards Lifesciences, Medtronic, Boston Scientific
and Abbott, as well as personal fees from Boston Scientific, Teleflex
and BTG. Dr. Gréni received research funding from the GAMBIT
foundation for this work. Dr. Stortecky reports research grants to the
institution from Edwards Lifesciences, Medtronic, Boston Scientific
and Abbott, as well as personal fees from Boston Scientific, Teleflex
and BTG. Dr. Gréni further received funding from the Swiss National
Science Foundation and Innosuisse, from the Center for Artificial In-
telligence in Medicine Research Project Fund University Bern, out-
side of the submitted work. Dr. Bakula reports speaker fees and travel
grants from Pfizer. Dr. Shiri reports speaker fees and travel grants from
Alnylam Pharmaceuticals. Dr. Rominger and Dr. Caobelli are editors
of European Journal of Nuclear Medicine and Molecular Imaging. All
other authors report no conflicts. The remaining authors have nothing
to disclose.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format,
as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indicate
if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons licence and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this licence, visit http://creativecommons.
org/licenses/by/4.0/.

References

1. Alwan L, Benz DC, Cuddy SAM, Dobner S, Shiri I, Caobelli
F, et al. Current and evolving Multimodality Cardiac Imaging
in managing transthyretin amyloid cardiomyopathy. JACC Car-
diovasc Imaging. 2024;17:195-211. https://doi.org/10.1016/;.
jemg.2023.10.010.

2. Pereyra Pietri M, Farina JM, Mahmoud AK, Scalia IG, Galasso F,
Killian ME, et al. The prognostic value of artificial intelligence to
predict cardiac amyloidosis in patients with severe aortic stenosis
undergoing transcatheter aortic valve replacement. Eur Heart J -
Digit Health. 2024. https://doi.org/10.1093/ehjdh/ztaec022.

3. Fabbri G, Serenelli M, Cantone A, Sanguettoli F, Rapezzi C.
Transthyretin amyloidosis in aortic stenosis: clinical and thera-
peutic implications. Eur Heart J Supplements. 2021;23:E128-32.
https://doi.org/10.1093/eurheartj/suab107.

4. Castaflo A, Narotsky DL, Hamid N, Khalique OK, Morgenstern
R, DeLuca A, et al. Unveiling transthyretin cardiac amyloidosis
and its predictors among elderly patients with severe aortic steno-
sis undergoing transcatheter aortic valve replacement. Eur Heart
J.2017;38:2879-87. https://doi.org/10.1093/eurheartj/ehx350.

5. Nitsche C, Scully PR, Patel KP, Kammerlander AA, Koschut-
nik M, Dona C, et al. Prevalence and outcomes of concomitant
aortic stenosis and Cardiac Amyloidosis. J Am Coll Cardiol.
2021;77:128-39. https://doi.org/10.1016/j.jacc.2020.11.006.

6. Ternacle J, Krapf L, Mohty D, Magne J, Nguyen A, Galat A, et
al. Aortic stenosis and Cardiac Amyloidosis: JACC Review topic
of the Week. J] Am Coll Cardiol. 2019;74:2638-51. https://doi.
org/10.1016/j.jacc.2019.09.056.

7. Abadie B, Ali AH, Martyn T, Higgins A, Krishnaswamy A,
Reed G, et al. Prevalence of ATTR-CA and high-risk fea-
tures to guide testing in patients referred for TAVR. Eur J Nucl

11.

12.

13.

15.

16.

17.

19.

20.

Med Mol Imaging. 2023;50:3910-6. https://doi.org/10.1007/
$00259-023-06374-2.

Garcia-Pavia P, Rapezzi C, Adler Y, Arad M, Basso C, Brucato
A, et al. Diagnosis and treatment of cardiac amyloidosis: a posi-
tion statement of the ESC Working Group on Myocardial and
Pericardial diseases. Eur Heart J. 2021;42:1554—68. https://doi.
org/10.1093/eurheartj/ehab072.

Kittleson MM, Maurer MS, Ambardekar AV, Bullock-Palmer RP,
Chang PP, Eisen HJ, et al. Cardiac amyloidosis: evolving diag-
nosis and management: a Scientific Statement from the Ameri-
can Heart Association. Circulation. 2020;142:¢7-22. https://doi.
org/10.1161/cir.0000000000000792.

