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Abstract

In automatic machine learning (aML) great advances have been made, for exam-
ple, in speech recognition, recommender systems, or autonomous vehicles. Auto-
matic approaches greatly benefit from big data with many training sets. However,
in health informatics, we are often confronted with a small number of data sets or
rare events, where aML suffer of insufficient training samples. Here interactive
Machine Learning (iML) may be of help, having its roots in reinforcement learn-
ing, preference learning and active learning. The term iML is not yet well used,
so we define it as algorithms that can interact with agents and can optimize their
learning behavior through these interactions, where the agents can also be human.
This human-in-the-loop” can be beneficial in solving computationally hard prob-
lems, e.g., subspace clustering, protein folding, or k-anonymization of health data,
where human expertise can help to reduce an exponential search space through
heuristic selection of samples. Therefore, what would otherwise be an NP-hard
problem, reduces greatly in complexity through the input and the assistance of
a human agent involved in the learning phase. For the successful application of
ML in health informatics a multidisciplinary skill set is required, encompassing
the following seven specializations: 1) data science, 2) algorithms, 3) network
science, 4) graphs/topology, 5) time/entropy, 6) data visualization, and 7) privacy,
data protection, safety and security, fostered in the HCI-KDD approach. After
giving a very brief introduction to the HCI-KDD approach, I start this talk with
showing some problems with probabilistic information in the health domain. Af-
ter the definition of aML and showing some examples I will provide some insight
into our latest iML-research.

Extended Abstract

The original idea of the HCI-KDD approach [1] is in combining aspects of the best of two worlds:
Human–Computer Interaction (HCI), with emphasis on cognitive science, particularly dealing with
human intelligence, and Knowledge Discovery/Data Mining (KDD), with emphasis on machine
learning, particularly dealing with computational intelligence [2]. Cognitive science (CS) studies
the principles of human learning to understand intelligence. In CS our natural surrounding is in R3

and it is amazing how humans extract so much from so little in dimensions of ≤ 3. However, the
problem in health informatics is that we are challenged with data of arbitrarily high dimensions [3],
[4]. Within such data, relevant structural patterns and/or temporal patterns (“knowledge”) are often
hidden, difficult to extract, hence not accessible to a biomedical expert. The challenge is to bring the
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results from high dimensions into the lower dimension, because the health experts are working on
2D surfaces. CS and Machine Learning (ML) did not harmonize in the past: Whilst CS had its focus
on specific experimental paradigms because it was embedded deeply in Psychology and Linguistics
and aimed to be cognitively/neutrally plausible, ML had its focus on standard learning problems
and tried to optimize in the range of 1 % because it was embedded in Computer Engineering, and
aimed to have working systems to solve practical problems whether mimicking the human brain or
not. The ultimate goal ever since is to develop algorithms which can automatically learn from data,
hence can improve with experience over time. Sometimes the application of such aML approaches
in the complex health domain fails, and a good example are Gaussian processes, where aML ap-
proaches (e.g. standard kernel machines) struggle on function extrapolation problems which are
trivial for human learners [5]. Consequently, iML-approaches can be of interest to solve problems,
where we are lacking big data sets, deal with complex data and/or rare events, where traditional
learning algorithms suffer due to insufficient training samples [6]. Here the doctor-in-the-loop [7]
can help, where human expertise and long-term experience can assist in solving problems which
otherwise would remain NP-hard; examples include subspace clustering [8], protein folding, or pri-
vacy preserving ML, which is an important issue, fostered by anonymization, in which a record is
released only if it is indistinguishable from k other entities in the data, but where k-anonymity is
highly dependent on spatial locality in order to effectively implement the technique in a statistically
robust way. In high dimensionalities data becomes sparse, hence the concept of spatial locality is not
easy to define. Consequently, it becomes difficult to anonymize the data without an unacceptably
high amount of information loss - here iML could be of help [9].

Much future research has to be done, particularly in the fields of Multi-Task Learning and Transfer
Learning and to go towards Multi-Agent-Hybrid Systems. As example I will finally discuss a recent
project on tumor growth: The underlying complexity of cancer demands for abstractions to disclose
an exclusive subset of information related to this disease. Machine learning for tumor growth profiles
and model validation may be of great help here, where we follow the assumption that the key to
understanding the concepts of cancer lies within an integrative translation and multi-dimensional
connection of open data sets [10], [11].

Graphical Abstract

Figure 1: Graphical abstract: The interactive knowledge discovery pipeline, ML is at the heart, but
solving problems in health informatics needs a concerted effort of several other disciplines (Image
taken from hci-kdd.org)
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