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0.8 - experiments of my thesis. The dataset contains user ratings of
movies from the period 2000-2003.
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as the training set and the second month as the testing set. This
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In order to evaluate the model dynamically, | sorted the ratings in
the dataset according to their timestamp and iterated the
evaluation on a monthly basis. The first iteration is the first month
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The dataset Is firstly evaluated using SVD++ as the base model.
Both accuracy metrics, such as RMSE, Precision and Recall, and
beyond accuracy metrics, such as the Gini index, Average
Recommendation Popularity (ARP) Average Percentage of Long
Tail ltems (APLT) and Average Coverage of Long Tall items
(ACLT), are used.
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This graph shows the RMSE, Precision, Recall and Gini Index score over 34
months, which is the full length of the dataset. The colours in the graph are
corresponding to the metric shown in the bottom left corner of the figure.

Abstract

Recommender systems are useful tools in media, to help users

To mitigate the popularity bias, we use the Calibrated Popularity
re-ranking technique. With this technique added to the base
model, the user Is put into one of three categories; heavily likes
popular items, likes both popular items and niche items, and
heavily likes niche items. The user Is then recommended more of

find what might be interesting to them, and what they might be
Interested In but not aware of. In real scenarios, recommender
systems may focus on recommending only already popular items,
with no room for new niche items.

This master’'s thesis will address this challenge by analysing
the longitudinal effect of popularity bias, evaluating how the bias
towards popularity differs over a long period over time. To mitigate
this popularity bias, the Calibrated Popularity (CP) strategy Is
applied to provide the individual user with what they want, either
popular or niche items, or both.

To evaluate the performances of the base and re-ranked
model, different accuracy metrices are used, both normal and
beyond. The beyond accuracy metric that will be in most focus of
this thesis Is the Gini Index, which results in how equal the model
IS.

Research guestions

1. What is the longitudinal effect of popularity bias in
media recommendation systems?

2. What Is the impact of mitigation strategies In
recommendation systems in the long run?

PARTNERS

the items that fit their category.

The ultimate goal of the experiments is to find out whether the CP
strategy can mitigate the popularity bias effectively by the results
of the beyond accuracy metrices.
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