Kittleson MM, Ruberg FL, Ambardekar AV, Brannagan TH,
Cheng RK, Clarke JO, et al. 2023 ACC Expert Consensus deci-
sion pathway on Comprehensive Multidisciplinary Care for
the patient with Cardiac Amyloidosis: a report of the American
College of Cardiology Solution Set Oversight Committee. J
Am Coll Cardiol. 2023;81:1076—126. https://doi.org/10.1016/j.
jacc.2022.11.022.

Rausch K, Scalia GM, Sato K, Edwards N, Lam AK-y, Platts DG,
Chan J. Left atrial strain imaging differentiates cardiac amyloi-
dosis and hypertensive heart disease. Int J Cardiovasc Imaging.
2021;37:81-90. https://doi.org/10.1007/s10554-020-01948-9.
Slivnick JA, Wallner AL, Vallakati A, Truong VT, Mazur W, Ela-
min MB, et al. Indexed left ventricular mass to QRS voltage ratio
is associated with heart failure hospitalizations in patients with
cardiac amyloidosis. Int J Cardiovasc Imaging. 2021;37:1043—
51. https://doi.org/10.1007/s10554-020-02059-1.

del Carmen Mallon Araujo M, Casas EAJ, Casas CAJ, Monzonis
MAM, Morell AR, Nufiez VP. Cardiac scintigraphy and echo-
cardiography assessment in the diagnosis of transthyretin cardiac
amyloidosis. Int J Cardiovasc Imaging. 2024;40:415-24. https://
doi.org/10.1007/s10554-023-02987-8.

Tingen HSA, Tubben A, van ’t Oever JH, Pastoor EM, van Zon
PPA, Nienhuis HLA, et al. Positron emission tomography in the
diagnosis and follow-up of transthyretin amyloid cardiomyopa-
thy patients: a systematic review. Eur J Nucl Med Mol Imaging.
2023;51:93-109. https://doi.org/10.1007/s00259-023-06381-3.
Navarro-Saez MC, Feijoo-Mass6 C, Bravo Ferrer ZdC, Oliva
Morera JC, Balado Gonzalez AM, Palau-Dominguez A, et
al. Trends in diagnosis of cardiac transthyretin amyloidosis:
3-year analysis of scintigraphic studies: prevalence of myocar-
dial uptake and its predictor factors. Int J Cardiovasc Imaging.
2023;39:1397-404. https://doi.org/10.1007/s10554-023-02840-y.
Geers J, Luchian M-L, Motoc A, De Winter J, Roosens B,
Bjerke M, et al. Prognostic value of left ventricular global con-
structive work in patients with cardiac amyloidosis. Int J Car-
diovasc Imaging. 2023;39:585-93. https://doi.org/10.1007/
$10554-022-02762-1.

Shen CP, Vanichsarn CT, Pandey AC, Billick K, Rubenson DS,
Mohan RC, et al. Wild type cardiac amyloidosis: is it time to order
a nuclear technetium pyrophosphate SPECT imaging study? Int
J Cardiovasc Imaging. 2023;39:201-8. https://doi.org/10.1007/
$10554-022-02692-y.

Coskun N, Kartal MO, Erdogan AS, Tufekcioglu O, Ozdemir
E. Tc-99m pyrophosphate scintigraphy for cardiac amyloido-
sis: concordance between planar and SPECT/CT imaging. Int J
Cardiovasc Imaging. 2022;38:2081-8. https://doi.org/10.1007/
$10554-022-02676-y.

Santarelli MF, Genovesi D, Positano V, Scipioni M, Vergaro G,
Favilli B, et al. Deep-learning-based cardiac amyloidosis classifi-
cation from early acquired pet images. Int J Cardiovasc Imaging.
2021;37:2327-35. https://doi.org/10.1007/s10554-021-02190-7.
Allegra A, Mirabile G, Tonacci A, Genovese S, Pioggia G,
Gangemi S. Machine learning approaches in diagnosis, prognosis

