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Abstract

:

Automated image analysis plays an increasing role in radiology in detecting and quantifying image features outside of the perception of human eyes. Common AI-based approaches address a single medical problem, although patients often present with multiple interacting, frequently subclinical medical conditions. A holistic imaging diagnostics tool based on artificial intelligence (AI) has the potential of providing an overview of multi-system comorbidities within a single workflow. An interdisciplinary, multicentric team of medical experts and computer scientists designed a pipeline, comprising AI-based tools for the automated detection, quantification and characterization of the most common pulmonary, metabolic, cardiovascular and musculoskeletal comorbidities in chest computed tomography (CT). To provide a comprehensive evaluation of each patient, a multidimensional workflow was established with algorithms operating synchronously on a decentralized Joined Imaging Platform (JIP). The results of each patient are transferred to a dedicated database and summarized as a structured report with reference to available reference values and annotated sample images of detected pathologies. Hence, this tool allows for the comprehensive, large-scale analysis of imaging-biomarkers of comorbidities in chest CT, first in science and then in clinical routine. Moreover, this tool accommodates the quantitative analysis and classification of each pathology, providing integral diagnostic and prognostic value, and subsequently leading to improved preventive patient care and further possibilities for future studies.
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1. Introduction


Each patient is a complex individual with different, subtle and often specialty-overlapping medical conditions, or even hitherto unrevealed subclinical comorbidities frequently associated with one another [1,2].



The WHO constitutes obesity as the largest global chronic health problem in adults worldwide, with 21.5% of men and 24.5% of women of the European population affected, oftentimes resulting in a complex systemic metabolic syndrome [3]. The Framingham Heart Study has shown that cardiovascular diseases, which are known to be associated with metabolic syndrome are the leading causes of death globally [4].



Smoking is one of the most important risk factors for COPD (Chronic obstructive pulmonary disease) affecting about 10.2–26.1% of the population, leading to progressive lung parenchyma destruction. Hence, it is the third leading cause of death worldwide [5,6]. Additionally, approximately 51% of smokers above the age of 50 have intrapulmonary nodules [7]. These incidental findings carry the risk of malignancy classified under the Fleischner and LungRADS criteria, based on nodule size and density [8]. Moreover, systemic bone mineral density (BMD) loss, osteopenia and osteoporosis, show strong associations with COPD and affect about 500 mio. People worldwide, oftentimes leading to lifelong physical disability caused by spontaneous fractures and further worsening outcomes in combination with coexisting comorbidities [9,10].



A computed tomography (CT) scan of the ’hest Is usually acquired for specific diagnostic indications, e.g., suspicion of a pulmonary nodule, with focused reporting. Nevertheless, the images contain information beyond these tasks, such as the cardiovascular system, metabolic disorders and musculoskeletal pathologies. A holistic report may synthesize these findings connected to otherwise neglected comorbidities together with available clinical data to perform a sufficient comprehensive risk assessment (often termed ‘opportunistic screening’) [11,12]. In particular, secondary diagnoses and comorbidities play a significant role in overall prognosis and disease management of multiple conditions, and may further be used for preventive medicine and life-style interventions [1,2,13,14,15,16,17,18].



Although the importance of comorbidities is well known, one of the key difficulties is detecting and quantifying these comorbidities on imaging, because subtle manifestations are oftentimes beyond discriminatory capabilities of the human visual system. Moreover, subjective visual image reading is inherently qualitative, while a risk assessment, e.g., of bone mineral density or in evaluation of coronary calcification is based on quantitative data [19,20]. Precise quantification may require specific imaging preconditions, multiple, time-consuming measurements and sometimes additional image postprocessing software for each item.



Studies have shown the advanced abilities of automated artificial intelligence (AI)-based imaging analysis in Radiology, especially for two reasons: complex image analyses can be performed user-independently within second-short timeframes and were shown to perform up to 11.5% percent better than radiologists, e.g., in breast cancer prediction with an AUC of 0.889 (95% CI 0.871, 0.907; n = 25,856 patients) [21,22,23,24]. Similar to increasing sub-specialization in medicine, available computer-based image analysis tools are focused on specified tasks, e.g., typically “emphysema”, “pulmonary embolism”, “nodule”, “aortic dissection” or more recently, “COVID-19 pneumonia” giving a precise answer to each question in disregard of coexisting pathologies [25,26,27,28,29].



To facilitate large-scale studies of imaging biomarkers of comorbidities, and to provide a holistic overview of an individual, the aim of the Comorbidome study was to create a multidimensional AI-based tool with synchronized automated detection and quantification of the most common pulmonary, metabolic, cardio-vascular and musculoskeletal comorbidities in chest CT scans. Moreover, the AI workflow includes an automated summery of the results in a structured report with reference to normal values including guideline-based recommendations for treatment, additional diagnostic work-/or follow-up, as well as sample images of detected pathologies. The following report is intended to display the concept of our prototype software and contains work in progress with anticipation of additional detailed evaluation and validation of each algorithm.




2. Materials and Methods


2.1. Team


For Comorbidome a multidisciplinary, translational team of radiologists, computer scientists, physicists, mathematicians and radiographers from the University Hospital Heidelberg (UKHD), the Thoraxklinik Heidelberg, the German Cancer Research Center (DKFZ) and Translational Lung Research Center (TLRC) at the German Center for Lung Research (DZL) combined expertise in each field with the aim to build a subspecialty-spanning AI-tool for analyzing comorbidities on chest CT and to implement the technical interface, infrastructure and process pipeline for clinical routine and further scientific projects.




2.2. Training Data


This multicentric study was conducted in accordance with the Declaration of Helsinki, and approved by the Institutional Review Board of the Heidelberg medical faculty (S-937/2020). A total of >10,000 CT datasets and corresponding data from the clinical documentation system were available for five years retrospectively (1 January 2016–31 December 2020). Varying acquisition parameter resulting from different clinical indications on seven different CT scanners at the University Hospital Heidelberg and Thoraxklinik Heidelberg ensured a heterogeneous training dataset.




2.3. Algorithm Training


For some tasks, deep learning models were pre-trained on publicly available datasets and optimized for their subsequent use. Otherwise, models were newly trained on selected clinical CT datasets from UKHD. Therefore, ground truth segmentations were created manually and semi-automatically by experienced radiologists. Labelling all required regions of interest in CT-image data was performed using the medical imaging interaction toolkit (MITK, 2 April 2018, DKFZ) [30]. This training-process was supported in some cases by pre-segmentations from clinically available software tools (syngo.via, VB60A_HF02, Siemens Healthineers, Erlangen; IntelliSpace Portal, 12.1.2.11402, Philips, Amsterdam; YACTA v2.9.3.7. by Oliver Weinheimer) [31,32,33,34,35,36]. Thereafter, further Digital Imaging and Communications in Medicine (DICOM) data were analyzed by the trained models and results were revised and corrected by experienced radiologists. The corrected segmentations were then used for algorithm re-training to obtain optimized task specific models. All deep segmentation models were trained using nnU-Net which is the first fully automated neural network configuration, optimization and training framework for biomedical image segmentation [37,38]. It offers 2D, 3D and multi-stage 3D Cascaded U-Net-based convolutional-deconvolution neural network architectures. Specifically, it employs skip connections, strided and transposed convolutions for down- and up-sampling, instance normalization and LeakyRELU in each block, additional deep supervision, stochastic gradient descent optimization and a sum of cross-entropy and Dice loss as a loss function. In its core, nnU-Net uniquely introduces a self-configuration framework for data pre-processing, network architecture setup, model training, segmentation postprocessing and optimized model selection for any task, thereby even surpassing most handcrafted approaches for supervised segmentation model training. Its generic design enables state-of-the-art performance for biomedical image segmentation, without employing manual intervention.



As a part of this, preprocessing of image data was determined and applied automatically. For CT data as encountered in the presented settings, the image data undergo a clipping to [0.5, 99.5] percentiles of image intensities as encountered in the segmented regions of the underlying training set, and a z-score normalization based on mean and standard deviation of all intensities. Furthermore, all patients are resampled to the median voxel spacing of the underlying dataset based on third order spline interpolation. Input patches are augmented using random rotations, scaling, elastic deformations, gamma correction and mirroring by default.



Based on this, each subgroup with expertise in a certain specialty independently addressed specific clinical and technical tasks, as detailed subsequently.



