
1 Introduction

Machine Learning (ML) is widely employed in several fields. However, the complexity
behind applying this kind of approach should not be overlooked. Several domains benefit
from the application of Machine Learning models, but this process can also be sensitive.
One of these domains is the medical domain, where sensitive data is processed to ease
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Abstract. Machine Learning (ML) applications in complex domains, such as the
medical domain, can be highly beneficial, but also hazardous if some concepts
are overlooked. In this context, however, health professionals denote expertise in
their domain, but they often lack skills in terms of ML. In this sense, to leverage
ML applications in the medical domain, it is important to combine both domain
expertise and ML-related skills. In previous works, we tackled this challenge in
the health context through a visual platform (KoopaML) that enables lay users
to build ML pipelines. The present work describes the challenges derived from
the first version of the platform and the prototypes for the new features designed
to address them. The prototypes have been validated by two experts, obtaining
highly valuable feedback.
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complex tasks such as diagnoses, disease detection, segmentation, and assessment of
organ functions, among others [1–3].

For these reasons, it is important to train physicians regarding ML applications to
reach two goals; (1) to allow them to apply ML pipelines without the necessity of
external Artificial Intelligence (AI) experts, and (2) to avoid wrong conclusions, losses,
discrimination, and even negligence due to the misunderstanding of the ML models’
outputs [4–7].

In previous works, we introduced KoopaML, a platform to ease the application of
machine learning in the medical domain without the necessity of having programming
skills [8–10]. The first version of the platform provided main features such as a graphical
user interface to design and execute ML pipelines visually.

This paper presents the improvements and validations of the KoopaML platform
based on new necessities derived from the user-centered approach followed for its
development.

The rest of this paper is organized as follows. Section 2 provides an overview of the
first version of KoopaML. Section 3 describes the methodology followed to gather new
requirements and validate the platform. Section 4 presents the prototypes developed to
explore the new features of KoopaML. Section 5 presents the results of the prototype
evaluations. Finally, Sect. 6 discusses the results and presents the conclusions derived
from this process.

2 First Version of the Platform

The first version of the platform provided a set of functionalities related to the definition
and execution of ML pipelines, input data validation, visualization, and the possibility
of defining heuristics to drive and ease the development of ML pipelines.

To create a new pipeline, the system provides an empty workspace with a toolbar
containing the potential tasks that can be included in the ML workflow. These tasks are
connected by sockets related to their inputs and outputs. These connections need to be
compatible to work, i.e., if a task requires a dataset as an input, only those tasks that
output a dataset can be connected. Figure 1 displays an ML pipeline in which a Random
Forest classifier is trained with an input dataset with 6 variables.

Fig. 1. Machine Learning pipeline example with KoopaML.



Once thepipeline is executed, the intermediate results fromeach step canbe consulted
individually, allowing better traceability of errors (if any) and other issues related to the
resulting models.

KoopaML also provides the possibility of visually exploring the input dataset and the
evaluation results of the models (Fig. 2). This feature takes advantage of the automatic
generation of information dashboards through domain engineering and meta-modeling
[11–14].

Fig. 2. A dashboard displaying summary statistics of an input dataset.

However, during the platform evaluation, users detected some features that could be
included in the platform to improve the user experience and to extend the application
of AI to DICOM images [15]. These new features have been explored and evaluated
through prototypes before including them in production.

3 Methodology

The two prototypes with KoopaML were developed with Adobe XD. These prototypes
were evaluated by two experts within the medical domain. Specifically, the links to the
Adobe XD prototypes were shared with two medicine Ph.D. students who specialized
in using AI to predict cardiological conditions.

Both experts received instructions to navigate through the prototypes and write
down any thoughts, issues, or recommendations regarding the design and functionalities
provided by the tool.

These comments have been analyzed to refine and improve the prototypes before the
introduction of the new features in the current version of KoopaML.

4 Prototypes

Two different prototypes have been developed to explore newKoopaML features. One of
the prototypes focuses on the support of DICOM images as input data for AI algorithms.



The other prototype focuses on improving user experience by displaying recommenda-
tions during the creation of ML pipelines, helping non-expert users to choose the best
configuration for their data, as well as providing a learning experience while developing
them.

Regarding the first prototype, a new workspace was devised. Separating the ML
workspace from the DICOMworkspace was crucial to avoid a cluttered interface. Also,
the substantial differences between managing structured data and DICOM data require
different treatments for these two kinds of inputs.

For these reasons, when creating a new project, users can choose between creating a
newML pipeline or a new DICOM project. In this case, it is necessary to add a configu-
ration section for configuring picture archiving and communication systems (PACS) to
enable KoopaML to request images from the configured servers.