@ Springer


https://doi.org/10.1007/s00259-023-06374-2
https://doi.org/10.1007/s00259-023-06374-2
https://doi.org/10.1093/eurheartj/ehab072
https://doi.org/10.1093/eurheartj/ehab072
https://doi.org/10.1161/cir.0000000000000792
https://doi.org/10.1161/cir.0000000000000792
https://doi.org/10.1016/j.jacc.2022.11.022
https://doi.org/10.1016/j.jacc.2022.11.022
https://doi.org/10.1007/s10554-020-01948-9
https://doi.org/10.1007/s10554-020-02059-1
https://doi.org/10.1007/s10554-023-02987-8
https://doi.org/10.1007/s10554-023-02987-8
https://doi.org/10.1007/s00259-023-06381-3
https://doi.org/10.1007/s10554-023-02840-y
https://doi.org/10.1007/s10554-022-02762-1
https://doi.org/10.1007/s10554-022-02762-1
https://doi.org/10.1007/s10554-022-02692-y
https://doi.org/10.1007/s10554-022-02692-y
https://doi.org/10.1007/s10554-022-02676-y
https://doi.org/10.1007/s10554-022-02676-y
https://doi.org/10.1007/s10554-021-02190-7
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/j.jcmg.2023.10.010
https://doi.org/10.1016/j.jcmg.2023.10.010
https://doi.org/10.1093/ehjdh/ztae022
https://doi.org/10.1093/eurheartj/suab107
https://doi.org/10.1093/eurheartj/ehx350
https://doi.org/10.1016/j.jacc.2020.11.006
https://doi.org/10.1016/j.jacc.2019.09.056
https://doi.org/10.1016/j.jacc.2019.09.056

500

European Journal of Nuclear Medicine and Molecular Imaging (2025) 52:485-500

21.

22.

23.

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

and treatment selection of Cardiac Amyloidosis. Int J Mol Sci.
2023;24. https://doi.org/10.3390/ijms24065680.

Collins GS, Moons KGM, Dhiman P, Riley RD, Beam AL,
Van Calster B, et al. TRIPOD + Al statement: updated guidance
for reporting clinical prediction models that use regression or
machine learning methods. BMJ. 2024;385:¢078378. https://doi.
org/10.1136/bmj-2023-078378.

Dobner S, Pilgrim T, Hagemeyer D, Heg D, Lanz J, Reusser N,
et al. Amyloid transthyretin cardiomyopathy in Elderly patients
with aortic stenosis undergoing transcatheter aortic valve
implantation. J Am Heart Assoc. 2023;12:¢030271. https://doi.
org/10.1161/jaha.123.030271.

Bernhard B, Leib Z, Dobner S, Demirel C, Caobelli F, Rominger
A, et al. Routine 4D cardiac CT to identify concomitant trans-
thyretin amyloid cardiomyopathy in older adults with severe
aortic stenosis. Radiology. 2023;309:€230425. https://doi.
org/10.1148/radiol.230425.

Kappetein AP, Head SJ, Généreux P, Piazza N, van Mieghem NM,
Blackstone EH, et al. Updated standardized endpoint definitions
for transcatheter aortic valve implantation: the Valve Academic
Research Consortium-2 consensus document. J Am Coll Cardiol.
2012;60:1438-54. https://doi.org/10.1016/j.jacc.2012.09.001.
Whybra P, Zwanenburg A, Andrearczyk V, Schaer R, Apte AP,
Ayotte A, et al. The image Biomarker Standardization Initiative:
standardized Convolutional filters for reproducible Radiomics
and enhanced clinical insights. Radiology. 2024;310:e231319.
https://doi.org/10.1148/radiol.231319.

Zwanenburg A, Valliéres M, Abdalah MA, Aerts H, Andrearczyk
V, Apte A, et al. The image Biomarker Standardization Initia-
tive: standardized quantitative Radiomics for High-Throughput
Image-based phenotyping. Radiology. 2020;295:328-38. https://
doi.org/10.1148/radiol.2020191145.

van Griethuysen JJM, Fedorov A, Parmar C, Hosny A, Aucoin N,
Narayan V, et al. Computational Radiomics System to Decode the
Radiographic phenotype. Cancer Res. 2017;77:¢104-7. https://
doi.org/10.1158/0008-5472.Can-17-0339.

Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B,
Grisel O, et al. Scikit-learn: machine learning in Python. J Mach
Learn Res. 2011;12:2825-30.

Caobelli F, Gozliigdl N, Bakula A, Rominger A, Schepers R,
Stortecky S, et al. Prognostic value of [(99m)tc]Tc-DPD quan-
titative SPECT/CT in patients with suspected and confirmed
amyloid transthyretin-related cardiomyopathy and preserved left
ventricular function. J Nucl Med. 2024. https://doi.org/10.2967/
jnumed.123.266926.

Grini C. Early detection of subclinical cardiac amyloidosis: the
importance of increasing physician awareness and routine imag-
ing assessment. Int J Cardiovasc Imaging. 2024. https://doi.
org/10.1007/s10554-024-03148-1.