2.3.1. Adipose Tissue and Metabolic Imaging


The composition of visceral and subcutaneous abdominal adipose tissue as a risk factor for cardiovascular events and a metabolic marker in cancer has been quantified together with hepatic steatosis [3,39,40,41]. Previous approaches have performed automated segmentation of abdominal body composition based on thresholding and region growing, in conjunction with probabilistic filtering of intensities and with active contours to increase robustness [42,43]. Recent approaches have proposed modern data-driven approaches based on trained 2D- and 3D-CNNs [44,45]. In our setting, to benefit from the performance of a well-optimized encoder-decoder architecture while reducing manual annotation effort, a nnU-Net based algorithm was trained to automatically segment body compartments in a 2D slice at the lumbar spine level of L2/L3. For training, 2D slices were extracted from in-house CT volumes of 25 selected patients at UKHD, at slightly varying L2/L3 lumbar spine levels in order to reflect expected slice detection and extraction variabilities during inference. Ground truth annotations were provided by an expert radiologist, using a threshold-based pre-segmentation followed by correction via manual delineation. The fat area within a compartment was measured after post-processing with a binary threshold filter for fat (−190 HU to −30 HU). Population-based reference values for comparison were depicted from the analysis of the Framingham Heart Study [46]. Liver fat content measurement was performed using an automated, ball-shaped region of interest in the right liver lobe in unenhanced CT images. Automated placement depends on correct lung segmentation. Currently, an algorithm from Irlbeck et al. is used for this purpose [46]. Reference values for grading steatosis were taken from (Table 1) [47].




2.3.2. Cardiovascular Comorbidities


For cardiovascular risk stratification, the identification, quantification, density assessment and scoring of coronary artery and aortic calcifications were implemented for both non-contrast and contrast-enhanced CT scans of chest and abdomen (Table 1) [4,48,49,50,51]. Quantification includes computation of the well-validated Agatston Score [4,48,52,53]. Previous works have addressed automated segmentation and quantification of calcification using various machine learning approaches, ranging from random forests [54,55] to single-stage and multi-stage deep learning approaches [56,57]. For the sake of potentially increased robustness from a multi-stage approach, a two step-based, supervised nnU-Net training was performed, aiming for accurate artery calcium detection separated by vascular compartments. Subsequently, calcium segmentation, a labeling segmentation prevented false positive findings caused by adjacent bone or dense foreign material, such as intravascular catheters.




2.3.3. Pulmonal Parenchyma Abnormalities


A previously well-validated, in-inhouse developed software YACTA (Yet Another CT Analyzer) has been integrated into the workflow for profound multidimensional analysis of lung density, emphysema, large and small airway disease (Table 1) [31,32,33,34,37,58,59,60,61].




2.3.4. Pulmonary Nodules


Building upon previous efforts of computational algorithms for pulmonary nodule detection, [62] a state-of-the-art deep-learning-based approach for lung nodule detection was adapted and integrated (nnDetection) [38,63,64]. Analogously to nnU-Net, this approach aims at generic high-performance for medical detection tasks, by automating design choices and training optimizations based on dataset properties and built-in heuristics. Competitiveness was proven in the LUNA16 (Lung Nodule Analysis 2016) nodule detection challenge, where nnDetection outperformed almost all other state-of-the-art approaches [65,66,67,68]. The method was trained on 1035 CTs from the LIDC (Lung Image Database Consortium) dataset [69], using an assembling from subsets in a 5-fold cross validation. Automated measurement of each nodule was performed providing risk classification by probability and LungRADS (Lung CT Screening Reporting & Data System) (Table 1) [70,71]. The nnDetection is a self-configuring medical object detection method which was developed and validated on a pool of 10 datasets including focal pathologies such as lung nodules, rib fractures and aneurysms. Using fixed, rule-based and empirical parameters, it adapts itself to new datasets without manual intervention. Resulting models were ensembled during inference. In order to extract volume measurements complementing the bounding box-based diameter measurements, a segmentation output was additionally derived from nnDetection.




2.3.5. Osteoporosis


Modern approaches for automated vertebra segmentation have been proposed that strongly rely on CNN-based deep learning approaches. U-Net-architectures were employed early on [72], followed by more complex multi-stage approaches that have shown to be advantageous [73,74,75]. A two-step deep learning approach was implemented which first performs a labeling of the individual vertebral bodies and then extracts the trabecular bone for measurements of BMD. The corresponding training for vertebral body segmentation was performed on 374 multidetector, multi-site, publicly available CT spine dataset from the VerSe (vertebrae segmentation) challenges 2019 and 2020. The cortical and trabecular bone extraction model was trained on manually refined segmentations of an in-house dataset, based on pre-segmentations derived by the vertebral body segmentation model [37,76]. The measured densities in trabecular bone are converted to BMD based on in-house acquired, phantom based standard reference values, allowing for T-score evaluation and thereby providing a comparability to the clinical gold standard.





2.4. Technical Set-Up


The Joint Imaging Platform (JIP) served as the technical basis for this project. The JIP was designed and created as a joint DKFZ-DKTK (Deutsches Konsortium für Translationale Krebsforschung) cooperation and is based on the Kaapana open-source toolkit [77]. In previous efforts, this technical design had been installed and established at several medical institutions nationwide, providing a uniform platform for developing advanced medical imaging analysis [21,22,27]. Kaapana incorporates several core components, including dcm4chee, Elasticsearch and Kibana for storing, searching and visualizing DICOM data; Kubernetes and Docker for handling containers, Airflow for workflow management and Keycloak for user authentication. The current, deployed Kaapana version is v0.1.3 [77].



The in-house developed and established data transfer software ADiT (Automated DICOM Transfer) ensures a dynamic and continuous, interactive data exchange between the picture archiving and communications systems (PACS) and the JIP and thereby provides the possibility for a data analysis from a multicenter clinical workflow [78]. Additionally, open-source data were used where accessible.
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Table 1. Biomarkers of comorbidities for comprehensive quantitative and qualitative analysis of chest CT.
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	Comorbidity
	Parameter





	Adipose tissue and metabolism
	
	−

	
Visceral fat area (VFA)




	−

	
Subcutaneous fat area (SFA)




	−

	
Intermuscular fat area (IMAT)




	−

	
Liver attenuation




	−

	
Liver fat content




	−

	
Fat areas (cm2) [46]




	−

	
Liver fat content (HU) [47,79]




	−

	
Grading steatosis [79]









	Cardiovascular
	
	−

	
Coronary artery calcium (CAC)




	−

	
Thoracic aortic calcium (TAC)




	−

	
Abdominal aortic calcium (AAC)




	−

	
Coronary artery Calcium Scoring (Agatston method) [49,52,53,80,81,82,83]









	Pulmonary parenchyma and COPD
	
	−

	
Wall Percentage (%) [32]




	−

	
AWTPi10 (cm) [84]




	−

	
Lung Volume (cm3) [85]




	−

	
MLD (HU) [85]




	−

	
COPD phenotyping (PRM %) [58]




	−

	
Emphysema index (%) [85]




	−

	
Bronchiectasis index (%) [59]




	−

	
Ground glass opacity Index (%) [86]




	−

	
Fibrosis index (%) [86]









	Pulmonary nodule
	
	−

	
Number




	−

	
Volume (mm3)




	−

	
Diameter (x, y, z)




	−

	
Probability (%)




	−

	
LungRADS [87]









	Osteoporosis
	
	−

	
Mean density (HU)




	−

	
Hydroxyapatite in trabecular bone (mg/cm3)




	−

	
Bone mineral density (t-score) [88,89,90,91]
















3. Results


A multidimensional workflow combines different algorithms for a synchronized assessment of the different comorbidities on the JIP server. An automatically assembled structured report then comprises all findings including the quantitative results and displays image thumbnails of detected pathologies.



3.1. Workflow


Each algorithm consists of multiple docker containers with connected input and output folders that are integrated in the JIP (Figure 1a) [77]. The containers reflect the subparts of each underlying algorithm pipeline and have been built for the analytical steps in our project, comprising data conversion, preprocessing, segmentation, detection, postprocessing, parameter and feature extraction, result conversion, visualization and automated radiological report generation. Containers are organized in directed acyclic graph structures (DAG) to form predefined workflows, which are run by the workflow automation component of the JIP (JIP Flow). Based on Airflow, the infrastructure allows concurrent execution of different algorithms on incoming datasets while scaling with underlying hardware, thus being capable of analyzing various patients and comorbidities simultaneously (Figure 1b). Furthermore, possibilities for ongoing algorithm development and prospective integration of additional AI-solutions are provided by the platform.




3.2. Output


All findings resulting from the automated assessment are displayed in a structured “hAIco” (Heidelberg AI-based detection of Comorbidities) report (Figures S1 and S2). Along with the detailed quantitative information on findings, the report includes reference values if available and recommendations for additional diagnostic workup. According to the significance, findings are labelled by colors which is intended to support an intuitive report for physicians and patients. Findings with measured values beyond normal are marked in red. Green labelled results are within range. Values in between these two categories are marked yellow. Cross-sectional images are attached at the end of each report with demonstration of the organ segmentations and measurements, as well as highlighting the pathologic findings (Figure 2 and Figure 3) and the online supplementary material demonstrates the results of the comorbidity analysis of chest CT scans of two patients.



