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Nowadays, traditional interpretation of medical images by

trained radiologists based on single image features is

increasingly supported by radiomics approaches. This means

that medical images are analyzed based on hundreds to

thousands of radiomic features that are extracted in an

automated fashion. Radiomics refers not only to the extraction

of large amounts of high-dimensional quantitative features

from multimodal medical images, but also to clinical data to

detect quantitative correlations. Based on the analysis of

these interrelationships, radiomics can provide insights into

microanatomy, pathophysiology and yet unknown correlations

for personalized medicine1. For understanding what radiomics

does in particular, it is important to look at the radiomics

pipeline as it consists of the following components that build

up on each other2. The steps should be carried out in a

standardized manner to minimize sources of error and to

ensure comparability and reproducible results:

Preprocessing, segmentation, feature extraction and 

modeling.

Figure 1 shows all the major folders, important files, and links

of the Radiomics module. The red arrows show the

connections between the files, and the numbers show the

general order, starting with the upload and ending with the

download. All files and folders are categorized into two main

folders of the study window, namely, the frontend, and the

backend. Starting from the frontend, the main HTML file

index.html defines the user interface, such as the button for

data uploading.

The Radiomics module was tested with data of different sizes,

case numbers and formats. The test cases came from

different public data collections, namely KiTS194, RIDER5 and

the Skull-stripped MRI GBM Datasets6. The respective

runtimes can be seen in Table 1. The time it takes to upload

the data to the server was excluded, as it depends heavily on

the user's internet connection.

In this contribution, we presented a web-based radiomics

functionality for end users that enables the extraction of image

feature for a tumor characterization. In doing so, we

implemented and added a radiomics module to the existing

StudierFenster framework.

Table 1: Runtimes of the test cases, which have been taken

from KiTS19, RIDER and the Skull-stripped MRI GBM

Datasets.

Fig. 1: Overview of relevant folders and files for the Radiomics

module.
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The Radiomics module in StudierFenster

(http://www.studierfenster.at)3 allows the extraction of

commonly used radiomic features in a user-friendly

environment, similar to the cranial implant design and

centerline modules. It provides users who have no coding

background with the opportunity to upload already segmented

data to the module for the feature extraction. The features can

then be used for various down-stream image analysis and

model building tasks, such as diagnosis.

The client side of the StudierFenster framework, defined in the

frontend repository, is implemented with the three leading

technologies of frontend web development Hypertext Markup

Language (HTML), JavaScript and Cascading Style Sheets. A

Python web server with a Flask framework provides the

backend. The communication between the server and the

client takes place by a Web Server Gateway Interface. By

accepting requests from the client, the Flask framework

manages the execution of new sub-processes within Python

and C++ programs.

Noticeable are the white bands resulting from non-valid

values of features. There are also many yellow and green

clusters, which are taken as groups of features with very

similar results. Features that are very similar or meaningless

should be removed in the next step, the feature selection. The

selection also reduces overfitting in subsequent model

building. The fewer features and the more cases included in a

model, the lower the risk of overfitting.

Furthermore, about 100 cases of the KiTS19 dataset were

processed using the radiomics module. The 1410 features

obtained for each case were stored in CSV files. Figure 2

shows a typical radiomics correlation diagram of these

features.

Fig. 2: Correlation matrix of 1410 features from 98 KiTS19

cases.
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