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The quality and acceptance of machine learning (ML) approaches in cardiovascular data interpretation depends strongly on model design and training and the interaction with the clinical experts. We hypothesize that a software infrastructure for the training and application of ML models can support the improvement of the model training and provide relevant information for understanding the classification-relevant data features. The presented solution supports an iterative training, evaluation, and exploration of machine-learning-based multimodal data interpretation methods considering cardiac MRI data. Correction, annotation, and exploration of clinical data and interpretation of results are supported through dedicated interactive visual analytics tools. We test the presented concept with two use cases from the ACDC and EMIDEC cardiac MRI image analysis challenges. In both applications, pre-trained 2D U-Nets are used for segmentation, and classifiers are trained for diagnostic tasks using radiomics features of the segmented anatomical structures. The solution was successfully used to identify outliers in automatic segmentation and image acquisition. The targeted curation and addition of expert annotations improved the performance of the machine learning models. Clinical experts were supported in understanding specific anatomical and functional characteristics of the assigned disease classes.
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1. INTRODUCTION

In recent years publications and product developments have shown the potential of artificial intelligence systems in cardiovascular medicine (1–4). Especially data-driven machine learning models can support automatic interpretation of complex spatio-temporal information such as ECG or image data, and the integrated analysis of complementary data from electronic health records, sensor systems, etc. Two factors that are essential for the successful deployment of AI solutions for image-based and multi-modal data interpretation are the model design and training and the interaction with the users (3, 5).


1.1. Integration of Image-Based Information in Multi-Modal Cardiac Disease Classification

Integrating complementary data of different types such as demographic information and laboratory and image data requires complex models that filter the densely sampled image information appropriately. Many approaches for phenotyping or predictive modeling using multi-modal data integrate image information via conventional clinical parameters such as the stenosis degree or the ejection fraction (6, 7). Thereby valuable feature information of contained in the comprehensive image data might be neglected. In contrast to the traditional features, which describe the heart chamber volumes and myocardial motion patterns of the left and right ventricle, so-called radiomics features describe shape and texture properties of segmented regions context-independently based on image intensities and voxel classification (8). Radiomics features extracted from non-contrast cine MRI have successfully been used to differentiate between patients with myocardial infarction (MINF), dilated cardiomyopathy (DCM), hypertrophic cardiomyopathy (HCM), and an abnormal right ventricle (RV) (9–12). Further approaches used features describing the myocardial texture in MRI-based T1 and T2 maps (13) or delayed enhancement MRI (14) to differentiate myocardial pathologies.

Standard radiomics features, which can be calculated with freely available libraries such as pyradiomics were designed for the assessment of compact structures such as tumors (15). To better consider the complex structure of the heart, further features have been suggested. The Minkowski-Bouligand dimensions, as described by Captur et al. (16) assesses how the length or complexity of a contour increases while increasing the scale or detail at which it is measured and is used to assess the trabecularization of myocardium. Further features specifically describing the cardiac anatomy such as the septum thickness have been suggested by Tautz et al. (17, 18).



1.2. Expert Annotations for Cardiac Image Interpretation

Quantitative and radiomics analysis of cardiac MRI image data usually requires segmentation of the relevant anatomical structures (19). Recent publications demonstrate the potential of deep learning models such as the U-net for the segmentation and interpretation of typical imaging sequences such as short-axis cine MRI (20). However, the performance of these models depends on the quality of the training data, and previous studies showed that the annotation performance of clinical experts is influenced by the annotation framework (21). The “Society for Cardiovascular Magnetic Resonance” (SCMR) recommends analyzing image frames in end-diastole (ED) and end-systole (ES) (19) for assessing the global cardiac function. Therefore, clinical datasets are often only sparsely annotated, and interactive intelligent annotation and correction tools are required to extend and improve the data so that they can be used to train machine learning models. Commercial medical products might be used if the software offers the export of the expert segmentation in an open format. Open-source application such as 3D Slicer (22), MITK Workbench (23) also provide generic tools for interactive (24, 25), semi- and fully-automated segmentation algorithms. These software tools integrate open-source libraries such as MONAI Label1 to support an efficient interaction between the annotation and machine learning environment (26). Specialized research software tools such as Segment (27) and CAIPI (28) provide dedicated solutions for the annotation and processing of four-dimensional cardiac data, which can be used to generate training data. The International Radiomics Platform (IRP) (29) supported by the German Radiological Society2 further enables the combination of annotated image data with clinical data and questionnaires.



1.3. Clinical Integration of AI-Based Solutions for Cardiac Image Interpretation

Modern deep learning models can classify several cardiac diseases directly from image data (30, 31), but the inference process is hardly understandable for most clinical experts. Explainability approaches for convolutional neural networks support the identification of image regions, which contribute to classification results (32) and provide information for plausibility checks as demonstrated for the interpretation of echocardiograms (33). Explainability methods have been suggested for enhancing the classification of cardiac diseases. Interpretability methods such as Discovering and Testing with Concept Activation Vectors (D-TCAV) can be used to show underlying features of the classification (34). Especially in cardiovascular research, it can be highly beneficial for hypothesis generation to understand the shape and tissue characteristics, which determine the assignment of a patient to a particular class. Working with well-defined features, as suggested in Radiomics (8), might enable a compromise between the optimal consideration of the complex image information and a classification that is understandable for clinical experts (35). However, the complex multi-modal data used in phenotyping are difficult to interpret for humans with classical approaches such as heatmaps and two-dimensional diagrams (36, 37). When omics or image data is involved there is a lack of backtracking within these tools, which links the classification to specific relevant locations or time frames of the underlying data.

Integrating AI training setups into clinical environments faces several ethical and legal challenges. The management of health record data is defined by the General Data Protection Regulation (GDPR)3. These regulations define how and for what purpose health data can be accessed. Platforms for federated AI training such as JIP (38) and QuantMed (39) provide interfaces for loading data from the Picture archiving and communication system (PACS) and sharing fully trained models in a secure and compliant way. Moreover, JIP implements an interface to connect open-source deep learning libraries and permits the integration of other image processing frameworks like MITK or platforms like IRP (29).