3.2.1. Example No. 1 ‘TAVI Patient’


The algorithm-based, automated analysis of a contrast-enhanced thoraco-abdominal CT scan from a 75-year-old male patient, for the feasibility assessment of a Transcatheter Aortic Valve Implantation (TAVI) showed abnormal values of VFA, an indication for nutrition adjustment (Figure 2, Table 2, Figure S1: TAVI Patient). In addition to elevated TAG and AAC levels, a high artery calcium deposition was scored with the Agatson method at >300, recommending a high-intensity statin therapy [53,81,82,92]. Furthermore, an incidental pulmonary nodule was detected and classified as Lung-RADS grade 2, suggesting follow-up in 12 months with CT [87]. Bone mineral density acquisition showed pathologically reduced t-scores in need for additional diagnostic workup [19].




3.2.2. Example No. 2 ‘COPD Patient’


The automated evaluation of an un-enhanced chest CT scan from a 66-year-old male patient for the diagnostic workup of chronic lung disease quantified moderate parenchymal lung changes with mild signs of Emphysema, COPD and bronchial wall thickening (Figure 3, Table 3, Figure S2: COPD Patient). Additionally, this patient demonstrated an intermediate level of hepatic steatosis hepatis with an otherwise average body fat distribution. With an Agatson score >200 of CAC, this patient is expected to have a high risk of cardiac events. Hence, statin therapy is highly recommended [53,81,82,92]. BMD was significantly reduced with t-scores at osteoporotic level in need of diagnostic workup [19].






4. Discussion


With the Comorbidome project, we aim to combine several algorithms to assess the most important comorbidities of diseases of the chest in a single, multidimensional diagnostic workflow. We hereby want to provide a comprehensive tool for opportunistic screening for the most prevalent common diseases captured by routine chest CT with and without contrast media. From the individual perspective, detection of subclinical conditions at asymptomatic stages may offer the possibility of intervention by lifestyle-adaptation or early therapy. On the other hand, urgent findings can be indicated, e.g., coronary artery disease, based on accurate quantification and classification. By analyzing the individual constellation of different comorbidities and by providing recommendations a more comprehensive medical picture of each patient is achieved, contributing to individualized therapeutic management.



In addition to the clinical aspects, this comprehensive approach offers new scientific possibilities in evaluating still unknown correlations of different comorbidities. For example, it has been shown that Osteoporosis is a significant factor for outcome prognosis in atherosclerosis, although the cause of this relation is still unknown and may be addressed by this tool in future [93,94,95]. This technical development may further support the attempt to explain the correlation of osteopenia, fracture risk and sarcopenia, which is diversely discussed in latest studies [96,97,98]. Overall, this infrastructure provides new opportunities, not mere interpretation of single studies, for receiving a holistic picture in epidemiologic large-scale studies, supporting the evaluation of the cause and consequences of the correlations of several diseases, including, e.g., gender, race, economic status and population sub-cohorts.



Since this technical development provides a unique possibility to go beyond evaluation of single diseases, it opens doors for re-evaluation of pre-existing data in a more holistic context. Hence, previously acquired CT images from former studies such as the COSYCONET study with COPD patients or the lung cancer screening study LUSI (Lung cancer Screening Intervention) are planned to undergo additional, retrospective image assessment to re-evaluate the existing data for image signs of as-yet undiagnosed, coexisting, subclinical conditions [99,100,101,102].



Extraction of radiomic image features beyond the scope of the human eye is expected to be another target for future projects. Different radiomic features can already be evaluated by the tool, building upon previous efforts from PyRadiomics [103]. Hereby, the infrastructure allows for AI-based large-scale image analysis of ill-defying radiomic features.



Recently, there have been similar efforts to provide an all-in-one AI-approach [104,105,106,107]. One example is AI-Rad Companion (Siemens Healthineers, Erlangen), an official medical product workflow solution interpreting CT thorax images [108]. Since the software is commercially available, every disease section has to be bought individually and the assessment is limited to ≤2 mm CT slice thickness. The company is constantly improving the algorithms and extending the addressed tasks, but it may not be extended by the customer themselves. Additionally, although the software provides a report of the findings, grading, risk assessment and therapy recommendations are not provided. Nevertheless, the costumer has the opportunity to purchase additional deep learning algorithms for specific regions of interests in MR and conventional X-ray, which our approach does not offer.



Another promising approach has been recently published by Pickhardt et al. at the RSNA (Radiological Society of North America) conference 2021 with an automated opportunistic screening possibility for cardiometabolic body composition biomarkers in CT abdomen [109]. Comparable to ours, the automated image assessment includes body tissue composition, osteoporosis and aortic calcium scoring. On the one hand, as expected, pulmonary evaluation is not targeted. On the other hand, osteoporosis detection already includes fracture evaluation. In addition to many parallels, a fusion of both tools with each implementing the more advanced algorithm could be achieved based on our developed workflow, since the technical infrastructure allows for the extension and up-scaling of additional and advanced algorithms, thereby enabling a persistent, dynamic improvement of the tool.



Here, a possible integration of healthcare data from digital documentation may be one of the future targets. As a perspective for the osteoporosis evaluation tool, it is planned to extend the network to a broader diagnostic assessment tool adding vertebra volume measurements, fracture grading, microarchitecture analysis and finally combining this information with the CT-based, automated BMD measurements. Additional extraction, validation and implementation of as-yet unidentified imaging biomarkers may also be targeted. Development of specified algorithms for lung parenchyma analysis concerning fibrotic changes are going to be future objectives as well as the identification of subtle imaging characteristics and biomarkers of malignancy risk prediction of pulmonary nodules. These characteristics are expected to have a significant diagnostic and prognostic value driving forward diagnosis at asymptomatic stage and consequently offering the opportunity for early therapy, potentially preventing disease manifestation. This development is expected to provide a profound clinical and scientific basis for improving patient care, risk assessment and disease therapy.




5. Conclusions


In Comorbidome, we aimed to develop an integral AI approach with the simultaneous automated detection, quantification and subsequent risk-classification of the most common pulmonary, metabolic, cardiovascular and musculoskeletal comorbidities in chest CT imaging. Generating an automated, holistic structured report allows a comprehensive overview of the complex medical situation of an individual patient in a preventive approach.



Moreover, this multidimensional tool provides an infrastructure to prospectively perform large-scale demographic studies on comorbidities of diseases of the chest, thereby contributing to sustainable improvement of patient care.








Supplementary Materials


The following supporting information can be downloaded at: https://www.mdpi.com/article/10.3390/healthcare10112166/s1, Figure S1: TAVI Patient; Figure S2: COPD Patient. References [46,63,79,85,110,111] are cited in the supplementary materials.





Author Contributions


Conceptualization, V.P., T.N. (Tobias Norajitra), O.v.S., C.P.H., H.-U.K. and M.O.W.; Data curation, V.P., S.S., A.K., S.D.A., E.T., K.E., T.N. (Tobias Nonnenmacher), O.N. and A.B.; Formal analysis, T.N. (Tobias Norajitra), S.S., O.W., T.K., E.T., K.E., T.N. (Tobias Nonnenmacher), O.N., J.R., A.B. and J.K.; Funding acquisition, O.v.S. and H.-U.K.; Investigation, O.v.S., C.P.H., F.R., H.-U.K. and M.O.W.; Methodology, C.P.H., S.D.A., M.B., D.B., J.S., K.K., H.G., P.J., M.N., J.N., J.R., J.K., K.S., M.D., K.M.-H. and M.O.W.; Project administration, V.P., T.N. (Tobias Norajitra), O.v.S., C.P.H., H.-U.K., K.M.-H. and M.O.W.; Resources, O.W. and K.M.-H.; Software, T.N. (Tobias Norajitra), O.W., T.K., A.K., S.D.A., T.N. (Tobias Nonnenmacher), K.S. and M.D.; Supervision, V.P., T.N. (Tobias Norajitra), C.P.H., F.R. and H.-U.K.; Validation, S.S., T.K., A.K., E.T. and K.E.; Visualization, S.S., O.W. and S.D.A.; Writing—original draft, V.P. and M.O.W.; Writing—review & editing, T.N. (Tobias Norajitra), O.v.S., S.S., O.W., T.K., S.D.A., E.T., T.N. (Tobias Nonnenmacher), O.N., F.R., M.D. and M.O.W. All authors have made substantial contributions to the conception or design of the work, or acquisition, analysis, or interpretation of data, or have drafted the work and substantively revised it. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by the State Ministry of Baden-Wuerttemberg for Sciences, Research and Arts, Germany grant number 32-5400/58/3. Additionally, for the publication fee we acknowledge financial support by Deutsche Forschungsgemeinschaft within the funding programme „Open Access Publikationskosten“ as well as by Heidelberg University.




Institutional Review Board Statement


The study was conducted in accordance with the Declaration of Helsinki, and approved by the Institutional Review Board of the Heidelberg medical faculty (S-937/2020).




Informed Consent Statement


Patient consent was waived due to retrospective nature of this study.




Data Availability Statement


The datasets generated during and/or analyzed during the current study are available from the corresponding author on reasonable request.




