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1. Overview 

In the frame of the EU-funded project ‘Defining stratification of patients with C3 Glomerulopathies / 

immune complex-mediated glomerular diseases for better diagnosis and tailored treatment’ 

(DECODE), we implemented an interactive tool for patient classification to support diagnosis of 

glomerulopathy subtypes. This computational tool was designed with a clean and user-friendly 

interface for clinicians, allowing for assignment of patients to a predefined disease cluster and provide 

a visual control by showing personalized data portraits and cluster centroid landscapes for comparison. 

The tool is implemented as interactive browser app and provides essential results of our machine 

learning-based portraying of the clinical parameter- and patient-landscapes. The key feature of the 

app, however, is the possibility to classify a patient suffering from membranoproliferative 

glomerulonephritis (MPGN) into the predefined cluster scheme based on their clinical parameters. 

Therefore, multiple methods are included for classification in parameter and patient space. The input 

data thereby comprises a set of 29 parameters derived from basic clinical assessment of the patient 

and microscopy and immunofluorescence assessment of a tissue biopsy. 

 

  



2. Patient landscapes 

Patient landscapes give an overview of similarity and dissimilarity relations among the 295 patients of 

the training data, and allow to judge representativeness of the previously defined disease sub-clusters. 

The app provides two patient maps based on alternative methods, namely t-SNE and patient SOM. 

Both methods project the patients into a two-dimensional space with coloring according to the clusters 

previously defined (Figure 1). Additional cluster-wise accumulation maps indicate regions that are 

cluster-specific, as well as regions that are shared by multiple clusters (Figure 1, maps below). 

In the t-SNE map, we observe good accumulation and separation of patients belonging to cluster 3 and 

4, while especially patients of clusters 1, 2, and 5 are more intermixed in the map. In the SOM map, 

clusters 2 and 4 occupy the bottom and top edges, respectively. Cluster 5 accumulates along the right 

edge, while patients of clusters 1 and 3 are barely separated in this approach. These results show that 

the two methods selected here for projection are complementary and emphasize independent 

characteristics of the training data. 

 

 

Figure 1: Patient landscapes of the 295 MPGN patients in the training data: t-SNE (left panel) and 

patient SOM (right panel) approaches project the patients into a two-dimensional map. Each dot 

represents one patient, colored according to its predefined cluster. The patient SOM map additionally 

provides characteristic parameter landscape portraits of the patients at a particular position in the 

map. Cluster-wise accumulation maps indicate cluster-specific and overlapping regions (maps below, 

respectively). 

 

 

  



3. Parameter landscapes 

Self-organizing map (SOM) machine learning provides a characteristic fingerprint of the parameter 

setting of each individual patient by means of parameter portraits (Figure 2). The algorithm arranges 

the 29 parameters into a two-dimensional grid according to similarity over all patients in the training 

data. Thereby, similar parameters are located to the same or close positions, dissimilar parameters to 

more distant or even diagonal positions (see next chapter). This mapping is fixed for all portraits, 

making them mutually comparable. 

Individual parameter landscapes were then generated by appropriate coloring of the map positions 

according to the underlying parameters of one patient (individual portraits, Figure 2, bottom part) or 

to the mean parameter values of the clusters (Figure 2, upper part). Thereby, red colors refer to high 

values, green and blue to intermediate to low values. For example, cluster 4 is characterized by high 

parameter values near the bottom right corner of the map (referring to module G containing serum 

parameters C3 and C4, see below), and by low values of the parameters in the bottom left, top left, 

and top right corner of the map. These selectively show high parameters in cluster 1, 2, and 3, 

respectively. 

 

 

Figure 2: Parameter landscape portraits: Red colors refer to high values, green and blue to intermediate 

to low values. The portraits were averaged over all individuals in the clusters to compute cluster 

portraits (upper part), and additionally all 295 individual patient portraits are listed in cluster-sorted 

layout (bottom part). 

 

  



4. Parameter modules 

The parameter portraits of the patients in the training data show characteristic red spots, each 

referring to a set of parameters with concertedly high values in this patient. By collecting all of such 

parameter sets, we generated a summary landscape which was then algorithmically segmented into 

14 separate modules of clinical parameters (Figure 3, top left part). These modules contain up to 6 

individual parameters, which show similar values across the patients and are therefore located at the 

same or close positions in the map. However, 7 modules represent a single parameter solely, showing 

that these parameters carry complementary information compared to the other parameters instead 

of similar information (Figure 3, bottom part). 