The FDA guidelines address the problem of the need for AI model adaptation and improvement through retraining, and suggest an efficient dynamic process for the development and quality assurance of DL/ML methods in medical image processing (40). The document describes how to manage data, re-train, evaluate, and update AI methods in clinical settings in such a way that newly trained models fulfill the regulatory requirements for a medical product.



1.4. Goals

We hypothesize that a dedicated setup for the training and application of machine learning methods with an expert-in-the-loop approach can speed up and improve the training of the AI models for image processing and multi-modal classification. Furthermore, it can support the clinical expert in exploring and understanding the analyzed datasets.

The existing infrastructure and tool solutions presented in the previous paragraphs address all aspects required to set up an environment that supports the development and application of machine learning methods for the integrated usage of cardiac MRI data in multi-modal data classification. Based on these building blocks, we present a concept for a central environment that supports dynamic machine learning with experts in the loop. This central infrastructure should manage data and the training and inference of machine learning models for multi-modal cardiac data interpretation. We envision central modules for cardiac structures segmentation, an automated pre-processing and features extraction process, and a multi-modal cardiovascular disease classification. To integrate clinical experts into the loop we suggest an interactive exploration of the extracted data and a disease hypotheses generation method. Furthermore, this module should provide an interactive data correction and data integrity check, as well as dynamic updates of machine learning models. We test the presented setup with two use-cases and publicly available data from MICCAI challenges on image-based disease classification: the ACDC challenge for the classification of cardiomyopathies (41) and the EMIDEC challenge for the detection pathologies (49) using cardiac MRI and non-image information.




2. MATERIALS AND METHODS

We propose a modular web-based software environment to support co-learning and comprehensive analysis of cardiovascular imaging data (Figure 1). The architecture of our solution contains the following main components: a data model; a semi-automated tool for efficient labeling; extraction of cardiovascular and radiomics features; visual analytics interface.


[image: Figure 1]
FIGURE 1. Concept of an iterative process for the training and evaluation of the ML-based segmentation and classification models. On import, image data is automatically segmented, pre-processed, and features are extracted. The results of the automatic segmentation and classification is displayed in the visual exploration interface. In addition clinical experts can manually correct the segmentation results of detected outliers. These corrections can be used to refine the segmentation model.


For integration into the clinical infrastructure, DICOM network services (42) are used to receive imaging data from PACS systems. On arrival of new data, automated processes import, classify, and, depending on the type of data, automatically pre-process, segment datasets, and extract radiomics features. A web-based application is provided for semi-automated segmentation correction as described in Section Data Correction, Data Integrity, and Dynamic Updates of Machine Learning Models. Cases that the users correct can be directly used to improve the segmentation algorithm by re-training. Figure 1 shows the workflow for refining the segmentation and classification solution. Study data can be analyzed in a web-based visual analytics application Section Interactive Multi-modal Data Exploration with Visual Analytics.


2.1. Data Model

The data model is essential for the traceability of the origin of classification results. Figure 2 shows the major entities and their hierarchical organization. Our data model follows a similar structure described by the DICOM standard (42) using patients and studies as entities to describe a patient cohort. Each patient entity can have one or more studies. Each study can contain several cases containing one or more 3- or 4-dimensional images. For each case, deformation fields, clinical parameters, and annotations, such as image type, or classification labels are stored. Automatic segmentation results and landmarks for the definition the 17-segment model defined by the American Heart Association (AHA) are stored in sessions so that it is always traceable on which data the calculated parameters are based. Furthermore, this data handling allows an evaluation of several readers or repeated measurements and thus supports inter- and intra-observer or ML model comparisons.


[image: Figure 2]
FIGURE 2. Schematic representation of the data model.




2.2. Machine Learning for Multi-Modal Disease Classification
 
2.2.1. Automatic Segmentation, Pre-processing, and Feature Extraction

The image processing part of the application is developed with MeVisLab (43). For data pre-processing and the training of models for the slice-wise segmentation of cardiac structures, we use the Redleaf framework, which allows the integration of inference methods directly in the MeVisLab based applications. U-nets are trained for the segmentation of the relevant structures such as RV, LV, and myocardium (44). These segmentations form the basis for the extraction of typical radiomics features and image-based cardiac biomarkers as suggested in Section Introduction. For 4D image data we generate radiomics feature curves that provide dynamic changes and motion patterns. These time-resolved features are aggregated using minimum, maximum, median, and (arithmetic) mean.



2.2.2. Multi-Modal Cardiovascular Disease Classification

The classifications are based on features describing local and global cardiac function, and radiomics features. We apply eight-fold nested cross-validation to select relevant feature classes. Moreover, during the cross-validation, we perform a model selection of five classifiers and their respective hyperparameters and train a classifier as described in Ivantsits et al. (45).

We perform a feature importance analysis as (46) proposed. This analysis can be performed on any fitted model by calculating a base score produced by the training or test set model. This is followed by a random shuffle to one of the features and compared to the baseline's predictive power. This procedure is then repeated and applied to all features to come up with an importance score. This importance analysis gives insights into the decision made by a classifier and can further be used to discover potential data integrity issues.




2.3. Interactive Multi-Modal Data Exploration With Visual Analytics

The interactive visualization is designed to support the evaluation, validation, and hypothesis generation. It is provided as a web-based tool for the clinical experts (Figure 3).


[image: Figure 3]
FIGURE 3. The parallel coordinates plot in the top row shows multi-dimensional data as line sets. Each y-axis represents a specific parameter. The diagrams in the center row show distributions and correlations of selected parameters. The curve view on the bottom left supports the exploration of the temporal dynamics of a selected parameter over the cardiac cycle The image data, the curve parameter of the selected timepoint is based on is displayed in the image viewer on the bottom right. Contours and overlay show the segmentation as well as the local certainty of the segmentation model.


The interface provides an overview of relevant features for a given patient cohort. These features are identified by the feature importance analysis of the machine learning module. In order to be sure that features such as, e.g., gender are always considered, users can also select features to be included in the exploration view. The parallel coordinate plots (PCP) visualize the multi-dimensional data as line sets with points representing the datasets' parameters. Each y-axis represents the relevant value range of one parameter. Each line corresponds to one patient dataset. Time-resolved parameters are represented by the aggregated minimum, maximum, or mean values.