Acknowledgments


We thank Linn Welzel for helping with the initial segmentations of body fat compartments.




Conflicts of Interest


Stephan Skornitzke and Viktoria Palm have ownership interests in investment funds containing stock of healthcare companies. Fabian Rengier is, at the time of submission, employee of Bayer Vital GmbH, Germany, but the work presented herein dates to his previous employment at Heidelberg University Hospital. Otherwise, the authors of this manuscript declare no conflict of interest. The funders had no role in the design of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript; or in the decision to publish the results.




References


	



Khan, M.S.; Samman Tahhan, A.; Vaduganathan, M.; Greene, S.J.; Alrohaibani, A.; Anker, S.D.; Vardeny, O.; Fonarow, G.C.; Butler, J. Trends in Prevalence of Comorbidities in Heart Failure Clinical Trials. Eur. J. Heart Fail. 2020, 22, 1032–1042. [Google Scholar] [CrossRef] [PubMed]

	



Kopf, S.; Groener, J.B.; Kender, Z.; Fleming, T.; Brune, M.; Riedinger, C.; Volk, N.; Herpel, E.; Pesta, D.; Szendrödi, J.; et al. Breathlessness and Restrictive Lung Disease: An Important Diabetes-Related Feature in Patients with Type 2 Diabetes. Respir. Int. Rev. Thorac. Dis. 2018, 96, 29–40. [Google Scholar] [CrossRef] [PubMed]

	



Yumuk, V.; Tsigos, C.; Fried, M.; Schindler, K.; Busetto, L.; Micic, D.; Toplak, H. Obesity Management Task Force of the European Association for the Study of Obesity European Guidelines for Obesity Management in Adults. Obes. Facts 2015, 8, 402–424. [Google Scholar] [CrossRef]

	



Hoffmann, U.; Massaro, J.M.; Fox, C.S.; Manders, E.; O’Donnell, C.J. Defining Normal Distributions of Coronary Artery Calcium in Women and Men (from the Framingham Heart Study). Am. J. Cardiol. 2008, 102, 1136–1141.e1. [Google Scholar] [CrossRef] [PubMed]

	



Atsou, K.; Chouaid, C.; Hejblum, G. Variability of the Chronic Obstructive Pulmonary Disease Key Epidemiological Data in Europe: Systematic Review. BMC Med. 2011, 9, 7. [Google Scholar] [CrossRef]

	



The Top 10 Causes of Death. Available online: https://www.who.int/news-room/fact-sheets/detail/the-top-10-causes-of-death (accessed on 8 August 2022).

	



MacMahon, H.; Austin, J.H.M.; Gamsu, G.; Herold, C.J.; Jett, J.R.; Naidich, D.P.; Patz, E.F.; Swensen, S.J. Fleischner Society Guidelines for Management of Small Pulmonary Nodules Detected on CT Scans: A Statement from the Fleischner Society. Radiology 2005, 237, 395–400. [Google Scholar] [CrossRef]

	



MacMahon, H.; Naidich, D.P.; Goo, J.M.; Lee, K.S.; Leung, A.N.C.; Mayo, J.R.; Mehta, A.C.; Ohno, Y.; Powell, C.A.; Prokop, M.; et al. Guidelines for Management of Incidental Pulmonary Nodules Detected on CT Images: From the Fleischner Society 2017. Radiology 2017, 284, 228–243. [Google Scholar] [CrossRef]

	



Löffler, M.T.; Jacob, A.; Valentinitsch, A.; Rienmüller, A.; Zimmer, C.; Ryang, Y.-M.; Baum, T.; Kirschke, J.S. Improved Prediction of Incident Vertebral Fractures Using Opportunistic QCT Compared to DXA. Eur. Radiol. 2019, 29, 4980–4989. [Google Scholar] [CrossRef]

	



Cosman, F.; de Beur, S.J.; LeBoff, M.S.; Lewiecki, E.M.; Tanner, B.; Randall, S.; Lindsay, R.; National Osteoporosis Foundation. Clinician’s Guide to Prevention and Treatment of Osteoporosis. Osteoporos. Int. 2014, 25, 2359–2381. [Google Scholar] [CrossRef]

	



Doğan, N.; Varlibaş, Z.N.; Erpolat, O.P. Radiological Report: Expectations of Clinicians. Diagn. Interv. Radiol. Ank. Turk. 2010, 16, 179–185. [Google Scholar] [CrossRef]

	



Eberhardt, S.C.; Heilbrun, M.E. Radiology Report Value Equation. Radiographics 2018, 38, 1888–1896. [Google Scholar] [CrossRef] [PubMed]

	



Ruparel, M.; Quaife, S.L.; Dickson, J.L.; Horst, C.; Burke, S.; Taylor, M.; Ahmed, A.; Shaw, P.; Soo, M.-J.; Nair, A.; et al. Evaluation of Cardiovascular Risk in a Lung Cancer Screening Cohort. Thorax 2019, 74, 1140–1146. [Google Scholar] [CrossRef] [PubMed]

	



Howe, T.E.; Shea, B.; Dawson, L.J.; Downie, F.; Murray, A.; Ross, C.; Harbour, R.T.; Caldwell, L.M.; Creed, G. Exercise for Preventing and Treating Osteoporosis in Postmenopausal Women. Cochrane Database Syst. Rev. 2011, CD000333. [Google Scholar] [CrossRef] [PubMed]

	



Myers, J.; Kokkinos, P.; Nyelin, E. Physical Activity, Cardiorespiratory Fitness, and the Metabolic Syndrome. Nutrients 2019, 11, 1652. [Google Scholar] [CrossRef] [PubMed]

	



Bovolini, A.; Garcia, J.; Andrade, M.A.; Duarte, J.A. Metabolic Syndrome Pathophysiology and Predisposing Factors. Int. J. Sport. Med. 2021, 42, 199–214. [Google Scholar] [CrossRef] [PubMed]

	



Scoditti, E.; Massaro, M.; Garbarino, S.; Toraldo, D.M. Role of Diet in Chronic Obstructive Pulmonary Disease Prevention and Treatment. Nutrients 2019, 11, 1357. [Google Scholar] [CrossRef]

	



Gómez-Cabello, A.; Ara, I.; González-Agüero, A.; Casajús, J.A.; Vicente-Rodríguez, G. Effects of Training on Bone Mass in Older Adults: A Systematic Review. Sport. Med. Auckl. N. Z. 2012, 42, 301–325. [Google Scholar] [CrossRef]

	



Camacho, P.M.; Petak, S.M.; Binkley, N.; Diab, D.L.; Eldeiry, L.S.; Farooki, A.; Harris, S.T.; Hurley, D.L.; Kelly, J.; Lewiecki, E.M.; et al. American Association of Clinical Endocrinologists/ American College of Endocrinology Clinical Practice Guidlines for the Diagnosis and Treatment of Postmenopausal Osteoporosis—2020 Update. Endocr. Pract. 2020, 26, 1–46. [Google Scholar] [CrossRef]

	



Faiza, Z.; Sharman, T. Thoracic Aorta Aneurysm. StatPearls 2022. Available online: https://www.ncbi.nlm.nih.gov/books/NBK554567/ (accessed on 18 October 2022).

	



Gampala, S.; Vankeshwaram, V.; Gadula, S.S.P. Is Artificial Intelligence the New Friend for Radiologists? A Review Article. Cureus 2020, 12, e11137. [Google Scholar] [CrossRef]

	



McKinney, S.M.; Sieniek, M.; Godbole, V.; Godwin, J.; Antropova, N.; Ashrafian, H.; Back, T.; Chesus, M.; Corrado, G.S.; Darzi, A.; et al. International Evaluation of an AI System for Breast Cancer Screening. Nature 2020, 577, 89–94. [Google Scholar] [CrossRef]

	



Loehfelm, T.W. Artificial Intelligence for Quality Improvement in Radiology. Radiol. Clin. N. Am. 2021, 59, 1053–1062. [Google Scholar] [CrossRef] [PubMed]

	



Ranschaert, E.; Topff, L.; Pianykh, O. Optimization of Radiology Workflow with Artificial Intelligence. Radiol. Clin. N. Am. 2021, 59, 955–966. [Google Scholar] [CrossRef] [PubMed]

	



Fink, M.A.; Mayer, V.L.; Schneider, T.; Seibold, C.; Stiefelhagen, R.; Kleesiek, J.; Weber, T.F.; Kauczor, H.-U. CT Angiography Clot Burden Score from Data Mining of Structured Reports for Pulmonary Embolism. Radiology 2022, 302, 175–184. [Google Scholar] [CrossRef]

	



Alsharif, W.; Qurashi, A. Effectiveness of COVID-19 Diagnosis and Management Tools: A Review. Radiogr. Lond. Engl. 1995 2021, 27, 682–687. [Google Scholar] [CrossRef]

	



