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Radiomics – The extraction of quantitative features from radiologic images – shows increasing potential
in contributing to modern personalized medicine approaches. MITK Phenotyping is an openly distributed
radiomics framework implementing an exhaustive set of features, adhering to most recent international
standards, and supporting a variety of different user interfaces and programming languages.
� 2018 The Authors. Published by Elsevier B.V. Radiotherapy and Oncology 131 (2019) 108–111 This is an
open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
Radiologic imaging plays a crucial role in modern oncology.
Images are commonly acquired at various time points during dis-
ease progression, providing in-vivo and spatially resolved insights
into otherwise hidden processes and structures of the human body.
For example, images are used for diagnostic purposes in order to
detect and characterize lesions. They are used for treatment plan-
ning in order to locate tumorous tissue and structures of risk and
during follow-up examinations to assess tumor growth and ther-
apy outcome.

Radiomics is an approach that allows extracting well-defined
quantitative features from underlying unstructured information
in the raw images. The predictive information contained in these
features sets can then complement the subjective evaluation by
radiologists. The features can be either manually engineered or
learned automatically. Other than the images themselves, they
can be directly compared across different images and thus can be
used to identify predictive patterns, i.e. phenotypes, to be used
either alone or in combination with complementary information
from other biomarkers. The high potential of such approaches
has already been shown for different entities and modalities [1–3].

Radiomics research is often carried out in a clinical environ-
ment by medical experts who cannot invest sufficient resources
in the programming part of experiments. But it had been shown
that already small differences in the implementation of the radio-
mics features can lead to significantly altered feature values [4,5].
An obvious solution would be the application of an existing tool,
but many of these academic tools require knowledge in a specific
programming language for correct usage, which accounts for addi-
tional barriers in this area. In addition, the heterogeneous land-
scape of radiomics tools and corresponding feature sets can be a
severe problem when considering the reproducibility of published
Radiomic models, trying to pool feature values from different sites,
or applying existing radiomic models in the clinical routine.

The ‘Image Biomarker Standardisation Initiative (IBSI)’ [6] has
taken on the problem of different implementations, aiming to pre-
cisely define a common subset of handcrafted features to ensure a
consistent meaning and implementation between different toolkits
and programming languages. It includes closed and open source
frameworks like pyRadiomics [7], written in python, Moddicom
[8], written in R, and IBEX [9], written in Matlab and C++. To build
upon this effort and take it one step further, we developed MITK
Phenotyping, an open-source Radiomic framework that we built
with three main goals in mind: first, the inclusion of an exhaustive
set of features with various feature types and parametrization,
adhering to the standards set by IBSI. Second, the support of differ-
ent user interfaces and programming languages with one imple-
mentation, including an easy-to-use graphical interface. Third,
the open distribution of a stable and well-tested implementation.
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Feature overview

MITK Phenotyping supports all image-related tasks in a Radio-
mics study within a single framework. Fig. 1 shows the image
related steps of a common Radiomics pipeline.
Data input/output

MITK Phenotyping offers a unified interface for loading and sav-
ing different data types like images, meshes, pointsets, and others
by combining and extending other public frameworks like ITK,
VTK, and GDCM. The modular reader and writer solution of MITK
automatically selects best-suited reader if multiple frameworks
could be used. This structure also enables adding new reader/wri-
ter by providing a shared library. DICOM images are loaded using
an advanced heuristic for reading images from different vendors
and more complex data like Diffusion Weighted Images or DICOM
RT-Structs.
Registration and resampling

Choosing the right registration and resampling algorithm is
problem-specific and a topic of ongoing research. Therefore, we
included MatchPoint [10] which provides unified access for a wide
range of registration and resampling algorithms from libraries like
ITK, Plastimatch, and others. The most common algorithms are
already included and new algorithms can also be included in
MatchPoint.
Segmentation

MITK Phenotyping includes basic segmentation algorithms like
thresholding, boolean, and morphological operations. The main
goal of these algorithms is to provide means for an automated
cleaning and sanity checking of manually created segmentations
as commonly performed in Radiomic studies [11]. In addition,
the graphical user interface inherited from the MITK workbench
offers several semi-automatic segmentation tools. Since they rely
on data visualization and user interaction, they are not directly
available from other programming languages.
Preprocessing