Further chart types support an advanced exploration of relationships between different parameters. Scatter plots with regression lines visualize linear relationships between parameters. Histograms show the distribution of different parameters. Box plots give a standardized overview of the data set. Pie charts visualize how frequently individual values or cases of the disease class occur in the study. This can also be used to visually identify unbalanced data sets, for which appropriate measures can be taken in the case of subsequent training.

The exploration tool is designed as a hierarchical tool with different interlinked views. The linking of the data is based on the data model described in Section Data Model. Cases can be selected interactively in the PCP by a technique called brushing (47). The selected parameter range specifies the subset of patients considered for the dependent diagram and curve views. Images can be selected in the 2D viewer from this subset by a drop-down menu above the viewer. The line corresponding to the image selected in the 2D viewer is highlighted in the PCP and the curve diagram by changing thickness and alpha value.

A curve diagram enables the analysis of temporal dynamics of individual parameters. As shown in Figure 3, the curve color corresponds to the class assigned to the underlying dataset to enable a comparison of feature dynamics.

The image viewer shows the image data of a selected case with segmentation contours and an overlay of the segmentation uncertainty. Schematic visualization of the heart shows the position of the displayed image slice with regard to the cardiac anatomy. This approach supports the identification and exploration of outliers as shown in Figure 4 and thereby the data curation. Furthermore, via the aggregation of time-resolved data in the PCP the user can backtrack information from a specific feature to the relevant regions within the underlying image. This can further be used to identify any data integrity issues.


[image: Figure 4]
FIGURE 4. Exemplary case of a segmentation outlier (represented by the red line) in the total EMIDEC study consisting of 100 cases. It can be identified in the PCP by three blue brushes. In the image viewer the erroneous segmentation is clearly visible.



2.3.1. Data Correction, Data Integrity, and Dynamic Updates of Machine Learning Models

A second tool supports the correction and extension of ML-based segmentation results (Figure 5). The image viewer allows to delineate and correct contours defining the anatomical structures (left and right endocardium, left epicardium) using spline, freehand, and brush tools. The overview table indicates the segmentation status of the image slices. When analyzing time-resolved data, such as cine MRI, area and volume as segmentation certainty curve diagrams support the identification of mis-segmented timeframes to reduce the manual interactions. Sparse corrections by the users can be transferred in 3D using shape-based interpolation (25). To transfer segmentation results motion-compensated onto adjacent time frames, we use the deformation field generated by a Morphon-based method (48). In the timepoint widget users can specify which timepoints to consider (Figure 6). To help the users to generate consistent segmentation results, an optional tool can enforce that the LV epicardial contour encloses the LV endocardial contour, and that left epicardial and right endocardial contour do not intersect, using spatial set-theoretical boolean operations (Figure 6C). For each individual contour, we store whether it was manually corrected. Thereby, the quality of the automatic segmentation algorithms can be assessed. This information can also identify new cases to improve the AI-based segmentation approach via fine-tuning or re-training.


[image: Figure 5]
FIGURE 5. The expert segmentation correction tool shows the segmentation results as contour overlay in the image viewer. The brush tool is visualized as a circle. The table in the upper displays the segmentation status per image slice and anatomical structure. The curve diagrams on the bottom left show the area curves and the segmentation algorithms' probability of the segmentation results on the current slice.



[image: Figure 6]
FIGURE 6. (A) Shape-based interpolation: manual contours (yellow) are defined on two slices. The blue contours represent the interpolated results. (B) Temporal correction: top row shows a series of time frames of a cine MRI dataset. The solid contour shows the manually corrected contours. The dotted contours represent the incorrect segmentation results. The time-point widgets show the range the user selected for correction via contour propagation. (C) Correction with logical conditions: the contour of the right endocardium was originally drawn into the septal wall (blue dotted contour). The solid contour represents the corrected segmentation.






3. RESULTS/APPLICATION

We test the presented setup with two use-cases and publicly available data from MICCAI challenges on image-based disease classification: the ACDC challenge for the classification of cardiomyopathies (41) and the EMIDEC challenge for the detection of myocardial pathologies (49) using cardiac MRI and non-image information.


3.1. Classification of Cardiovascular Disease Based on Cardiac Cine MRI

Cardiac cine MRI provides information on the anatomy and the function of the heart and can help to differentiate between cardiovascular diseases. In this study, we use the freely available dataset from the ACDC challenge (41) to demonstrate how our software environment can be used to support experts in improvement and understanding of cardiomyopathy classification. The dataset comprises normal subjects and patients with one of the following cardiovascular diseases (CVD): previous myocardial infarction (MINF), dilated cardiomyopathy (DCM), hypertrophic cardiomyopathy (HCM), and an abnormal right ventricle (RV). The dataset contains the same number of cases in each subgroup. Clinical experts delineated the left epicardial and endocardial borders in end-systole and end-diastole and assigned the CVD class. The data was acquired on Siemens MRI scanners on 1.5T (Aera) and 3T (Trio Trim); the in-plane resolution was between 1.37 × 1.37 and 1.68 × 1.68mm2, the slice thickness was between 5 and 8mm, distance between slices was 5–10mm, and 28–40 phases covered each cardiac cycle. In this study a pre-trained 2D U-Net was retrained on 75 cases from the challenge' training set. The optimal classifier obtained by the described grid search on the ACDC challenge dataset yields a random forest classifier with 230 estimators, the Gini criterion, a maximum depth of six, a minimum of samples per leaf of six, and a minimum sample split of nine. This classifier is built with 112 shape- and texture-based features plus the patients height and weight. For the random forest classifier 80 cases were used for training and 20 cases for testing. Figure 10A shows the confusion matrix of this classifier before the correction. This results in an overall accuracy of 0.85, with a precision of 1.0 and recall of 0.75 on RV cases, a precision of 0.75 and recall of 0.75 on normal cases, a precision of 0.67 and recall of 1.0 on MINF cases, a precision of 1.0 and recall of 1.0 on HCM cases, and a precision of 1.0 and recall of 0.75 on DCM cases. Additionally, Figures 10C,D illustrate the AUC scores for each individual class plus the macro AUC score of 0.94 before the correction and an AUC score of 0.98 after the correction. After correcting segmentation outliers that were identified via the PCP, the accuracy of the classifier improved from 0.85 to 0.9 (Figure 10B). Furthermore, Figure 10E exemplifies the feature importance of the random forest classifier. We observe the patients' left myocardium sphericity to be the most crucial variable in detecting pathological cases, closely followed by the left blood pool volume and the interventricular septum thickness parameter.