Rezazade Mehrizi, M.H.; van Ooijen, P.; Homan, M. Applications of Artificial Intelligence (AI) in Diagnostic Radiology: A Technography Study. Eur. Radiol. 2021, 31, 1805–1811. [Google Scholar] [CrossRef] [PubMed]

	



Sollmann, N.; Kirschke, J.S.; Kronthaler, S.; Boehm, C.; Dieckmeyer, M.; Vogele, D.; Kloth, C.; Lisson, C.G.; Carballido-Gamio, J.; Link, T.M.; et al. Imaging of the Osteoporotic Spine—Quantitative Approaches in Diagnostics and for the Prediction of the Individual Fracture Risk. ROFO Fortschr. Geb. Rontgenstr. Nukl. 2022, 194, 1088–1099. [Google Scholar] [CrossRef]

	



Li, M.D.; Chang, K.; Mei, X.; Bernheim, A.; Chung, M.; Steinberger, S.; Kalpathy-Cramer, J.; Little, B.P. Radiology Implementation Considerations for Artificial Intelligence (AI) Applied to COVID-19, From the AJR Special Series on AI Applications. AJR Am. J. Roentgenol. 2022, 219, 15–23. [Google Scholar] [CrossRef]

	



Wolf, I.; Vetter, M.; Wegner, I.; Böttger, T.; Nolden, M.; Schöbinger, M.; Hastenteufel, M.; Kunert, T.; Meinzer, H.-P. The Medical Imaging Interaction Toolkit. Med. Image Anal. 2005, 9, 594–604. [Google Scholar] [CrossRef]

	



Heussel, C.P.; Achenbach, T.; Buschsieweke, C.; Kuhnigk, J.; Weinheimer, O.; Hammer, G.; Düber, C.; Kauczor, H.-U. Quantification of pulmonary emphysema in multislice-CT using different software tools. ROFO Fortschr. Geb. Rontgenstr. Nukl. 2006, 178, 987–998. [Google Scholar] [CrossRef]

	



Weinheimer, O.; Achenbach, T.; Bletz, C.; Duber, C.; Kauczor, H.U.; Heussel, C.P. About Objective 3-d Analysis of Airway Geometry in Computerized Tomography. IEEE Trans. Med. Imaging 2008, 27, 64–74. [Google Scholar] [CrossRef]

	



Konietzke, P.; Wielpütz, M.O.; Wagner, W.L.; Wuennemann, F.; Kauczor, H.-U.; Heussel, C.P.; Eichinger, M.; Eberhardt, R.; Gompelmann, D.; Weinheimer, O. Quantitative CT Detects Progression in COPD Patients with Severe Emphysema in a 3-Month Interval. Eur. Radiol. 2020, 30, 2502–2512. [Google Scholar] [CrossRef] [PubMed]

	



Kauczor, H.-U.; Wielpütz, M.O.; Jobst, B.J.; Weinheimer, O.; Gompelmann, D.; Herth, F.J.F.; Heussel, C.P. Computed Tomography Imaging for Novel Therapies of Chronic Obstructive Pulmonary Disease. J. Thorac. Imaging 2019, 34, 202–213. [Google Scholar] [CrossRef] [PubMed]

	



Syngo.via—Siemens Healthineers. Available online: https://www.siemens-healthineers.com/medical-imaging-it/syngo-carbon-products/syngovia (accessed on 23 August 2022).

	



Fortschrittliche Visualisierung | Philips Healthcare. Available online: https://www.philips.de/healthcare/alle-produkte/klinische-it/advanced-visualization (accessed on 23 August 2022).

	



Isensee, F.; Jaeger, P.F.; Kohl, S.A.A.; Petersen, J.; Maier-Hein, K.H. NnU-Net: A Self-Configuring Method for Deep Learning-Based Biomedical Image Segmentation. Nat. Methods 2021, 18, 203–211. [Google Scholar] [CrossRef]

	



Isensee, F. NnU-Net. Available online: https://github.com/MIC-DKFZ/nnUNet (accessed on 18 October 2022).

	



Ibrahim, M.M. Subcutaneous and Visceral Adipose Tissue: Structural and Functional Differences. Obes. Rev. 2010, 11, 11–18. [Google Scholar] [CrossRef] [PubMed]

	



Nattenmüller, J.; Wochner, R.; Muley, T.; Steins, M.; Hummler, S.; Teucher, B.; Wiskemann, J.; Kauczor, H.-U.; Wielpütz, M.O.; Heussel, C.P. Prognostic Impact of CT-Quantified Muscle and Fat Distribution before and after First-Line-Chemotherapy in Lung Cancer Patients. PLoS ONE 2017, 12, e0169136. [Google Scholar] [CrossRef] [PubMed]

	



Troschel, F.M.; Jin, Q.; Eichhorn, F.; Muley, T.; Best, T.D.; Leppelmann, K.S.; Yang, C.-F.J.; Troschel, A.S.; Winter, H.; Heußel, C.P.; et al. Sarcopenia on Preoperative Chest Computed Tomography Predicts Cancer-Specific and All-Cause Mortality Following Pneumonectomy for Lung Cancer: A Multicenter Analysis. Cancer Med. 2021, 10, 6677–6686. [Google Scholar] [CrossRef] [PubMed]

	



Kullberg, J.; Hedström, A.; Brandberg, J.; Strand, R.; Johansson, L.; Bergström, G.; Ahlström, H. Automated Analysis of Liver Fat, Muscle and Adipose Tissue Distribution from CT Suitable for Large-Scale Studies. Sci. Rep. 2017, 7, 10425. [Google Scholar] [CrossRef] [PubMed]

	



Lee, S.J.; Liu, J.; Yao, J.; Kanarek, A.; Summers, R.M.; Pickhardt, P.J. Fully Automated Segmentation and Quantification of Visceral and Subcutaneous Fat at Abdominal CT: Application to a Longitudinal Adult Screening Cohort. Br. J. Radiol. 2018, 91, 20170968. [Google Scholar] [CrossRef] [PubMed]

	



Nowak, S.; Faron, A.; Luetkens, J.A.; Geißler, H.L.; Praktiknjo, M.; Block, W.; Thomas, D.; Sprinkart, A.M. Fully Automated Segmentation of Connective Tissue Compartments for CT-Based Body Composition Analysis: A Deep Learning Approach. Investig. Radiol. 2020, 55, 357–366. [Google Scholar] [CrossRef]

	



Fu, Y.; Ippolito, J.E.; Ludwig, D.R.; Nizamuddin, R.; Li, H.H.; Yang, D. Technical Note: Automatic Segmentation of CT Images for Ventral Body Composition Analysis. Med. Phys. 2020, 47, 5723–5730. [Google Scholar] [CrossRef]

	



Irlbeck, T.; Massaro, J.M.; Bamberg, F.; O’Donnell, C.J.; Hoffmann, U.; Fox, C.S. Association between Single-Slice Measurements of Visceral and Abdominal Subcutaneous Adipose Tissue with Volumetric Measurements: The Framingham Heart Study. Int. J. Obes. 2005 2010, 34, 781–787. [Google Scholar] [CrossRef]

	



Graffy, P.M.; Sandfort, V.; Summers, R.M.; Pickhardt, P.J. Automated Liver Fat Quantification at Nonenhanced Abdominal CT for Population-Based Steatosis Assessment. Radiology 2019, 293, 334–342. [Google Scholar] [CrossRef]

	



Sarwar, A.; Shaw, L.J.; Shapiro, M.D.; Blankstein, R.; Hoffmann, U.; Hoffman, U.; Cury, R.C.; Abbara, S.; Brady, T.J.; Budoff, M.J.; et al. Diagnostic and Prognostic Value of Absence of Coronary Artery Calcification. JACC Cardiovasc. Imaging 2009, 2, 675–688. [Google Scholar] [CrossRef]

	



Hoffmann, U.; Massaro, J.M.; D’Agostino, R.B.; Kathiresan, S.; Fox, C.S.; O’Donnell, C.J. Cardiovascular Event Prediction and Risk Reclassification by Coronary, Aortic, and Valvular Calcification in the Framingham Heart Study. J. Am. Heart Assoc. 2016, 5, e003144. [Google Scholar] [CrossRef] [PubMed]

	



Criqui, M.H.; Denenberg, J.O.; McClelland, R.L.; Allison, M.A.; Ix, J.H.; Guerci, A.; Cohoon, K.P.; Srikanthan, P.; Watson, K.E.; Wong, N.D. Abdominal Aortic Calcium, Coronary Artery Calcium, and Cardiovascular Morbidity and Mortality in the Multi-Ethnic Study of Atherosclerosis. Arterioscler. Thromb. Vasc. Biol. 2014, 34, 1574–1579. [Google Scholar] [CrossRef] [PubMed]

	



Brady, A.R.; Thompson, S.G.; Fowkes, F.G.R.; Greenhalgh, R.M.; Powell, J.T. UK Small Aneurysm Trial Participants Abdominal Aortic Aneurysm Expansion: Risk Factors and Time Intervals for Surveillance. Circulation 2004, 110, 16–21. [Google Scholar] [CrossRef] [PubMed]

