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ABSTRACT
Being predominant in digital entertainment for decades, video 
games have been recognized as valuable software artifacts by the 
software engineering (SE) community just recently. Such an ac-
knowledgment has unveiled several research opportunities, span-
ning from empirical studies to the application of AI techniques for 
classification tasks. In this respect, several curated game datasets 
have been disclosed for research purposes even though the col-
lected data are insufficient to support the application of advanced 
models or to enable interdisciplinary studies. Moreover, the ma-
jority of those are limited to PC games, thus excluding notorious 
gaming platforms, e.g., PlayStation, Xbox, and Nintendo. In this pa-
per, we propose PlayMyData, a curated dataset composed of 99,864 
multi-platform games gathered by the IGDB website. By exploiting 
a dedicated API, we collect relevant metadata for each game, e.g., 
description, genre, rating, gameplay video URLs, and screenshots. 
Furthermore, we enrich PlayMyData with the timing needed to 
complete each game by mining the HLTB website. To the best of 
our knowledge, this is the most comprehensive dataset in the do-
main that can be used to support different automated tasks in SE. 
More importantly, PlayMyData can be used to foster cross-domain 
investigations built on top of the provided multimedia data.
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1 INTRODUCTION
Over the last decades, digital entertainment has become a billion-
dollar business and it is still growing [6]. In this respect, the videogame 
industry plays a crucial role by offering tons of new products every
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year. This expanding market segment has attracted the academic in-
terest in different domains, e.g., behavior analysis [7, 16, 28], gender
bias detection[5, 18] and addiction [8, 34]. Just recently, the soft-
ware engineering (SE) community has started to consider games
as knowledgeable software artifacts [23], thus opening several re-
search opportunities, e.g., code smell detection [21], sentiment anal-
ysis [2, 33], and serious games [4]. Similar to traditional software
artifacts, the main challenge remains the data gathering since most
of the well-known digital stores and websites [1, 26, 32] collect
unstructured data or don’t support mining activities with a proper
API, thus requiring extra development efforts.

To fill this gap, we propose PlayMyData, a curated videogame
dataset of 99,864 games belonging to main gaming platforms (called
platforms hereon) i.e., PlayStation, Xbox, Nintendo, and PC, stored
on IGDB website 1. The rationale behind this choice is i) it offers
a dedicated API [12] to collect the needed data and ii) the mined
data are reusable for non-commercial usage 2, thus fostering the
reproducibility of the results. In the scope of the paper, we mined
all relevant metadata to support automated text classification, e.g.,
descriptions, game genres, and ratings. In addition, we collect 43,812
video gameplay URLs and 443,630 screenshots that can be used to
support computer vision tasks. We further enhance PlayMyData
with game completion times, i.e., the number of hours to complete
a game, stored on HLTB website3 by using a community-based
API [20]. To this end, we query HLTB by applying the Levensthein
distance [22] to the game title, with the aim of reducing possible
false positives. To the best of our knowledge, PlayMyData is the
first multi-platform dataset that includes completion times. Even
though the primary usage of PlayMyData is towards the support of
automated approaches, we can envision different potential usages
in the social domain by means of the collected multimedia data,
i.e., screenshots and gameplay videos. The mined dataset is made
publicly available at https://zenodo.org/records/10262075.

2 PLAYMYDATA COLLECTION
Figure 1 depicts the data collection process of the two selected
websites, i.e., IGDB and HLTB. Concerning the former, we collect
relevant metadata to our purpose on IGDB including the screen-
shots and the URLs gameplay videos. Afterwards, we searched the
titles of the retrieved games on the HLTB platform and we matched
them using the Levenstein similarity function.
1https://www.igdb.com/
2https://www.twitch.tv/p/it-it/legal/developer-agreement/
3howlongtobeat.com
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Figure 1: The PlayMyData collection process.

2.1 PlayMyData data model
Figure 2 depicts the PlayMyData data model. The main concept is
the Game class that represents a game, with a unique integer id and
a name, i.e., the title of the game. Since we mined games from two
different storage, the IGDBGame and HLTBGame classes represent the
collected data from IGDB and HLTB respectively. An IGDBGame
contains a summary of the game and a more succinct description,
i.e., the storyline. Furthermore, the average rating assigned by
the users is represented by the attribute rating. A game can be-
long to 23 different genres available on IGDB4. Similarly, the same
game has been released on different platforms. We define the
PlatformFamily enumeration that describes the considered plat-
forms i.e., PlayStation, Xbox, Nintendo, and PC. Roughly speaking,
we consider all the platform versions for a specific family. For in-
stance, PlayStation literal indicates all the PlayStation version, e.g.,
PSone, PS2. Each IGDBGame can possibly have a set of gameplay
video and screenshots represented by the Video and Screenshot
classes.

