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[Abstract]

A recommender system covers users, searches the items or services which users will like, and let users

purchase them. Because recommendations from a recommender system are predictions of users’

preferences for the items which they do not purchase yet, it is rarely possible to be drawn a perfect

answer. An evaluation has been conducted to determine whether a prediction is right or not. However, it

can be lower user’s satisfaction if a recommender system focuses on only the preferences, that is caused

by a ‘filter bubble effect’. The filter bubble effect is an algorithmic

bias that skews or limits the

information an individual user sees on the recommended list. It is the reason why multiple metrics are

required to evaluate recommender systems, and a diversity metrics is mainly used for it. In this paper,

we compare three different methods for enhancing diversity for personalized recommendation - bin

packing, weighted random choice, greedy re-ranking - with a practical e-commerce data acquired from a

fashion shopping mall. Besides, we present the difference between experimental results and F1 scores.

» Key words: Recommender system, Evaluation metrics, Relevance, Diversity, Filter bubble,

Greedy re-ranking
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I. Introduction
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II. Preliminaries

1. Recommender System Evaluation Metrics
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III. Methods Comparison

3.1 Data Configuration
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Table 1. Fashion Commerce Data’s Objects
Object Number of Features Total
User 3 254,958
Item 12 283,326
Event 13 5,880,407

Table 2. Main Features
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Table 4. Bin Size of Each Category
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