	



Detrano, R.; Guerci, A.D.; Carr, J.J.; Bild, D.E.; Burke, G.; Folsom, A.R.; Liu, K.; Shea, S.; Szklo, M.; Bluemke, D.A.; et al. Coronary Calcium as a Predictor of Coronary Events in Four Racial or Ethnic Groups. N. Engl. J. Med. 2008, 358, 1336–1345. [Google Scholar] [CrossRef]

	



Agatston, A.S.; Janowitz, W.R.; Hildner, F.J.; Zusmer, N.R.; Viamonte, M.; Detrano, R. Quantification of Coronary Artery Calcium Using Ultrafast Computed Tomography. J. Am. Coll. Cardiol. 1990, 15, 827–832. [Google Scholar] [CrossRef]

	



Wolterink, J.M.; Leiner, T.; Takx, R.A.P.; Viergever, M.A.; Isgum, I. Automatic Coronary Calcium Scoring in Non-Contrast-Enhanced ECG-Triggered Cardiac CT with Ambiguity Detection. IEEE Trans. Med. Imaging 2015, 34, 1867–1878. [Google Scholar] [CrossRef] [PubMed]

	



Growing a Random Forest with Fuzzy Spatial Features for Fully Automatic Artery-Specific Coronary Calcium Scoring | SpringerLink. Available online: https://link.springer.com/chapter/10.1007/978-3-319-67389-9_4 (accessed on 18 October 2022).

	



Zeleznik, R.; Foldyna, B.; Eslami, P.; Weiss, J.; Alexander, I.; Taron, J.; Parmar, C.; Alvi, R.M.; Banerji, D.; Uno, M.; et al. Deep Convolutional Neural Networks to Predict Cardiovascular Risk from Computed Tomography. Nat. Commun. 2021, 12, 715. [Google Scholar] [CrossRef] [PubMed]

	



Eng, D.; Chute, C.; Khandwala, N.; Rajpurkar, P.; Long, J.; Shleifer, S.; Khalaf, M.H.; Sandhu, A.T.; Rodriguez, F.; Maron, D.J.; et al. Automated Coronary Calcium Scoring Using Deep Learning with Multicenter External Validation. NPJ Digit. Med. 2021, 4, 88. [Google Scholar] [CrossRef] [PubMed]

	



Galbán, C.J.; Han, M.K.; Boes, J.L.; Chughtai, K.A.; Meyer, C.R.; Johnson, T.D.; Galbán, S.; Rehemtulla, A.; Kazerooni, E.A.; Martinez, F.J.; et al. Computed Tomography-Based Biomarker Provides Unique Signature for Diagnosis of COPD Phenotypes and Disease Progression. Nat. Med. 2012, 18, 1711–1715. [Google Scholar] [CrossRef]

	



Weinheimer, O.; Wielpütz, M.O.; Konietzke, P.; Heussel, C.P.; Kauczor, H.-U.; Brochhausen, C.; Hollemann, D.; Savage, D.; Galbán, C.J.; Robinson, T.E. Fully Automated Lobe-Based Airway Taper Index Calculation in a Low Dose MDCT CF Study over 4 Time-Points; Styner, M.A., Angelini, E.D., Eds.; spie digital library: Orlando, FL, USA; p. 101330U.

	



Wielpütz, M.O.; Eichinger, M.; Weinheimer, O.; Ley, S.; Mall, M.A.; Wiebel, M.; Bischoff, A.; Kauczor, H.-U.; Heußel, C.P.; Puderbach, M. Automatic Airway Analysis on Multidetector Computed Tomography in Cystic Fibrosis: Correlation with Pulmonary Function Testing. J. Thorac. Imaging 2013, 28, 104–113. [Google Scholar] [CrossRef]

	



Wielpütz, M.O.; Weinheimer, O.; Eichinger, M.; Wiebel, M.; Biederer, J.; Kauczor, H.-U.; Heußel, C.P.; Mall, M.A.; Puderbach, M. Pulmonary Emphysema in Cystic Fibrosis Detected by Densitometry on Chest Multidetector Computed Tomography. PLoS ONE 2013, 8, e73142. [Google Scholar] [CrossRef] [PubMed]

	



Zhang, Y.; Jiang, B.; Zhang, L.; Greuter, M.J.W.; de Bock, G.H.; Zhang, H.; Xie, X. Lung Nodule Detectability of Artificial Intelligence-Assisted CT Image Reading in Lung Cancer Screening. Curr. Med. Imaging 2022, 18, 327–334. [Google Scholar] [CrossRef]

	



Baumgartner, M.; Jäger, P.F.; Isensee, F.; Maier-Hein, K.H. NnDetection: A Self-Configuring Method for Medical Object Detection. In Medical Image Computing and Computer Assisted Intervention—MICCAI 2021; de Bruijne, M., Cattin, P.C., Cotin, S., Padoy, N., Speidel, S., Zheng, Y., Essert, C., Eds.; Springer International Publishing: Cham, Switzerland, 2021; pp. 530–539. [Google Scholar]

	



Baumgartner, M. What Is NnDetection? Available online: https://github.com/MIC-DKFZ/nnDetection (accessed on 18 October 2022).

	



Cao, H.; Liu, H.; Song, E.; Ma, G.; Xu, X.; Jin, R.; Liu, T.; Hung, C.-C. A Two-Stage Convolutional Neural Networks for Lung Nodule Detection. IEEE J. Biomed. Health Inform. 2020, 24, 2006–2015. [Google Scholar] [CrossRef]

	



Liu, J.; Cao, L.; Akin, O.; Tian, Y. 3DFPN-HS$$^2$$: 3D Feature Pyramid Network Based High Sensitivity and Specificity Pulmonary Nodule Detection. In Medical Image Computing and Computer Assisted Intervention—MICCAI 2019; Shen, D., Liu, T., Peters, T.M., Staib, L.H., Essert, C., Zhou, S., Yap, P.-T., Khan, A., Eds.; Springer International Publishing: Cham, Switzerland, 2019; pp. 513–521. [Google Scholar]

	



S4ND: Single-Shot Single-Scale Lung Nodule Detection | SpringerLink. Available online: https://link.springer.com/chapter/10.1007/978-3-030-00934-2_88 (accessed on 18 October 2022).

	



Towards Accurate Pulmonary Nodule Detection by Representing Nodules as Points with High-Resolution Network | IEEE Journals & Magazine | IEEE Xplore. Available online: https://ieeexplore.ieee.org/document/9174981/ (accessed on 18 October 2022).

	



Armato, S.G.; McLennan, G.; Bidaut, L.; McNitt-Gray, M.F.; Meyer, C.R.; Reeves, A.P.; Zhao, B.; Aberle, D.R.; Henschke, C.I.; Hoffman, E.A.; et al. The Lung Image Database Consortium (LIDC) and Image Database Resource Initiative (IDRI): A Completed Reference Database of Lung Nodules on CT Scans. Med. Phys. 2011, 38, 915–931. [Google Scholar] [CrossRef]

	



Schreuder, A.; Scholten, E.T.; van Ginneken, B.; Jacobs, C. Artificial Intelligence for Detection and Characterization of Pulmonary Nodules in Lung Cancer CT Screening: Ready for Practice? Transl. Lung Cancer Res. 2021, 10, 2378–2388. [Google Scholar] [CrossRef]

	



Ciompi, F.; Chung, K.; van Riel, S.J.; Setio, A.A.A.; Gerke, P.K.; Jacobs, C.; Scholten, E.T.; Schaefer-Prokop, C.; Wille, M.M.W.; Marchianò, A.; et al. Towards Automatic Pulmonary Nodule Management in Lung Cancer Screening with Deep Learning. Sci. Rep. 2017, 7, 46479. [Google Scholar] [CrossRef] [PubMed]

	



Sekuboyina, A.; Kukačka, J.; Kirschke, J.S.; Menze, B.H.; Valentinitsch, A. Attention-Driven Deep Learning for Pathological Spine Segmentation. In Computational Methods and Clinical Applications in Musculoskeletal Imaging; Glocker, B., Yao, J., Vrtovec, T., Frangi, A., Zheng, G., Eds.; Springer International Publishing: Cham, Switzerland, 2018; pp. 108–119. [Google Scholar]

	



Janssens, R.; Zeng, G.; Zheng, G. Fully Automatic Segmentation of Lumbar Vertebrae from CT Images Using Cascaded 3D Fully Convolutional Networks. In Proceedings of the 2018 IEEE 15th International Symposium on Biomedical Imaging (ISBI 2018), Washington, DC, USA, 4–7 April 2018; pp. 893–897. [Google Scholar]

	



Lessmann, N.; van Ginneken, B.; Išgum, I. Iterative Convolutional Neural Networks for Automatic Vertebra Identification and Segmentation in CT Images. In the Medical Imaging 2018: Image Processing; SPIE: Bellingham WC, USA, 2018; Volume 10574, pp. 39–44. [Google Scholar]