Figure 7 shows the visual exploration interface for the complete ACDC dataset. Cases of all patients are shown in the PCP. The rightmost y-axis shows the patients' CVD, which is also visualized in the pie chart on the top right. One can see an equal distribution of the diseases in the dataset. Multiple clusters and outliers can be observed. As a first step, clear outliers were removed by deselecting outliers by the average myocardium intensity cluster tendency, average septum thickness, and average left ventricle tortuosity. After removing these outliers, one can differentiate between HCM and DCM patients based on the left blood pool coarseness and relative septum thickness. This can also be seen in the corresponding box plots in the second row. When only selecting patients with HCM and DCM, this becomes even more prominent as shown in Figure 8.


[image: Figure 7]
FIGURE 7. Visual analytics of complete ACDC dataset, which consists of 100 cases. The lines in the PCP represent the patients of the underlying cohort. The color of the lines visualizes the classification result and corresponds to class color in the pie chart. The selection via the blue brushes in the PCP includes patients without outliers for features such as septum thickness, myocardium intensity cluster tendency, and left ventricle tortuosity. The scatter plot in the second row shows the EDV vs. avg. myocardium intensity cluster tendency for this cohort. In the box-plots, the distributions of max. myocardial sphericity, max. LV volume and left ventricular diameters in each disease subgroup are shown. The curve diagram shows the LV blood pool curve of each patient over the cardiac cycle.



[image: Figure 8]
FIGURE 8. Comparison of features of HCM (green) and DCM (red) patients from the complete dataset. The upper diagram shows dynamics of the left bloodpool coarseness over the cardiac cycle. The lower diagram display the changes of the relative septum thickness. The viewers on the right show the time frames corresponding to the orange line for an example case of a DCM and HCM patient. The solid blue line indicates the septum thickness. The dashed line shows the diameter heart diameter, that is used for normalization of the septum thickness. The coarseness of the selected timepoint is shown on top of the left blood pool. The example cases differ strongly in the anatomical relations as well as in the blood pool intensity distribution.


While outliers were excluded in this first analysis of the study cohort, it is also possible to select and analyze these individual outlier cases. Figure 9 shows cases with strong motion artifacts that could be detected by the left blood pool surface area parameter. The crosshair in the images in the second row shows the center of the left blood pool in the basal slice. The misalignments in the slices can also be depicted in the 3D visualization of the segmentation.


[image: Figure 9]
FIGURE 9. Outlier with motion artifacts. Changes in the left endocardial and epicardial surface area indicate the presence of an outlier. The 3D rendering of the segmentation surface highlights the misaligned slices. The green crosshair in the image viewers was placed in the center of the left blood pool in a basal slice, giving an impression of the motion of the blood pool center.


In outlier cases where the segmentation had failed, it was manually corrected using our labeling interface. After correcting the outlier cases, parameters were extracted again, and the cases were classified again. Figure 10B highlights the classification performance after the correction of the cases as described in Section Interactive Multi-modal Data Exploration with Visual Analytics. We observer an improvement in accuracy from 0.72 to 0.8.


[image: Figure 10]
FIGURE 10. Illustration of the ACDC classifier performance on the test dataset consisting of 20 cases. (A,B) Highlights the confusion matrix for the ACDC classifier before and after the correction of image segmentations via our described visual outlier detection. Similarly, (C,D) show the AUC score improvement of the classifier. (E) Depicts the 10 most important features for this classifier.




3.2. Classification of Normal and Pathological Cases From Late-Gadolinium Enhanced MRI in the Left Myocardium

The EMIDEC challenge (49) provided benchmarking data to assess the performance of segmentation and classification algorithms using clinical parameters and late gadolinium enhancement (LGE) MRI data (50). The dataset consists of 150 cases: 100 diseased patients and 50 normal cases. Patients were split into 100 training and 50 testing sets, containing 1/3 normal and 2/3 pathological cases, which roughly corresponds to real-life observations in the clinical settings. The data was acquired on Siemens MRI scanners on 1.5T (Aera) and 3T (Skyra); the in-plane resolution was 1.25 × 1.25 and 2 × 2mm2, the slice thickness was 8mm and the distance between slices 8–13mm. In a post-processing step, the image slices were realigned to prevent any effects of breathing motions.

Analogously to the previous case study, the dataset from the EMIDEC challenge was integrated into our classification and exploration environment. A 2D U-Net was used to generate segmentations of the LV endocardial and epicardial border trained on data from 100 patients with myocarditis and cardiomyopathy to segment the myocardium in the LGE MRI data. As no cases with no-reflow areas were included in the patient data, we also included the 50 unlabeled cases from the challenge's test set. Initial segmentations for these cases were generated by a pre-trained model. An expert used the tools described in Section Data Correction, Data Integrity, and Dynamic Updates of Machine Learning Models to correct these segmentations. Next, the segmentation results were added to the internal cases with expert segmentation, and the final segmentation model was trained. This final model segmented the LV endocardial and epicardial contours and extracted the radiomics parameters on the 80 cases from the challenge's training set. A classifier was trained to differentiate between normal and pathological cases with 25 shape- and texture-based features. We applied a similar strategy as in the ACDC case study. An eight-fold nested CV was used for model and hyperparameters selection. Essential image-based features for the classifiers are shown in the PCP.

The optimal classifier identified by our grid-search on the EMIDEC challenge dataset turned out to be an extra tree classifier with 190 estimators, the Gini criterion, a maximum depth of six, a minimum of samples per leaf of six, and a minimum sample split of nine. Figure 11A illustrates the confusion matrix of this classifier before the interactive correction. This results in an overall accuracy of 0.75, with a precision of 0.79 and a recall of 0.85 on pathological cases, a precision of 0.67, and a recall of 0.57 on normal cases. Additionally, Figures 11C,D illustrate the AUC scores for each individual class of 0.85 before the correction and an AUC score of 0.87 after the correction. Figure 11E represents the feature importance, where the importance is defined by the difference of the models' baseline and the score after a feature permutation. We observe the patients left blood pool surface area to be the most crucial variable in detecting pathological cases, closely followed by left myocardium difference entropy and left myocardium contrast parameter.


