
Data Analytics in Neuroscience
In behavioural neuroscience, many studies have examined how animals behave inside
different types of constrained environments (arenas) and how they learn to solve specific
tasks [1–3] in order to study mechanisms of cognition, spatial learning and memory
and how different conditions, medical disorders or treatments affects them [4–6]. The
goal is to discover general principles that can be applied to various species including
humans [7–9]. The analysis pipeline of these experimental procedures usually involves:
(a) recording the animal path inside the arena and collecting trajectory data; (b) use
these data to compute various measurements; (c) use these measurements to quantify
the different animal behaviours and detect difference among animal groups for example
treated and untreated animals. Nevertheless, machine learning methods have proven
better on identifying behavioural differences among animal groups [10,11], but existing
applications are limited to specific experiments, they might result to loss of behavioural
information and they require meta-parameter tuning thus knowledge of the machine
learning field in order to be used [12]. In addition, given the plethora of the various
machine learning algorithms and proposed frameworks it is difficult to select which
one(s) are more appropriate to analyze data from a specific custom procedure.

Tutorial overview
This tutorial will be split into two parts. Firstly, the RODA software [13] for detailed
behavioural analysis inside the Morris Water Maze experimental procedure [10,12] will
be presented and hands-on experience will be provided. Focus will be given on RODA’s
pipeline of analysis and the underlying machine learning techniques. Secondly, expla-
nation will be given on how the methods of RODA can be applied to other experiments
beyond the Morris Water Maze and how its machine learning methods can be adopted
to analyze high-dimensional datasets in an unsupervised manner not only for obtaining
observations grouping (clusters) but also for gaining information about the importance
of the data attributes (feature selection and weighting).

Hands-on exercise 1
Participants will use a demo version of the RODA software to analyze a simplified toy
dataset from the recent study of [14] and investigate how differential corticosterone
responsiveness affect learning and memory.

Hands-on exercise 2
Participants will use a graphical user interface (GUI) and have the ability to try different
K-Means inspired algorithms and algorithmic auto-tuning techniques. Then they will
use the Sparse K-Means algorithm to analyze the same dataset overloaded with extra
data attributes related to path analysis and examine the different behavioural motifs
and their dominant data attributes. The hypothesis is that detailed analysis on the path
features can reveal a number of different behaviours, regardless of the animal and
the experimental procedure, which might go unnoticed using stereotypical behavioural
labels as is the case in many existing analysis frameworks.
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For the hands-on exercises: Please note that RODA and the clustering GUI are
written in MATLAB and require MATLAB version R2016a or higher in order to run. For
users that do not have MATLAB, installers will be provided for Windows, MAC and
possibly Linux. The installers require MATLAB runtime environment which is free but
might need some time to be installed. In case you do not have MATLAB we highly
recommend the installation of MATLAB Runtime Version: R2019a (9.6) prior to the
tutorial.
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