Similarly, the HLTBGame class represents specific information
concerning the gameplay time expressed in hours for each game. In
particular, HLTB stores the time needed to complete the main story,
extra that includes the side-quests times, and the time to collect all
the game achievements, i.e., completionist attribute. In addition,
we collect the number of users that submit their completion time,
i.e., people_polled attribute. In particular, this attribute measures
the popularity and engagement levels of each game within the
gaming community.

2.2 IGDB mining
To collect data from IGDB, we rely on the dedicated service [12]
that facilitates the data-gathering phase through an authorized API.
Mining all the games stored on IGDB is out of the scope of this
paper. Thus, we focus on games released from 1𝑠𝑡 January 1993 up
to 30𝑡ℎ November 2023 belonging to the best-selling platforms5,
i.e., PlayStation, Xbox, Nintendo, and PC. To this end, we exploit
the first release field available on IGDB. For each game, we fetch
the metadata represented in the data model (cf. Section 2.1) using
the query shown in Listing 1:

"fields [list fields ]; where platforms= [platform ids] and
first_release_date >= min date and first_release_date < max
date; sort rating desc; limit 500;"

Listing 1: The IGDB query to collect metadata.

4The reader can refer to the complete list of genres in the provided archive
5https://www.techradar.com/news/best-consoles

Figure 2: PlayMyData data model.

The list fields and platforms ids are the attributes of an IGDBGame
as described in Section 2.1 and the list of unique IDs for each plat-
form respectively. Meanwhile, min date and max date represent
the time interval for each considered year. To handle the API rate
limit, we set this interval equal to one month to fetch the maximum
number of games for each month, by setting the limit equal to 500.
The retrieved games are eventually ordered by the average user
ratings, from the most rated to the least one.

In addition, we downloaded the screenshots and the gameplay
video metadata for each game using two different sets of queries
available here [25] that are similar to the one shown in Listing
1. We downloaded the screenshot files for all games since are in
the thumbnails size, i.e., the entire size of the dataset is still man-
ageable. Contrariwise, we opt to fetch only the YouTube URLs of
the gameplay videos. Even though PlayMyData does not include
the corresponding .MP4 files, we provide a dedicated functional-
ity that makes use of the PyTube library 6. We made available an
explanatory video in the supporting GitHub repository [25].

For each video, we store the name as appears on IGDB. This
information can be further exploited to categorize the videos into
trailers and actual gameplay released by the software house.

Overall, we collected 99,864 games, 443,630 screenshots, and
43,812 video URLs. Metadata related to games and videos are stored
in CSV format while we group the screenshots using the genre of
the corresponding game.

2.3 HLTB mining
The second phase involves the data collection from HLTB. In the
scope of this work, we customize the community-built API [20] to
retrieve the data related to the game completion as discussed in
Section 2.1.

The conceived components execute a POST request on the HLTB
website using the title of the game as shown in Listing 2.

6https://pytube.io/en/latest/
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{" searchType ": "games", "searchTerms ": [" game_title "], "
searchPage ": 1, "size": 20}

Listing 2: The explanatory HLTB query.

In particular, the game_title parameter is the name attribute of
an IGDB game as described in Figure 2 while the search page is
set to 1 since we limit ourselves to the first result page. The size
parameter represents the number of possible matches for that tile.
In the scope of our analysis, we select the first one from this list.
This component eventually retrieves a set of possible candidates
that need to be mapped to IGDB games collected in the previous
phase.

2.4 Matching IGDB and HLTB games
To match the collected data gathered from HLTB, we exploit the
common element between the two platforms, i.e., the game title.
However, this information may not perfectly match those stored
on HLTB or may not be present at all, resulting in the retrieval of
an entirely different game.