	



Payer, C.; Štern, D.; Bischof, H.; Urschler, M. Coarse to Fine Vertebrae Localization and Segmentation with SpatialConfiguration-Net and U-Net. In Proceedings of the 15th International Joint Conference on Computer Vision, Imaging and Computer Graphics Theory and Applications, Valletta, Malta, 27–29 February; SCITEPRESS—Science and Technology Publications: Valletta, Malta, 2020; pp. 124–133. [Google Scholar]

	



Sekuboyina, A.; Husseini, M.E.; Bayat, A.; Löffler, M.; Liebl, H.; Li, H.; Tetteh, G.; Kukačka, J.; Payer, C.; Štern, D.; et al. VerSe: A Vertebrae Labelling and Segmentation Benchmark for Multi-Detector CT Images. Med. Image Anal. 2021, 73, 102166. [Google Scholar] [CrossRef] [PubMed]

	



Scherer, J.; Nolden, M.; Kleesiek, J.; Metzger, J.; Kades, K.; Schneider, V.; Bach, M.; Sedlaczek, O.; Bucher, A.M.; Vogl, T.J.; et al. Joint Imaging Platform for Federated Clinical Data Analytics. JCO Clin. Cancer Inform. 2020, 4, 1027–1038. [Google Scholar] [CrossRef]

	



Schlamp, K. GitHub—Radexperts/Adit: ADIT (Automated DICOM Transfer). Available online: https://github.com/radexperts/adit (accessed on 24 August 2022).

	



Pickhardt, P.J.; Graffy, P.M.; Reeder, S.B.; Hernando, D.; Li, K. Quantification of Liver Fat Content with Unenhanced MDCT: Phantom and Clinical Correlation With MRI Proton Density Fat Fraction. AJR Am. J. Roentgenol. 2018, 211, W151–W157. [Google Scholar] [CrossRef]

	



O’Connor, S.D.; Graffy, P.M.; Zea, R.; Pickhardt, P.J. Does Nonenhanced CT-Based Quantification of Abdominal Aortic Calcification Outperform the Framingham Risk Score in Predicting Cardiovascular Events in Asymptomatic Adults? Radiology 2019, 290, 108–115. [Google Scholar] [CrossRef]

	



Han, D.; Kuronuma, K.; Rozanski, A.; Budoff, M.J.; Miedema, M.D.; Nasir, K.; Shaw, L.J.; Rumberger, J.A.; Gransar, H.; Blumenthal, R.S.; et al. Implication of Thoracic Aortic Calcification over Coronary Calcium Score Regarding the 2018 ACC/AHA Multisociety Cholesterol Guideline: Results from the CAC Consortium. Am. J. Prev. Cardiol. 2021, 8, 100232. [Google Scholar] [CrossRef]

	



Grundy, S.M.; Stone, N.J.; Bailey, A.L.; Beam, C.; Birtcher, K.K.; Blumenthal, R.S.; Braun, L.T.; de Ferranti, S.; Faiella-Tommasino, J.; Forman, D.E.; et al. 2018 AHA/ACC/AACVPR/AAPA/ABC/ACPM/ADA/AGS/APhA/ASPC/NLA/PCNA Guideline on the Management of Blood Cholesterol: A Report of the American College of Cardiology/American Heart Association Task Force on Clinical Practice Guidelines. J. Am. Coll. Cardiol. 2019, 73, e285–e350. [Google Scholar] [CrossRef]

	



Rumberger, J.A. Coronary Artery Calcium Scanning Using Computed Tomography: Clinical Recommendations for Cardiac Risk Assessment and Treatment. Semin. Ultrasound. CT MR 2008, 29, 223–229. [Google Scholar] [CrossRef]

	



Grydeland, T.B.; Dirksen, A.; Coxson, H.O.; Pillai, S.G.; Sharma, S.; Eide, G.E.; Gulsvik, A.; Bakke, P.S. Quantitative Computed Tomography: Emphysema and Airway Wall Thickness by Sex, Age and Smoking. Eur. Respir. J. 2009, 34, 858–865. [Google Scholar] [CrossRef]

	



Heussel, C.P.; Herth, F.J.F.; Kappes, J.; Hantusch, R.; Hartlieb, S.; Weinheimer, O.; Kauczor, H.U.; Eberhardt, R. Fully Automatic Quantitative Assessment of Emphysema in Computed Tomography: Comparison with Pulmonary Function Testing and Normal Values. Eur. Radiol. 2009, 19, 2391–2402. [Google Scholar] [CrossRef]

	



Do, T.D.; Skornitzke, S.; Merle, U.; Kittel, M.; Hofbaur, S.; Melzig, C.; Kauczor, H.-U.; Wielpütz, M.O.; Weinheimer, O. COVID-19 Pneumonia: Prediction of Patient Outcome by CT-Based Quantitative Lung Parenchyma Analysis Combined with Laboratory Parameters. PLoS ONE 2022, 17, e0271787. [Google Scholar] [CrossRef]

	



McKee, B.J.; Regis, S.M.; McKee, A.B.; Flacke, S.; Wald, C. Performance of ACR Lung-RADS in a Clinical CT Lung Screening Program. J. Am. Coll. Radiol. JACR 2015, 12, 273–276. [Google Scholar] [CrossRef]

	



van Hamersvelt, R.W.; Schilham, A.M.R.; Engelke, K.; den Harder, A.M.; de Keizer, B.; Verhaar, H.J.; Leiner, T.; de Jong, P.A.; Willemink, M.J. Accuracy of Bone Mineral Density Quantification Using Dual-Layer Spectral Detector CT: A Phantom Study. Eur. Radiol. 2017, 27, 4351–4359. [Google Scholar] [CrossRef] [PubMed]

	



Li, X.; Li, X.; Li, J.; Jiao, X.; Jia, X.; Zhang, X.; Fan, G.; Yang, J.; Guo, J. The Accuracy of Bone Mineral Density Measurement Using Dual-Energy Spectral CT and Quantitative CT: A Comparative Phantom Study. Clin. Radiol. 2020, 75, 320.e9–320.e15. [Google Scholar] [CrossRef] [PubMed]

	



Kalender, W.A.; Suess, C. A New Calibration Phantom for Quantitative Computed Tomography. Med. Phys. 1987, 14, 863–866. [Google Scholar] [CrossRef]

	



Hendrickson, N.R.; Pickhardt, P.J.; Del Rio, A.M.; Rosas, H.G.; Anderson, P.A. Bone Mineral Density T-Scores Derived from CT Attenuation Numbers (Hounsfield Units): Clinical Utility and Correlation with Dual-Energy X-Ray Absorptiometry. Iowa Orthop. J. 2018, 38, 25–31. [Google Scholar]

	



Nasir, K.; Cainzos-Achirica, M. Role of Coronary Artery Calcium Score in the Primary Prevention of Cardiovascular Disease. BMJ 2021, 373, n776. [Google Scholar] [CrossRef]

	



Chen, Z.; Qureshi, A.R.; Ripsweden, J.; Wennberg, L.; Heimburger, O.; Lindholm, B.; Barany, P.; Haarhaus, M.; Brismar, T.B.; Stenvinkel, P. Vertebral Bone Density Associates with Coronary Artery Calcification and Is an Independent Predictor of Poor Outcome in End-Stage Renal Disease Patients. Bone 2016, 92, 50–57. [Google Scholar] [CrossRef]

	



Chuang, T.-L.; Chuang, M.-H.; Koo, M.; Lin, C.-H.; Wang, Y.-F. Association of Bone Mineral Density and Trabecular Bone Score with Cardiovascular Disease. Tzu-Chi Med. J. 2020, 32, 234–239. [Google Scholar] [CrossRef]

	



Ahmadi, N.; Mao, S.S.; Hajsadeghi, F.; Arnold, B.; Kiramijyan, S.; Gao, Y.; Flores, F.; Azen, S.; Budoff, M. The Relation of Low Levels of Bone Mineral Density with Coronary Artery Calcium and Mortality. Osteoporos. Int. 2018, 29, 1609–1616. [Google Scholar] [CrossRef]

	



Teng, Z.; Zhu, Y.; Teng, Y.; Long, Q.; Hao, Q.; Yu, X.; Yang, L.; Lv, Y.; Liu, J.; Zeng, Y.; et al. The Analysis of Osteosarcopenia as a Risk Factor for Fractures, Mortality, and Falls. Osteoporos. Int. 2021, 32, 2173–2183. [Google Scholar] [CrossRef]

	



Salech, F.; Marquez, C.; Lera, L.; Angel, B.; Saguez, R.; Albala, C. Osteosarcopenia Predicts Falls, Fractures, and Mortality in Chilean Community-Dwelling Older Adults. J. Am. Med. Dir. Assoc. 2021, 22, 853–858. [Google Scholar] [CrossRef]