Grini C. Advancements in CT tissue characterization: myo-
cardial insights in aortic stenosis and amyloidosis. Circ Car-
diovasc Imaging. 2024;17:¢016898. https://doi.org/10.1161/
circimaging.124.016898.

Zhang J, Gajjala S, Agrawal P, Tison GH, Hallock LA, Beussink-
Nelson L, et al. Fully automated Echocardiogram Interpretation
in Clinical Practice. Circulation. 2018;138:1623-35. https://doi.
org/10.1161/circulationaha.118.034338.

Goto S, Mahara K, Beussink-Nelson L, Ikura H, Katsumata Y,
Endo J, et al. Artificial intelligence-enabled fully automated
detection of cardiac amyloidosis using electrocardiograms and
echocardiograms. Nat Commun. 2021;12:2726. https://doi.
org/10.1038/s41467-021-22877-8.

HudaA, Castafio A, Niyogi A, Schumacher J, Stewart M, Bruno M,
et al. A machine learning model for identifying patients at risk for
wild-type transthyretin amyloid cardiomyopathy. Nat Commun.
2021;12:2725. https://doi.org/10.1038/s41467-021-22876-9.

@ Springer

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

Siontis GC, Tzoulaki I, Castaldi PJ, Ioannidis JP. External valida-
tion of new risk prediction models is infrequent and reveals worse
prognostic discrimination. J Clin Epidemiol. 2015;68:25-34.
https://doi.org/10.1016/j.jclinepi.2014.09.007.

Halme HL, Thalainen T, Suomalainen O, Loimaala A, Mitzke S,
Uusitalo V, et al. Convolutional neural networks for detection of
transthyretin amyloidosis in 2D scintigraphy images. EJNMMI
Res. 2022;12:27. https://doi.org/10.1186/s13550-022-00897-9.
Delbarre MA, Girardon F, Roquette L, Blanc-Durand P, Hubaut
MA, Hachulla E, et al. Deep learning on bone scintigraphy to
detect abnormal Cardiac Uptake at Risk of Cardiac Amyloido-
sis. JACC Cardiovasc Imaging. 2023;16:1085-95. https://doi.
org/10.1016/j.jcmg.2023.01.014.

Martini N, Aimo A, Barison A, Della Latta D, Vergaro G, Aquaro
GD, et al. Deep learning to diagnose cardiac amyloidosis from
cardiovascular magnetic resonance. J Cardiovasc Magn Reson.
2020;22:84. https://doi.org/10.1186/512968-020-00690-4.
Agibetov A, Kammerlander A, Duca F, Nitsche C, Koschutnik
M, Dona C, et al. Convolutional neural networks for fully auto-
mated diagnosis of Cardiac Amyloidosis by Cardiac magnetic
resonance imaging. J Pers Med. 2021;11. https://doi.org/10.3390/
jpm11121268.

Lo Iacono F, Maragna R, Pontone G, Corino VDA. A robust
radiomic-based machine learning approach to detect cardiac
amyloidosis using cardiac computed tomography. Front Radiol.
2023;3:1193046. https://doi.org/10.3389/fradi.2023.1193046.

Lo Iacono F, Maragna R, Guglielmo M, Chiesa M, Fusini L,
Annoni A, et al. Identification of subclinical cardiac amyloidosis
in aortic stenosis patients undergoing transaortic valve replace-
ment using radiomic analysis of computed tomography myo-
cardial texture. J Cardiovasc Comput Tomogr. 2023;17:286-8.
https://doi.org/10.1016/j.jcct.2023.04.002.

Gonzalez-Lopez E, Gallego-Delgado M, Guzzo-Merello G, de
Haro-Del Moral FJ, Cobo-Marcos M, Robles C, et al. Wild-type
transthyretin amyloidosis as a cause of heart failure with pre-
served ejection fraction. Eur Heart J. 2015;36:2585-94. https://
doi.org/10.1093/eurheartj/ehv338.

Muller SA, Achten A, van der Meer MG, Zwetsloot PP, Sand-
ers-van Wijk S, van der Harst P, et al. Absence of an increased
wall thickness does not rule out cardiac amyloidosis. Amyloid.
2024;1-3. https://doi.org/10.1080/13506129.2024.2348681.
Donuru A, Araki T, Dako F, Dave JK, Perez RP, Xu D, et al.
Photon-counting detector CT allows significant reduction in
radiation dose while maintaining image quality and noise on non-
contrast chest CT. Eur J Radiol Open. 2023;11:100538. https://
doi.org/10.1016/j.ejr0.2023.100538.