[image: Figure 11]
FIGURE 11. An illustration of the EMIDEC classifier performance on the test dataset consisting of 20 cases. (A,B) Show the confusion matrix for the EMIDEC classifier before and after the correction of image segmentations via our described visual outlier detection. (C,D) Illustrate the AUC score before and after the correction. (E) Depicts the importance of the top 10 features for this classifier.


Outliers could be disabled via brushing on myocardial contrast, myocardial cluster tendency, myocardial complexity, left blood pool coarseness in the PCP analogous to the analysis of the ACDC dataset in Figure 7. After correcting segmentation outliers that were identified via the PCP, the accuracy of the classifier improved from 0.75 to 0.8 (Figure 11B).




4. DISCUSSION

To test our hypotheses, we applied the presented software environment to two multi-modal machine learning tasks: the classification of patients with cardiomyopathies considering cardiac cine MRI data and the detection of myocardial pathologies considering late gadolinium MRI data. Via our visual analytics tools experts could identify erroneous segmentations as outliers in the PCP as illustrated in Figure 10. In both use cases, the performance of the classifier could be improved. The classification accuracy on the test set was improved for pathology detection from 0.75 to 0.8. The accuracy for cardiomyopathies was improved from 0.85 to 0.9. This was achieved by correcting the training dataset and thus the input parameters for the classifier. Consistent with Demirer et al. (21), we found that providing annotation tools with familiar interactions to their routine clinical tools assisted experts with manual corrections. The expert corrections improved the input parameters of single cases, which could then be classified correctly. The suggested visual analytics interface can thus be used to extend approaches, which support retraining models with user-corrected image annotations such as the setup suggested by Dikici et al. (51). Related approaches for the application of visual analytics tools in the exploration of multimodal study data including image information as suggested by Bannach et al. (52) and Angulo et al. (53) strongly focus on the visualization of parameter distributions and have not been applied in a data curation context. However, our solution could also be used for cohort exploration and enhanced by more context-specific visualizations of the cardiac anatomy as suggested e.g., by Meuschke et al. (54). Furthermore, the classification and visualization environment could be used not only for the interpretation of the patient data, but also for a comparison with characteristic cohorts to support the assessment of the certainty and underlying features of the disease classification.

The visualization of the certainty maps produced by the DL-based segmentation, which were displayed as overlays in the image viewers (see Figure 7), did not influence the expert corrections. In future work, we could introduce more sophisticated DL-based outlier detections via Bayesian inference as proposed by Gal and Ghahramani (55). This method casts dropout training in DL methods and produces a distribution of outcomes. Unfortunately, this method increases in inference time and can hardly be included in real-time applications. As an additional layer for outlier detection, these certainty maps can be aggregated and displayed in the PCP to give medical experts insights into corrupt results produced by DL models.

The combination of the feature importance analysis and the link to the underlying data model enabled the exploration essential anatomical and functional disease properties in both use cases. Figure 10C illustrates that the most significant parameters for the classification of cardiomyopathies were mostly shape-based parameters. Whereas, the classification of myocardial infarctions was a combination of shape- and texture-based features, as highlighted in Figure 9C. Furthermore, Figure 7 shows that the temporal dynamics of features can also be important for the classification and the understanding of disease types.

Our proposed local and specialized cardiovascular software environment could be successfully applied within a clinical software environment and was used collaboratively by three experts. In order to support multi-centric collaborations, it could be integrated into federated learning platforms such as JIP via Docker. This leverages the capabilities of our proposed solution to be applied to federated learning environments that are compliant with GDPR suggestions on health records.

The organization of the training setup follows the suggestions by the FDA (40). However, quality assured model development requires a private validation set to detect model degeneration. This could be added for future applications.


4.1. Limitations

The datasets used to test our solution are publicly available and thereby readers can reproduce the described machine learning setup. However, both datasets are relatively small, and the available clinical information is limited. The labels of the EMIDEC dataset are solely based on the inspection of the image data, so that they mean infarction visible in LGE MRI and no infarction visible in LGE MRI (49). The second label does exclude myocardial pathologies. Therefore the clinical parameters were not included for the interactive optimization of the classifier as described in Section Classification of Normal and Pathological Cases from Late-Gadolinium Enhanced MRI in the Left Myocardium and only integrated for the dataset exploration. Future work with larger datasets will help to further evaluate and improve the presented solution.




5. CONCLUSIONS AND OUTLOOK

We have presented a conceptual design for a software environment that supports the development and application of machine learning methods for multi-modal disease classification using MRI data. We tested the potential of an expert-in-the-loop approach based on visual analysis tools for accelerating algorithm training and for making the learned features understandable with promising results. In future work, we will further quantify the potential of our solution for improving the usage of multi-modal imaging and proteomics data. In addition, we plan to add the monitoring module for an FDA-compliant training setup to offer quality-assured AI solutions. Further clinical studies will have to assess whether an improved disease classification achieved through our setup will have and impact patient outcomes through improved treatment personalization.



DATA AVAILABILITY STATEMENT

Publicly available datasets were analyzed in this study. This data can be found at: ACDC: https://acdc.creatis.insa-lyon.fr/description/databases.html and EMIDEC: http://emidec.com/dataset.



ETHICS STATEMENT

Ethical review and approval was not required for the study on human participants in accordance with the local legislation and institutional requirements. Written informed consent for participation was not required for this study in accordance with the national legislation and the institutional requirements.



AUTHOR CONTRIBUTIONS

AH and SK: funding acquisition. MH, MI, and LT: basic software development and user interface concept. MI and MH: machine learning implementation and validation of machine learning methods. MH, MI, and AH: writing—original draft. All authors helped in conceptualization and writing—review and editing. All authors listed have made a substantial, direct, and intellectual contribution to the work and approved it for publication.



FUNDING

This work was partially funded by the BMBF project Berlin Institute for the Foundations of Learning and Data (Grant Number 01IS18037E) and by the Deutsche Forschungsgemeinschaft (DFG, German Research Foundation) – SFB-1470 – B06.