Commonly used preprocessing steps are made available by
wrapping existing ITK methods or providing new implementations.
This includes simple operations like smoothing, mathematical
operations and more complex operations like LoG or Wavelet
based image transformations. All filters are implemented at the C
++ layer and therefore are available on all supported platforms.
Fig. 1. Common Radiomic research pipeline. The aim of MITK Phenotyping is to support
done in specialized languages like R, Matlab, or Python allowing to apply the same MIT
clinical routine.
Additional preprocessing methods can be added with only a few
lines of code.
Feature extraction

At the hearth of MITK Phenotyping is the extraction of feature
values from images. The features are organized in feature classes
which can be independently calculated. This includes common fea-
tures classes like first order features, volumetric statistics, and co-
occurrence based features, but also some less known feature
classes like curvature statistics, and grey level distance features.
All features defined in the ‘Image Biomarker Standardisation Initia-
tive (IBSI)’ are supported [6].

The calculated feature values are stored in a list of name-value
pairs. The name of each feature is a unique string that encodes the
class of feature and the actual feature names. By this, it is possible
to use similarly named features within different feature classes,
while being able to distinguish these features. The parameters used
for the calculation of the features can be encoded in the feature
code in order to enable reproducibility of experiments as part of
good scientific practice.
Design principles

The main design goal of MITK Phenotyping is to provide a uni-
fied framework for different user applications. Depending on the
given scenario, the framework can be accessed either by a graphi-
cal user interface (GUI, c.f. Fig. 2), a command line tool (CLI), a
scripting language like python or a programming language like C
++. This is achieved through a layer-based software design. The
core is written in C++ and provides all functionality of MITK Pheno-
typing, while the outer layers provide different interfaces to other
programming languages, like python. The software is designed as a
part of the open-source MITK framework [12], which is commonly
used in academia and in industry. This C++ framework provides
unified building and accessing to other well-known libraries like
GDCM, ITK or VTK, and extending these third-party frameworks
with own functionalities.

Using MITK as the foundation for MITK Phenotyping provides
access to a large, well-tested and documented set of common func-
tionalities like image reading, writing, or registering. Automated
testing and regular releases including MITK Phenotyping ensure a
constantly high software quality. An automated testing environ-
ment reveals unexpected changes in the calculated feature values.
All features are also tested for plausibility and cross-checked
against other implementations, for example in collaboration with
the IBSI. An extensive documentation provides descriptions and
mathematical foundations of each feature, the software design
and the used core software.
all image-related tasks from image acquisition and to model building which can be
K Phenotyping pipeline without changes during exploration, model building or in



Fig. 2. Graphical interface of MITK Phenotyping. Besides the already known features of the MITKWorkbench, like semiautomatic segmentation and 3D visualization, it is now
possible to calculate Radiomic Features as well as performing common preprocessing steps. The radiomics-related functionality is also accessible via other interfaces like
command line tools (CLI), scripting languages, and compiled languages like C++.
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Discussion

MITK Phenotyping provides a stable, well tested, and extensible
framework for the development of Radiomic analysis pipelines. It
includes methods for most common preprocessing steps and all
features defined in the IBSI initiative. Its layer-structure enables
software access through different interfaces and programming lan-
guages, thus allowing straightforward translation from exploration
to research and then to product development since a change of the
programming language is possible without adapting to a new
Radiomics framework. All information for a later reproduction of
results can be easily stored for the sake of good scientific practice.
The current version of MITK Phenotyping, as well as a more
detailed documentation can be found at http://www.mitk.org/
Phenotyping.

The Graphical User interface (GUI) of MITK Phenotyping is
intended to remove existing barriers related to performing the
steps of a Radiomics study. While it is still possible to use a pro-
gramming language to access all relevant functions, this is not nec-
essary anymore since everything can as well be done using the GUI.
This is beneficial for users without or with limited experience in
programming and for users who like to visualize the results of each
step, for example to understand the implications of each prepro-
cessing step.

The availability of the source code and a permissive open-
source license allows the fast implementation of an individual
graphical application based on MITK Phenotyping. This can be use-
ful in different scenarios, for example to reduce the necessary work
to perform a study with custom requirements. Another relevant
setting would be the integration of a known radiomic signature
within a graphical application to make it accessible to clinical
users. Such applications could then be used to facilitate a broader
validation of signatures or even enhance the clinical decision pro-
cess directly.
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