When a new DICOM project is created, users are asked to select which images
from the PACS they want to retrieve. Finally, different algorithms can be applied to the
DICOM images depending on their modality. These algorithms are uploaded into the
platform by authorized AI experts, making them accessible to non-expert users (Fig. 3).

In addition, theDICOMworkspace also allowsusers tomodify images usingdifferent
edition tools to measure, annotate, crop, zoom, pan, and segmentate, among others.

Regarding the second prototype, the initial workspace of the platform was improved
with new features, such as the “recommendation mode.” This modality yields recom-
mendations based on the current configuration of the workflow and the potential nodes
that can be included to train the best model (Fig. 4). These recommendations will be
driven by expert advice and heuristics.

Fig. 3. Application of AI algorithms to DICOM images using a graphical interface.

On the other hand, the workspace has been redesigned to improve user experience.
In this sense, the configuration tools (clear the workspace, execute the project, save the
project, etc.) have been moved to the bottom part of the screen. This way, there is a



Fig. 4. Prototype for the new version of the KoopaML workspace.

differentiation between the configuration tools and the ML tasks that can be introduced
into the pipeline.

5 Prototype Evaluation Results

5.1 DICOM Prototype

The following feedback was obtained for the prototyped DICOM functionalities. In
general, both experts highlighted the simplicity and intuitiveness of the platform and the
fact that these new features could be very useful for them.

Expert #1

– “PACS are easy to configure, and the configuration parameters are correct and
sufficient”

– “DICOM images are easy to search by using patient IDs, studies, or existing projects”
– “DICOM edition tools seem good. Maybe the segmentation tool won’t be employed
by experts because they use other tools”

– “The interface to execute AI models is simple and intuitive”

Expert #2

– “Intuitive and easy-to-use platform, even for non-expert users”
– “It would be helpful to have some information and recommendations related to the
available AI algorithms before applying them to the DICOM images”

– “It is likely that the segmentation tool won’t be used. Maybe it would be interesting
to upload already segmented images”



5.2 Redesign and Recommendation Mode

Regarding the new design of the ML workspace and the recommendation mode, both
experts pointed out that yielding recommendations while developing the ML pipelines
could be extremely useful for non-experts.

Expert #1

– “I think the new workspace design is better. I like the differentiation between the
configuration tools and the ML nodes, it is very intuitive and understandable”

– “I think that recommendations are helpful for non-expert users”
– “I like all the improvements; the new placement and shape of the buttons are very
intuitive”

Expert #2

– “I have doubts about the data formats to be accepted. Excel spreadsheets are widely
used, but on some occasions, other databases are employed.”

– “In addition, I don’t know if it could be useful to allow the definition of datasets in
the platform itself by filling forms. Anyway, I understand that it may not make sense
to integrate it here on this platform”

– “As for the processing or coding of the data, I am not clear when it is necessary.
Sometimes the data will be uploaded already coded and cleaned. I wonder if it is
possible to already use that coding and not duplicate the work.”

– “As for the recommendation option for the project, I find it very interesting; even
some help or brief description of the different options would be nice”

– “Finally, once the project is completed (with its trained algorithm andML evaluation),
it may be interesting to add new datasets to the sample. I am considering the possibility
of adding new data to the previously used data.”

6 Discussion and Conclusions

This work presents the continuous improvement of a platform for creating AI-driven
pipelines in the medical domain, namely KoopaML. The first version of the platform
obtained good feedback [8–10], but some new features were required to support other
complex tasks in the medical context.

In this sense, two prototypes were developed to evaluate and explore these new fea-
tures and to make design decisions before including them in production. The prototypes
were evaluated by two experts in the medical domain.

The feedback was positive and useful. The two experts pointed out that both pro-
totypes were intuitive, simple, and easy to use, which were crucial goals because the
platform aims to promote the use of AI among non-expert users.

Both experts also indicated that the segmentation tool could not be as useful as we
thought because physicians and researchers usually employ their own tools to perform



this task. However, it could be useful to support segmentation for other goals, like
correcting the segmentation derived from applying an AI model to DICOM images.

Regarding the negative feedback, it ismostly related to themisunderstanding of some
ML nodes, such as the “Encoding” node. This node is not mandatory, so the already-
codified dataset could be employed without the necessity of including the encoding task
in the ML pipeline.

In fact, this kind of issue can be avoided by improving the information related to the
goal, inputs, and outputs of each ML node, which is another goal of the ML workspace
redesign.

This work has provided enough feedback to refine the features and new designs
before implementing the improvements in a new version of KoopaML. Future research
lines will involve the evaluation of the implemented features, as well as user evaluations
related to the usefulness of the displayed heuristics and recommendations during the
development of ML pipelines (comparing experts with non-experts).
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