	



Inoue, T.; Maeda, K.; Nagano, A.; Shimizu, A.; Ueshima, J.; Murotani, K.; Sato, K.; Hotta, K.; Morishita, S.; Tsubaki, A. Related Factors and Clinical Outcomes of Osteosarcopenia: A Narrative Review. Nutrients 2021, 13, 291. [Google Scholar] [CrossRef] [PubMed]

	



Kahnert, K.; Jörres, R.A.; Kauczor, H.-U.; Biederer, J.; Jobst, B.; Alter, P.; Biertz, F.; Mertsch, P.; Lucke, T.; Lutter, J.I.; et al. Relationship between Clinical and Radiological Signs of Bronchiectasis in COPD Patients: Results from COSYCONET. Respir. Med. 2020, 172, 106117. [Google Scholar] [CrossRef] [PubMed]

	



Karch, A.; Vogelmeier, C.; Welte, T.; Bals, R.; Kauczor, H.-U.; Biederer, J.; Heinrich, J.; Schulz, H.; Gläser, S.; Holle, R.; et al. The German COPD Cohort COSYCONET: Aims, Methods and Descriptive Analysis of the Study Population at Baseline. Respir. Med. 2016, 114, 27–37. [Google Scholar] [CrossRef] [PubMed]

	



Becker, N.; Motsch, E.; Trotter, A.; Heussel, C.P.; Dienemann, H.; Schnabel, P.A.; Kauczor, H.-U.; Maldonado, S.G.; Miller, A.B.; Kaaks, R.; et al. Lung Cancer Mortality Reduction by LDCT Screening-Results from the Randomized German LUSI Trial. Int. J. Cancer 2020, 146, 1503–1513. [Google Scholar] [CrossRef] [PubMed]

	



González Maldonado, S.; Hynes, L.C.; Motsch, E.; Heussel, C.-P.; Kauczor, H.-U.; Robbins, H.A.; Delorme, S.; Kaaks, R. Validation of Multivariable Lung Cancer Risk Prediction Models for the Personalized Assignment of Optimal Screening Frequency: A Retrospective Analysis of Data from the German Lung Cancer Screening Intervention Trial (LUSI). Transl. Lung Cancer Res. 2021, 10, 1305–1317. [Google Scholar] [CrossRef] [PubMed]

	



van Griethuysen, J.J.M.; Fedorov, A.; Parmar, C.; Hosny, A.; Aucoin, N.; Narayan, V.; Beets-Tan, R.G.H.; Fillion-Robin, J.-C.; Pieper, S.; Aerts, H.J.W.L. Computational Radiomics System to Decode the Radiographic Phenotype. Cancer Res. 2017, 77, e104–e107. [Google Scholar] [CrossRef] [PubMed]

	



Chassagnon, G.; Vakalopoulou, M.; Paragios, N.; Revel, M.-P. Artificial Intelligence Applications for Thoracic Imaging. Eur. J. Radiol. 2020, 123, 108774. [Google Scholar] [CrossRef]

	



Lee, S.; Summers, R.M. Clinical Artificial Intelligence Applications in Radiology: Chest and Abdomen. Radiol. Clin. N. Am. 2021, 59, 987–1002. [Google Scholar] [CrossRef]

	



Hwang, E.J.; Park, C.M. Clinical Implementation of Deep Learning in Thoracic Radiology: Potential Applications and Challenges. Korean J. Radiol. 2020, 21, 511–525. [Google Scholar] [CrossRef]

	



Fischer, A.M.; Yacoub, B.; Savage, R.H.; Martinez, J.D.; Wichmann, J.L.; Sahbaee, P.; Grbic, S.; Varga-Szemes, A.; Schoepf, U.J. Machine Learning/Deep Neuronal Network: Routine Application in Chest Computed Tomography and Workflow Considerations. J. Thorac. Imaging 2020, 35 (Supply 1), S21–S27. [Google Scholar] [CrossRef]

	



AI-Rad Companion. Available online: https://www.siemens-healthineers.com/digital-health-solutions/digital-solutions-overview/clinical-decision-support/ai-rad-companion (accessed on 23 August 2022).

	



Pickhardt, P.J.; Graffy, P.M.; Perez, A.A.; Lubner, M.G.; Elton, D.C.; Summers, R.M. Opportunistic Screening at Abdominal CT: Use of Automated Body Composition Biomarkers for Added Cardiometabolic Value. RadioGraphics 2021, 41, 524–542. [Google Scholar] [CrossRef] [PubMed]

	



Telenga, E.D.; Oudkerk, M.; van Ooijen, P.M.; Vliegenthart, R.; Ten Hacken, N.H.; Postma, D.S.; van den Berge, M. Airway wall thickness on HRCT scans decreases with age and increases with smoking. BMC Pulm Med. 2017, 17, 27. [Google Scholar] [CrossRef] [PubMed]

	



Han, D.; Klein, E.; Friedman, J.; Gransar, H.; Achenbach, S.; Al-Mallah, M.H.; Budoff, M.J.; Cademartiri, F.; Maffei, E.; Callister, T.Q.; et al. Prognostic significance of subtle coronary calcification in patients with zero coronary artery calcium score: From the CONFIRM registry. Atherosclerosis 2020, 309, 33–38. [Google Scholar] [CrossRef] [PubMed]








[image: Healthcare 10 02166 g001 550] 





Figure 1. Flowchart of planned software integrations with: (a) Technical workflow and (b) Algorithm workflow. 
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Figure 2. Example no. 1 ‘TAVI patient’—Summary of organ segmentations and pathological findings from left to right and top to bottom: pulmonary nodule of the right upper lobe, coronary and aortic calcifications, visceral, subcutaneous and intramuscular adipose tissue, and vertebral segmentations for assessment of BMD. 
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Figure 3. Example no. 2 ‘COPD patient’—Summary of organ segmentations and pathological findings from left to right and top to bottom: COPD, coronary and aortic calcifications, visceral, subcutaneous and intramuscular adipose tissue, and vertebral segmentations for assessment of BMD. 
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Table 2. Summary of the results of Example No. 1 `TAVI patient’.
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	Comorbidity
	Results
	Conclusion





	Adipose tissue and metabolism
	
	−

	
VFA 338 cm2




	−

	
SFA 148 cm2




	−

	
Intermuscular fat area (IMAT) 31 cm2




	−

	
Liver attenuation -




	−

	
Liver fat content -






	
	−

	
Measurement of visceral and/or subcutaneous fat outside the range of standard deviation.









	Pulmonary nodules
	
	−

	
Nodule right upper lobe




	−

	
13.48 mm3




	−

	
1.6 mm × 3.5 mm × 4.6 mm






	
	−

	
Pulmonary Nodule with Lung-RADS 2 in the right upper lobe









	Pulmonal parenchyma abnormalities (COPD)
	
	−

	
Emphysema Index 6%




	−

	
Pi10 0.26




	−

	
Bronchiectasis Index 0.08%






	
	−

	
No Emphysema




	−

	
Possible bronchial wall thickening.









	Cardiovascular comorbidities
	
	−

	
CAC 399




	−

	
TAC 12284




	−

	
AAC 8214






	
	−

	
Moderate CAC.




	−

	
High AAC and TAC with high risk for future cardiac events. Consider statin therapy, and high-intensity statin therapy if Agatston score 300.









	Osteoporosis
	
	−

	
BMD 85 mg/cm3 (L1)




	−

	
T-score −3.4 (L1)






	
	−

	
Suspicion of Osteoporosis with significantly reduced BMD
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Table 3. Summary of the results of Example No. 2 ‘COPD patient’.
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	Comorbidity
	Results
	Conclusion





	Adipose tissue and metabolism
	
	−

	
VFA 235 cm2




	−

	
SFA 158 cm2




	−

	
Intermuscular fat area (IMAT) 31 cm2




	−

	
Liver attenuation 54HU




	−

	
Liver fat content 7%






	
	−

	
Measurement of visceral and/or subcutaneous fat areas are normal.




	−

	
Mild steatosis.









	Pulmonary nodules
	
	−

	
No Nodule detected






	



	Pulmonal parenchyma abnormalities (COPD)
	
	−

	
Emphysema Index 33%




	−

	
Pi10 0.21




	−

	
Bronchiectasis Index 0.52%






	
	−

	
Mild to moderate Emphysema




	−

	
Possible signs of small airway disease type.




	−

	
Possible bronchial wall thickening.









	Cardiovascular comorbidities
	
	−

	
CAC 237




	−

	
TAC 2456




	−

	
AAC -






	
	−

	
Moderate CAC.




	−

	
High TAC with high risk for future cardiac events. Consider statin therapy, and high-intensity statin therapy if Agatston score 300.









	Osteoporosis
	
	−

	
BMD 52 mg/cm3 (L1)




	−

	
T-score −4.6 (L1)






	
	−

	
Suspicion of Osteoporosis with significantly reduced BMD
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