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Abstract: There are different traditional and nontraditional datasets available to investigate the

performance of recommender systems. This article focuses on the different datasets required for the
investigation of recommender systems.
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1. Introduction

The following terms are used to define the recommendation systems: items, user, and
ratings as sketched in Table 1 [1-5].

2. Datasets

This section explores the different datasets required to investigate the recommenda-
tion systems. The specification and availability of different datasets are sketched in Table
2 [6-9].

The comparison of datasets using different metrics — users, items, ratings, density,
and rating scale is sketched in Table 3 [10-15].

3. Conclusions & Future Work

This article explained the datasets required for the investigation of recommender
systems. These datasets are also compared using the metrics such as users, items, ratings,
density, and rating scale. The recommender systems can be developed using several soft
computing models in the future [16-20].
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Table 1. Terms for recommendation systems
Term Definition
Item This defines what is to be recommended. For example, this refers — infor-
mation, movies, products etc.
User The user rates products or items and receives new items recommendations.
Rating The user's choice or preference is defined as a rating. For example, rating de-
fines — dislike or like, 1 star to 5 stars, integer or floating representation, etc.
Table 2. Datasets — specification and availability.
Dataset Specification Availability
MovieLens Collection of movie ratings with https://grouplens.org/datasets/movielens/
27000 movies & 140000 users
Jester The joke rating system consists of 6 http://eigentaste.berkeley.edu/

million ratings of 150 jokes

Book-Crossings

Book rating dataset with 1.1 M rat-
ings (90000 users & 270000 books)

http://www2.informatik.uni-freiburg.de/~cziegler/BX/

62423 movies & 25000095 ratings.

Last.fm Music recommendations dataset https://grouplens.org/datasets/hetrec-2011/
with aggregated data.
Wikipedia Collaborative encyclopedia used | https://en.wikipedia.org/wiki/Wikipedia:Database_down-
for general applications. load#English-language_Wikipedia

OpenStreetMap Collaborative project for maps. https://planet.openstreetmap.org/planet/full-history/
Python Git Re- Git repositories Python code. https://github.com/python

positories
MovieLens 25M Collection of movie ratings with https://grouplens.org/datasets/movielens/25m/

Social Network

Learning task preferences.

https://www kaggle.com/c/predict-who-is-more-influen-

flix Prize.

Influencer tial-in-a-social-network/data
Million Song Audio features for music tracks. http://millionsongdataset.com/
Free Music Ar- Music analysis audio downloads. https://github.com/mdeff/fma
chive
Netflix Prize Applied in the competition of Net- https://academictorrents.com/de-

tails/9b13183dc4d60676b773c9e2cdbde5e5542cee9a

Amazon Review

The reviews collection.

https://nijianmo.github.io/amazon/index.html

Yahoo! Music
User Ratings

Musical artists collection prefer-
ences.

https://webscope.sandbox.yahoo.com/cata-
log.php?datatype=r&guce_refer-
rer=aHROcHM6Ly9naXRod-
WIuY29tL2Nhc2VyZWMvRGF0YXNId-
HMtZm9yLV]1Y29tbWVuZGVyLVN5c3RIbXMé&guce_re-
ferrer_sig=AQAAA AkyH74jyilv4]xPjvejltL1_Sk-yDNt-

NAbIpHNn2YfUnG1v-2mxj_XOD-qtpvdqg-
aoNtTk9pzWVkYzz3ZbvN5C2_RrjVAowWPR7Imx-Gid-
aMerX8qOzosJayRViVuW2IEoTjMAeZ8x]J11oK38-6GQA-

JOwWZjFsSv0AyQNj4oaggX&guccounter=2

Steam Video
Games

Collection of the behaviors of users.

https://www.kaggle.com/datasets/tamber/steam-video-
games
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Table 3. Performance comparison of datasets using different metrics

Dataset Items Users Density Ratings Rating Scale
Book-Crossing 271379 92107 0.0041% 1031175 [1,10], and implicit
Wikipedia 4936761 5583724 0.0015% 417996366 Interactions
Git 1757 790 0.95% 13165 Interactions
Jester 150 124113 31.50% 5865235 [-10, 10]
Last.fm 17632 1892 0.28% 92834 Play Counts
OpenStreetMap 108330 231 0.82% 205774 Interactions
Movielens 1M 3883 6040 4.26% 1000209 [1-5]
Movielens 10M 10681 69878 1.33% 10000054 [0.5-5]
Movielens 20M 27278 138493 0.52% 20000263 [0.5-5]
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