FOOTNOTES

1Medical Open Network Artificial Intelligence. Available online at: https://monai.io

2https://www.drg.de/de-DE/3601/radiomics/

3https://www.eu-patient.eu/globalassets/policy/data-protection/data-protection-guide-for-patients-organisations.pdf



REFERENCES

 1. Weintraub WS. Role of big data in cardiovascular research. J Am Heart Assoc. (2019) 8:e012791. doi: 10.1161/JAHA.119.012791

 2. Leopold J, Maron B, Loscalzo J. The application of big data to cardiovascular disease: paths to precision medicine. J Clin Invest. (2020) 130:29–38. doi: 10.1172/JCI129203

 3. Romiti S, Vinciguerra M, Saade W, Cortajarena I, Greco E. Artificial intelligence (AI) and cardiovascular diseases: an unexpected alliance. Cardiol Res Pract. (2020) 2020:4972346. doi: 10.1155/2020/4972346

 4. Lopez-Jimenez F, Attia Z, Arruda-Olson A, Carter R, Chareonthaitawee P, Jouni H, et al. Artificial intelligence in cardiology: present and future. Mayo Clin Proc. (2020) 95:1015–39. doi: 10.1016/j.mayocp.2020.01.038

 5. Sermesant M, Delingette H, Cochet H, Jaïs P, Ayache N. Applications of artificial intelligence in cardiovascular imaging. Nat Rev Cardiol. (2021) 18:600–9. doi: 10.1038/s41569-021-00527-2

 6. Motwani M, Dey D, Berman DS, Germano G, Achenbach S, Al-Mallah MH, et al. Machine learning for prediction of all-cause mortality in patients with suspected coronary artery disease: a 5-year multicentre prospective registry analysis. Eur Heart J. (2016) 38:500–7. doi: 10.1093/eurheartj/ehw188

 7. Banerjee A, Chen S, Fatemifar G, Zeina M, Lumbers RT, Mielke J, et al. Machine learning for subtype definition and risk prediction in heart failure, acute coronary syndromes and atrial fibrillation: systematic review of validity and clinical utility. BMC Med. (2021) 19:85. doi: 10.1186/s12916-021-01940-7

 8. Gillies RJ, Kinahan PE, Hricak H. Radiomics: Images are more than pictures, they are data. Radiology. (2016) 278:563–77. doi: 10.1148/radiol.2015151169

 9. Cetin I, Sanroma G, Petersen SE, Napel S, Camara O, Ballester MAG, et al. A Radiomics Approach to Computer-Aided Diagnosis with Cardiac Cine-MRI. Lecture Notes in Computer Science. Quebec: Springer International Publishing (2018). p. 82–90. doi: 10.1007/978-3-319-75541-0_9 

 10. Wolterink JM, Leiner T, Viergever MA, Išgum I. Automatic Segmentation and Disease Classification Using Cardiac Cine MR Images. Lecture Notes in Computer Science. Quebec: Springer International Publishing (2018). p. 101–10. doi: 10.1007/978-3-319-75541-0_11 

 11. Khened M, Alex V, Krishnamurthi G. Densely Connected Fully Convolutional Network for Short-Axis Cardiac Cine MR Image Segmentation and Heart Diagnosis Using Random Forest. Lecture Notes in Computer Science. Quebec: Springer International Publishing (2018). p. 140–51. doi: 10.1007/978-3-319-75541-0_15 

 12. Isensee F, Jaeger PF, Full PM, Wolf I, Engelhardt S, Maier-Hein KH. Automatic Cardiac Disease Assessment on cine-MRI via Time-Series Segmentation and Domain Specific Features. Lecture Notes in Computer Science. Quebec: Springer International Publishing (2018). p. 120–9. doi: 10.1007/978-3-319-75541-0_13 

 13. Baessler B, Luecke C, Lurz J, Klingel K, von Roeder M, de Waha S, et al. Cardiac MRI texture analysis of T1 and T2 maps in patients with infarctlike acute myocarditis. Radiology. (2018) 289:357–65. doi: 10.1148/radiol.2018180411

 14. Larroza A, Materka A, López-Lereu M, Monmeneu J, BodíV, Moratal D. Differentiation between acute and chronic myocardial infarction by means of texture analysis of late gadolinium enhancement and cine cardiac magnetic resonance imaging. Eur J Radiol. (2017) 92:78–83. doi: 10.1016/j.ejrad.2017.04.024

 15. 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:e104–7. doi: 10.1158/0008-5472.CAN-17-0339

 16. Captur G, Karperien A, Li C, Zemrak F, Tobon-Gomez C, Gao X, et al. Fractal frontiers in cardiovascular magnetic resonance: towards clinical implementation. J Cardiovasc Magn Reson. (2015) 17:80. doi: 10.1186/s12968-015-0179-0

 17. Tautz L, Zhang H, Hüllebrand M, Ivantsits M, Kelle S, Kuehne T, et al. Cardiac radiomics: an interactive approach for 4D data exploration. Curr Direct Biomed Eng. Hamburg (2020) 6:20200008. doi: 10.1515/cdbme-2020-0008 

 18. Tautz L, Hüllebrand M, Steinmetz M, Voit D, Frahm J, Hennemuth A. Exploration of interventricular septum motion in multi-cycle cardiac MRI. In: Bruckner S, Hennemuth A, Kainz B, Hotz I, Merhof D, Rieder C, editors. Eurographics Workshop on Visual Computing for Biology and Medicine. Hamburg: The Eurographics Association (2017). 