Otto CM, Nishimura RA, Bonow RO, Carabello BA, Erwin JP
3rd, Gentile F, et al. 2020 ACC/AHA Guideline for the manage-
ment of patients with Valvular Heart Disease: executive sum-
mary: a report of the American College of Cardiology/American
Heart Association Joint Committee on Clinical Practice guide-
lines. Circulation. 2021;143:e35-71. https://doi.org/10.1161/
¢ir.0000000000000932.

Spielvogel CP, Haberl D, Mascherbauer K, Ning J, Kluge K,
Traub-Weidinger T, et al. Diagnosis and prognosis of abnor-
mal cardiac scintigraphy uptake suggestive of cardiac amyloi-
dosis using artificial intelligence: a retrospective, international,
multicentre, cross-tracer development and validation study.
Lancet Digit Health. 2024;6:¢251-60. https://doi.org/10.1016/
$2589-7500(23)00265-0.

Publisher’s note Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.


https://doi.org/10.1016/j.jclinepi.2014.09.007
https://doi.org/10.1186/s13550-022-00897-9
https://doi.org/10.1016/j.jcmg.2023.01.014
https://doi.org/10.1016/j.jcmg.2023.01.014
https://doi.org/10.1186/s12968-020-00690-4
https://doi.org/10.3390/jpm11121268
https://doi.org/10.3390/jpm11121268
https://doi.org/10.3389/fradi.2023.1193046
https://doi.org/10.1016/j.jcct.2023.04.002
https://doi.org/10.1093/eurheartj/ehv338
https://doi.org/10.1093/eurheartj/ehv338
https://doi.org/10.1080/13506129.2024.2348681
https://doi.org/10.1016/j.ejro.2023.100538
https://doi.org/10.1016/j.ejro.2023.100538
https://doi.org/10.1161/cir.0000000000000932
https://doi.org/10.1161/cir.0000000000000932
https://doi.org/10.1016/s2589-7500(23)00265-0
https://doi.org/10.1016/s2589-7500(23)00265-0
https://doi.org/10.3390/ijms24065680
https://doi.org/10.1136/bmj-2023-078378
https://doi.org/10.1136/bmj-2023-078378
https://doi.org/10.1161/jaha.123.030271
https://doi.org/10.1161/jaha.123.030271
https://doi.org/10.1148/radiol.230425
https://doi.org/10.1148/radiol.230425
https://doi.org/10.1016/j.jacc.2012.09.001
https://doi.org/10.1148/radiol.231319
https://doi.org/10.1148/radiol.2020191145
https://doi.org/10.1148/radiol.2020191145
https://doi.org/10.1158/0008-5472.Can-17-0339
https://doi.org/10.1158/0008-5472.Can-17-0339
https://doi.org/10.2967/jnumed.123.266926
https://doi.org/10.2967/jnumed.123.266926
https://doi.org/10.1007/s10554-024-03148-1
https://doi.org/10.1007/s10554-024-03148-1
https://doi.org/10.1161/circimaging.124.016898
https://doi.org/10.1161/circimaging.124.016898
https://doi.org/10.1161/circulationaha.118.034338
https://doi.org/10.1161/circulationaha.118.034338
https://doi.org/10.1038/s41467-021-22877-8
https://doi.org/10.1038/s41467-021-22877-8
https://doi.org/10.1038/s41467-021-22876-9

	﻿Multi-modality artificial intelligence-based transthyretin amyloid cardiomyopathy detection in patients with severe aortic stenosis
	﻿Abstract
	﻿Introduction
	﻿Materials and methods
	﻿Study design and population
	﻿ATTR-CM diagnosis
	﻿Data preparation and image processing
	﻿Machine-learning algorithm
	﻿Parameters and hyperparameters optimization
	﻿Evaluation and statistics

	﻿Results
	﻿Study population
	﻿Diagnostic performance
	﻿Diagnostic performance of conventional first-line diagnostic tests
	﻿Diagnostic performance of the CT radiomics
	﻿Diagnostic performance of the CT strain
	﻿Diagnostic performance of invasive modalities
	﻿Diagnostic performance of the multi-modality
	﻿The best model and modality for identifying ATTR-CM in patients with severe AS
	﻿ROC and heatmap plots in different models and modalities
	﻿Interpretability in top models
	﻿Prognostication information of diagnostic features

	﻿Discussion
	﻿Conclusion
	﻿References


