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Artificial Neural networks (ANNs) have proven their usefulness in contexts as diverse as one can imagine. They've been applied from social networks to particle physics
research and a virtually endless variety of applications such as nuclear fusion research, medical imaging improvement and recognition, stock market predictions, voice
recognition, translation, among many others. In addition to these multiple applications, ANNs can give us an idea of how important the characteristics or parameters
defining a given model are and how much they contribute to the results obtained. In this poster, | will try to summarize what has been my journey within two different
paradigms using this method: my last work which is related to complex systems and higher education and my current work at the IFISC which is related to human mobility
and the most important features involved in this phenomenon.

Effects of the COVID-19 pandemic in higher education*

Classroom: Individuals who influence each other

=» Dynamics of collective behaviour + Complex Systems

EDUCATIONAL CONTEXT

GROUP CLASSIFICATION* -

... the COVID-19 pandemic abruptly changed
the classroom context ...

OUR GOAL

To analyze the Knowledge Acquisition (KA) process in two different contexts:
face-to-face (before the onset of the pandemic) and virtual (during confinement.)

National University of La Plata (UNLP), Argentina, School of Engineering
Physics Il course : ’

4 semesters, 8 sections (2019 - 2020)
N = 173 students participating in the whole process

High-achieving (HA) students (8 <K.<10)
Average-achieving (AA) students (6 <K.< &)
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Finding the most determining factor in human mobility

Human mobility: Movement of human beings (individuals, groups)
in space and time = Different patterns » Applications: migratory flows,
traffic forecasting, urban planning and epidemic modeling [1].
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... extensive data to explain human mobility:
geographic variables, distances, populations...

OUR GOAL

To understand what is the most important characteristic (or feature) that
intervenes in human mobility using Artificial Neural Networks.
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PREPARATION OF GEOGRAPHIC DATA INPUT

e The geographic space is divided into
regions of interest (squared tiles).

e FEach region of interest is split into
locations.

e FEach location may have several Points
Of Interest (POl’s) obtained by
OpenStreetMap.

Image credit: Reference [2]
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MULTI-LAYER PERGEPTRON (MLP) NETWORK
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Input features

Conclusions and Perspectives

mEffects of the COVID-19 pandemic in higher education:
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e The input features x. (feature vector of

origin - the origin location |.), x; (feature vector of
the destination location ), and i
(distance between origin and destination)
are concatenated to obtain the input
vectors x(I;, I).
e The output of the last hidden layer is a
score s(li, ) € [-o, +oo] The higher this
score for a pair of locations (I, 1), the
higher the probability to observe a trip
from li to lj (estimating flows).
To estimate how the input geographic
features contribute to determine the
output, we propose different techniques
as SHapley Additive exPlanations (SHAP)
[3] or Random forest (ensembles of
decision trees).

Image credit: Reference [2]
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o We analyze various quantities that participate in the knowledge acquisition process in face-to-face and virtual contexts for a specific case
of study. The shift to virtuality reflected a lack of motivation to learn and a change in the way students interact with pairs and teachers.

o We use ANN and MLR to know the weight of the different factors considered: in all cases, interaction with teachers is of utmost importance

in the process of acquiring knowledge. In both contexts the weights are similar.

mFinding the most determining factor in human mobility: Ongoing work + Add different mobility types: week and weekend days.
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