 19. Schulz-Menger J, Bluemke D, Bremerich J, Flamm S, Fogel M, Friedrich M, et al. Standardized image interpretation and post-processing in cardiovascular magnetic resonance - 2020 update. J Cardiovasc Magn Reson. (2020) 22:19. doi: 10.1186/s12968-020-00610-6

 20. Chen C, Qin C, Qiu H, Tarroni G, Duan J, Bai W, et al. Deep learning for cardiac image segmentation: a review. Front Cardiovasc Med. (2020) 7:25. doi: 10.3389/fcvm.2020.00025

 21. Demirer M, Candemir S, Bigelow MT, Yu SM, Gupta V, Prevedello LM, et al. A user interface for optimizing radiologist engagement in image data curation for artificial intelligence. (2019) Radiol Artif Intell. 1:e180095. doi: 10.1148/ryai.2019180095

 22. Fedorov A, Beichel R, Kalpathy-Cramer J, Finet J, Fillion-Robin JC, Pujol S, et al. 3D Slicer as an image computing platform for the quantitative imaging network. Magn Reson Imaging. (2012) 30:1323–41. doi: 10.1016/j.mri.2012.05.001

 23. Wolf I, Vetter M, Wegner I, Nolden M, Böttger T, Hastenteufel M, et al. The medical imaging interaction toolkit (MITK): a toolkit facilitating the creation of interactive software by extending VTK and ITK. In: Proceedings of SPIE - The International Society for Optical Engineering, San Diego, CA (2004). doi: 10.1117/12.535112 

 24. Falcao AX, Udupa JK. Segmentation of 3D objects using live wire. Proc. SPIE, Vol. 3034. Newport Beach, CA: SPIE (1997). doi: 10.1117/12.274112

 25. Herman GT, Zheng J, Bucholtz CA. Shape-based interpolation. IEEE Comput Graph Appl. (1992) 12:69–79. doi: 10.1109/38.135915 

 26. Diaz O, Kushibar K, Osuala R, Linardos A, Garrucho L, Igual L, et al. Data preparation for artificial intelligence in medical imaging: a comprehensive guide to open-access platforms and tools. Phys Med. (2021) 83:25–37. doi: 10.1016/j.ejmp.2021.02.007

 27. Heiberg E, Sjögren J, Ugander M, Carlsson M, Engblom H, Arheden H. Design and validation of Segment - freely available software for cardiovascular image analysis. BMC Med Imaging. (2010) 10:1. doi: 10.1186/1471-2342-10-1

 28. Huellebrand M, Messroghli D, Tautz L, Kuehne T, Hennemuth A. An extensible software platform for interdisciplinary cardiovascular imaging research. Comput Methods Prog Biomed. (2020) 184:105277. doi: 10.1016/j.cmpb.2019.105277

 29. Overhoff D, Kohlmann P, Frydrychowicz A, Gatidis S, Loewe C, Moltz J, et al. The international radiomics platform - an initiative of the german and austrian radiological societies - first application examples. RoFo Fortsch Gebiet Rontgenstr Bildgebenden Verfahren. (2021) 193:276–87. doi: 10.1055/a-1244-2775

 30. Martin-Isla C, Campello VM, Izquierdo C, Raisi-Estabragh Z, Baeßler B, Petersen SE, et al. Image-based cardiac diagnosis with machine learning: a review. Front Cardiovasc Med. (2020) 7:1. doi: 10.3389/fcvm.2020.00001

 31. Cao Y, Liu Z, Zhang P, Zheng Y, Song Y, Cui L. Deep learning methods for cardiovascular image. J Artif Intell Syst. (2019) 1:96–109. doi: 10.33969/AIS.2019.11006 

 32. Singh A, Sengupta S, Lakshminarayanan V. Explainable deep learning models in medical image analysis. J Imaging. (2020) 6:52. doi: 10.3390/jimaging6060052

 33. Ghorbani A, Ouyang D, Abid A, He B, Chen JH, Harrington RA, et al. Deep learning interpretation of echocardiograms. NPJ Digit Med. (2020) 3:10. doi: 10.1038/s41746-019-0216-8

 34. Janik A, Dodd J, Ifrim G, Sankaran K, Curran K. Interpretability of a deep learning model in the application of cardiac MRI segmentation with an ACDC challenge dataset. In: Proceedings of SPIE - The International Society for Optical Engineering (2021). doi: 10.1117/12.2582227 

 35. Cetin I, Raisi-Estabragh Z, Petersen SE, Napel S, Piechnik SK, Neubauer S, et al. Radiomics signatures of cardiovascular risk factors in cardiac MRI: results from the UK biobank. Front Cardiovasc Med. (2020) 7:232. doi: 10.3389/fcvm.2020.591368

 36. Wiens V, Stocker M, Auer S. Towards customizable chart visualizations of tabular data using knowledge graphs. In: Ishita E, Pang NLS, Zhou L, editors. Digital Libraries at Times of Massive Societal Transition. Cham: Springer (2020). p. 71–80. doi: 10.1007/978-3-030-64452-9 

 37. Shah SJ. Precision medicine for heart failure with preserved ejection fraction: an overview. J Cardiovasc Transl Res. (2017) 10:233–44. doi: 10.1007/s12265-017-9756-y

 38. Scherer J, Nolden M, Kleesiek J, Metzger J, Kades K, Schneider V, et al. Joint imaging platform for federated clinical data analytics. JCO Clin Cancer Inform. (2020) 4:1027–38. doi: 10.1200/CCI.20.00045

 39. Klein J, Wenzel M, Romberg D, Köhn A, Kohlmann P, Link F, et al. QuantMed: component-based deep learning platform for translational research. In: Chen PH, Deserno TM, editors. Medical Imaging 2020: Imaging Informatics for Healthcare, Research, and Applications. Vol. 11318. Houston, TX: International Society for Optics and Photonics (2020). p. 229–36. doi: 10.1117/12.2549582 

 40. The U.S. Food and Drug Administration. Proposed Regulatory Framework for Modifications to Artificial Intelligence/Machine Learning (AI/ML)-Based Software as a Medical Device (SaMD) - Discussion Paper and Request for Feedback. The U.S. Food and Drug Administration (2020). 

 41. Bernard O, Lalande A, Zotti C, Cervenansky F, Yang X, Heng P, et al. Deep learning techniques for automatic MRI cardiac multi-structures segmentation and diagnosis: is the problem solved? IEEE Trans Med Imaging. (2018) 37:2514–25. doi: 10.1109/TMI.2018.2837502

 42. NEMA PI. Digital Imaging and Communications in Medicine (DICOM) Standard. Supplement 97: CT/MR Cardiovascular Analysis Report. National Electrical Manufacturers Association (2015). 