The parameter values were then averaged over all individual parameters in the modules to generate 

a module heatmap (Figure 3, top right part). It reveals modules which show mainly high values in a 

specific cluster, for example modules G and H in cluster 4, or module E in cluster 3. Most modules are 

nevertheless highly variable in the clusters, motivating utilization of a selection of multi-variate 

classification approaches as demonstrated below. 

 

 

Figure 3: Information on modules defined in the parameter landscape: The parameter landscape was 

segmented into 14 modules, each emerging as clusters of parameters with high values in at least one 

patient (top left part). Based on the average parameter values of these modules across all patients, a 

clustered heatmap was generated, showing both cluster-specific and also highly variable parameter 

modules (top right). The parameters contained in each module are listed in the assignment table 

(bottom part), where also mapping of proteomic and metabolomic data can be show upon selection in 

the input widget. 

 

 

  



5. Classification of a patient 

Major goal of our project is the implementation of a computational tool that allows assignment of 

patients to a cluster using a set of genetic, laboratory and clinical parameters to support diagnostics 

and orienting among treatment options. For this, we verified statistical learning of the original 

algorithmic MPGN clusters based on the qualitative and quantitative clinical parameters. Based on this 

benchmarking, we selected two classification methods for patient classification in feature and sample 

space: Best cluster recall was achieved by Support Vector Machine (SVM; 89%) and k-Nearest 

Neighbors classification (k-NN; 85%-87% depending on k). For k-NN, we selected k=3 and k=9 

representing a small and a broad neighborhood, respectively, and to avoid ties between two clusters. 

These three methods are supplemented by mapping of the newly classified patient into the patient 

map, and by prediction of a personalized parameter portrait. They complement the SVM and k-NN 

classification scores by localization in the patient map and by a visual identity to compare with other 

patient and cluster portraits. 

 

Figure 4: Input screen for clinical parameters: Classification of a patient is based on 29 clinical and 

laboratory parameters. Input widgets allow to submit categorial and numerical parameters as defined 

previously. The ‘predict’ button leads the user to the classification results (see below). Genetic, serum, 

microscopy, and/or immunofluorescence parameters may be missing (switch to ‘unavailable’ if 

appropriate), however limiting accuracy of the resulting classification. 



In the training data, 29 clinical and laboratory parameters were utilized to define the five clusters and 

to train the classification models. The app provides an interface to input the parameters of a new 

patient for classification (Figure 4). As not all parameters are always available, the app allows 

parameter categories to be missing (use the sliders in the interface), except for the basic clinical 

assessments. However, unavailability of one or multiple parameter categories implies reduced cluster 

recall in subsequent classification and limits accuracy of patient landscape projection and parameter 

portrait inference. 

After submitting the parameters using the ‘predict’ button, the app computes the classification results 

using SVM, 3-NN and 9-NN methods, localization in the patient SOM map, and the corresponding 

parameter portrait (Figure 5, from left to right). For each classification method, a barplot is shown 

visualizing prediction probabilities for each cluster as a result of SVM, and the cluster assignments of 

the 3 and 9 nearest neighbors (3-NN and 9-NN), respectively (Figure 5, left part). The cluster with 

highest probability (SVM) and the majority votes of the two k-NN classifiers are highlighted above the 

barplots to summarize classification results. 

Additional to the statistical learning classification methods, the app maps the patient into the patient 

SOM landscape for an additional criterium for diagnosis (Figure 5, middle part). The localization of the 

patient in the map is indicated with a crosshair and can be evaluated by means of localization in/near 

a cluster-specific region (Figure 5), or in intermixed regions of the map (Figure 6). 

Finally, a parameter landscape of the patient is inferred based on the parameters provided (Figure 5, 

right part). This portrait can be compared to the cluster portraits to judge similarities and parameter 

modules with high values shared with selected clusters. 

 

 

Figure 5: Classification results of a new patient recruited in the project: Classification methods provide 

cluster probabilities (SVM) and cluster assignments of the 3 and 9 nearest neighbors (k-NN), 

respectively, represented a barplots and summarizing cluster assignments (left part). The patient is 

further mapped into the patient SOM landscape (see crosshair in middle part), and a parameter portrait 

is predicted for direct comparison with the cluster portraits (right part). 



 

Figure 6: Classification of another new patient recruited in the project. See Figure 5 for details. 

 


