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Combining Statistics and Machine Learning
for Probabilistic, Scalable and Explainable Models

Modeling time-varying or complex systems in applied research fields such as biology, medicine,
or psychology is one of the main challenges in the 21st century and requires joint efforts from
experts of various fields and new innovative approaches. Some applications require fitting models
for high-dimensional yet small sample size data, others the fusion of different sources of information.
Methods need to account for spatio-temporal or multi-dimensional dependencies, need to work at
large scale and still must be interpretable for researchers of the respective field. For safety-critical
application, it is further required to measure uncertainties, both in the model and the data generating
process.

Previous Research Experience
In the past, I have worked with researchers from various fields to analyze data and develop methods
that bring new insights to the respective research domain. In the field of neuroscience I have
worked with Prof. Scherer from the university of Geneva on time-varying brain signals to explain the
emergence of human emotions [37]. The project not only led to various advancements in functional
data boosting [31] but also inspired new methods to account for overoptimism in inference post
model selection [15, 36, 38]. Through collaborations in radiology and medicine, I was inspired to
develop methods that make generative models explainable to clinicians [29, 30] and allow researchers
to combine methods from statistics and deep learning [8, 10, 13, 16, 22]. In the field of biomechanics,
I closely work together with Prof. Fallah and Dr. Liew from Essex to better understand human
motions and motion-induced pain [14, 20, 23, 24, 25, 32, 33, 34, 35] by also accounting for the
dynamical nature of these signals. Last year, I started working with the department of geography at
the LMU Munich to identify the atmospheric drivers of drought and heat in Western Europe [26].
Lastly, motivated by a collaboration with Prof. Stachl from St.Gallen, we are working on a scalable
time-varying regression model to allow for the analysis of large-scale user behaviour data. In general,
my methodological research is centered around models for time-dependent data, including time
series (e.g., [7, 18]), functional data (e.g., [31, 37]) and time-to-event prediction (e.g., [13, 17, 22]).

Current and Future Research Directions

Researchers that bridge the gap between probabilistic statistical methods, machine learning (ML)
and deep learning (DL) can make use of the best of both worlds while also profit from recent
trends and the increased public interest in such methods. The ulterior goal of my research is an
amalgamation of statistics, ML and DL that allows to
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{ make regression techniques more flexible,
{ include unstructured data sources such as images into statistical models;
{ make models more scalable;
{ extend and better explain machine learning and deep neural networks;
{ derive statistical uncertainty quantification methods for machine learning models.

A combination of these fields will provide flexible methods that are suitable for the steadily increasing
amount of complex and dynamic data and offer larger applicability than existing methods. While this
will allow to appropriately model complex data generating processes, there will also be the need for
fundamental research to better understand the optimization, tuning, model selection, interpretation
and uncertainty of these new approaches.
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