 43. Ritter F, Boskamp T, Homeyer A, Laue H, Schwier M, Link F, et al. Medical image analysis. IEEE Pulse. (2011) 2:60–70. doi: 10.1109/MPUL.2011.942929

 44. Hüllebrand M, Ivantsits M, Zhang H, Kohlmann P, Kuhnigk J, Kühne T, et al. Comparison of a hybrid mixture model and a cnn for the segmentation of myocardial pathologies in delayed enhancement MRI. In: Puyol-Antón E, Pop M, Sermesant M, Campello VM, Lalande A, Lekadir K, et al., editors. Statistical Atlases and Computational Models of the Heart. M&Ms and EMIDEC Challenges - 11th International Workshop, STACOM 2020, Held in Conjunction With MICCAI 2020. Vol. 12592 of Lecture Notes in Computer Science. Lima: Springer (2020). p. 319–27. 

 45. Ivantsits M, Huellebrand M, Kelle S, Schonberg SO, Kuehne T, Hennemuth A. Deep-Learning-Based Myocardial Pathology Detection. (2021). Available online at: http://emidec.com/downloads/papers/paper-26.pdf 

 46. Breiman L. Random forests. Mach Learn. (2001) 45:5–32. doi: 10.1023/A:1010933404324 

 47. Martin AR, Ward MO. High dimensional brushing for interactive exploration of multivariate data. In: Proceedings of the IEEE Visualization Conference, Atlanta, GA (1995). p. 271–8. doi: 10.1109/VISUAL.1995.485139 

 48. Tautz L, Hennemuth A, Peitgen HO. Motion analysis with quadrature filter based registration of tagged MRI sequences. In: Camara O, Konukoglu E, Pop M, Rhode K, Sermesant M, Young A, editors. Statistical Atlases and Computational Models of the Heart. Imaging and Modelling Challenges. Berlin; Heidelberg: Springer Berlin Heidelberg (2012). p. 78–87. doi: 10.1007/978-3-642-28326-0_8 

 49. Lalande A, Chen Z, Decourselle T, Qayyum A, Pommier T, Lorgis L, et al. Emidec: a database usable for the automatic evaluation of myocardial infarction from delayed-enhancement cardiac MRI. Data. (2020) 5:89. doi: 10.3390/data5040089 

 50. Vogel-Claussen J, Rochitte CE, Wu KC, Kamel IR, Foo TK, Lima JAC, et al. Delayed enhancement MR imaging: utility in myocardial assessment. RadioGraphics. (2006) 26:795–810. doi: 10.1148/rg.263055047

 51. Dikici E, Bigelow M, Prevedello LM, White RD, Erdal BS. Integrating AI into radiology workflow: levels of research, production, and feedback maturity. J Med Imaging. (2020) 7:1–12. doi: 10.1117/1.JMI.7.1.016502

 52. Bannach A, Bernard J, Jung F, Kohlhammer J, May T, Scheckenbach K, et al. Visual analytics for radiomics: combining medical imaging with patient data for clinical research. In: 2017 IEEE Workshop on Visual Analytics in Healthcare (VAHC), Phoenix, AZ (2017). p. 84–91. doi: 10.1109/VAHC.2017.8387545 

 53. Angulo DA, Schneider C, Oliver JH, Charpak N, Hernandez JT. A multi-facetted visual analytics tool for exploratory analysis of human brain and function datasets. Front Neuroinformatics. (2016) 10:36. doi: 10.3389/fninf.2016.00036

 54. Meuschke M, Niemann U, Behrendt B, Gutberlet M, Preim B, Lawonn K. GUCCI - guided cardiac cohort investigation of blood flow data. IEEE Trans Visual Comput Graph. (2021) 1–1. doi: 10.1109/TVCG.2021.3134083

 55. Gal Y, Ghahramani Z. Dropout as a Bayesian approximation: representing model uncertainty in deep learning. In: Proceedings of the 33rd International Conference on Machine Learning. New York, NY (2016). 

Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Publisher's Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Huellebrand, Ivantsits, Tautz, Kelle and Hennemuth. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



OPS/images/fcvm-09-829512-g005.gif
R
|8 SN
> ) Y.
SN






OPS/images/fcvm-09-829512-g006.gif





OPS/images/fcvm-09-829512-g003.gif
=i






OPS/images/fcvm-09-829512-g004.gif





OPS/images/fcvm-09-829512-g009.gif





OPS/images/fcvm-09-829512-g007.gif





OPS/images/fcvm-09-829512-g008.gif





OPS/xhtml/Nav.xhtml




Contents





		Cover



		A Collaborative Approach for the Development and Application of Machine Learning Solutions for CMR-Based Cardiac Disease Classification



		1. Introduction



		1.1. Integration of Image-Based Information in Multi-Modal Cardiac Disease Classification



		1.2. Expert Annotations for Cardiac Image Interpretation



		1.3. Clinical Integration of AI-Based Solutions for Cardiac Image Interpretation



		1.4. Goals







		2. Materials and Methods



		2.1. Data Model



		2.2. Machine Learning for Multi-Modal Disease Classification



		2.2.1. Automatic Segmentation, Pre-processing, and Feature Extraction



		2.2.2. Multi-Modal Cardiovascular Disease Classification









		2.3. Interactive Multi-Modal Data Exploration With Visual Analytics



		2.3.1. Data Correction, Data Integrity, and Dynamic Updates of Machine Learning Models













		3. Results/Application



		3.1. Classification of Cardiovascular Disease Based on Cardiac Cine MRI



		3.2. Classification of Normal and Pathological Cases From Late-Gadolinium Enhanced MRI in the Left Myocardium







		4. Discussion



		4.1. Limitations







		5. Conclusions and Outlook



		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		Footnotes



		References

















OPS/images/cover.jpg
’ frontiers o
in Cardiovascular Medicine

A Collaborative Approach for the
Development and Application of
Machine Learning Solutions for
CMR-Based Cardiac Disease
Classification





OPS/images/fcvm-09-829512-g001.gif





OPS/images/fcvm-09-829512-g002.gif
Case
)
= =
==} e
= =






OPS/images/fcvm-09-829512-g011.gif





OPS/images/fcvm-09-829512-g010.gif









OPS/images/crossmark.jpg
©

2

i

|





OPS/images/logo.jpg
, frontiers
in Cardiovascular Medicine