To overcome these issues, when merging the data from the two
different sources, we compute the Levenshtein distance [22], a
widely-used technique to measure the edit distance between two
strings according to the standard formula:

𝐿𝑠1,𝑠2 (𝑖, 𝑗) =



max(𝑖, 𝑗) if min(𝑖, 𝑗) = 0,
𝐿𝑠1,𝑠2 (𝑖 − 1, 𝑗 − 1) if 𝑠1 [𝑖] = 𝑠2 [ 𝑗],

min


𝐿𝑠1,𝑠2 (𝑖 − 1, 𝑗) + 1
𝐿𝑠1,𝑠2 (𝑖, 𝑗 − 1) + 1
𝐿𝑠1,𝑠2 (𝑖 − 1, 𝑗 − 1) + 1

otherwise.

(1)

where 𝑠1 and 𝑠2 are the IGDB and HLTB game titles respectively,
and i and j are their indices, starting from their length. In the scope
of our work, we empirically set the similarity threshold equal to
3. On one hand, a higher threshold might lead to the inclusion of
titles that are too different, potentially merging unrelated games.
On the other hand, a lower threshold could be overly restrictive,
excluding valid matches where titles vary slightly between the two
databases. Roughly speaking, a Levenshtein distance of 3 allows for
minor typographical differences or variations in game titles, thus
maintaining an adequate level of accuracy during the matching
phase. In total, wemerged completion times data for 35,815 different
games from HLTB.

3 PLAYMYDATA OVERVIEW
This section presents an overview of the collected data by providing
basic descriptive statistics. In addition, we analyze the collected
games over time by considering their completion time.

Descriptive statistic: PlayMyData contains 99,864 unique games over
on a total number of 266,072 currently stored on IGDB7. By carefully
inspecting the gathered data, we counted missing values for the
storyline, genres, and ratings metadata. In particular, the storyline
description is missing for only 445 entries while a relevant number
7https://www.igdb.com/about

of games have no rating, i.e., 32,859 games. A possible explanation
is that only popular games are often rated by the users. This is
confirmed by the HLTB since the people_polled value is equal to 0
for 62,450 games, meaning that any HLTB user didn’t submit its
time completion for these games.

We further analyzed the data checking the top five genres for
each game considered platform as shown in Figure 3. Games tagged
as Shooter are more common on Xbox and PlayStation as depicted
in Figure 3a and Figure 3b. On the other hand, Nintendo games are
mostly in the Platform genre, followed by Puzzle games. Indie games
only appear on PC, with more than 8,200 titles, thus confirming the
recent trend that the releases are “heavily skewed by small indie
projects” 8. Overall, the most popular genres are Adventure, Shooter,
RPG, and Simulator, with more than 10K games each.

(a) Xbox (b) Playstation

(c) Nintendo (d) PC

Figure 3: Most spread genres grouped by platform family.

Game completion over time: Weexplored theHLTB data and checked
how the completion time has evolved over the years. Figure 4 de-
picts the number of games released per year and the corresponding
completion time considering the three different attributes, i.e., main,
extra, and completionist described in Section 2.1. As expected, the
number of released games per year has grown during the consid-
ered time window, i.e., from less than 1,000 games released in 1993
to more than 8,000 in 2022 on average.

Even though the completion time follows a similar trend on
average, the number of hours collected from HLTB doesn’t grow at
the same scale. The conducted analysis shows that completing a
game nowadays requires less time compared to the middle 2000s,
but still more than in the early 1990s. Even though recent findings
show that the games are becoming longer "to beat" 9, this trend
doesn’t affect all the genres. In addition, the analysis conducted on
our dataset reveals a peak in 2013, in particular for collecting all the

8https://tinyurl.com/2bw7zw4t
9https://tinyurl.com/4xxk7dty
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game achievements, i.e., the completionist attribute reached 80
hours on average. Investigating the possible reasons behind such
a phenomenon is beyond the scope of this paper and is left as a
possible future work.
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Figure 4: Game complention time collected from HLTB

4 RESEARCH OPPORTUNITIES
Text classification: The existing literature exploits textual data to
automatically categorize games [3, 11, 30] or provide a personalized
list of games [17, 24]. Compared to existing approaches, PlayMy-
Data collects a large set of multi-platform games and the corre-
sponding relevant data to facilitate the application of advanced
techniques, e.g., pre-trained models. Furthermore, we augment
the IGDB data with the completion time for each game collected
from the HLTB storage, thus enabling the possibility of includ-
ing such data to enhance automatic classification or developing
recommender systems for games.
Image classification tasks: In the realm of image classification
tasks, games remain an underexplored domain despite the wide-
spread popularity of such models. Notably, in [13], images were
leveraged to feed a multi-modal model designed for genre classifi-
cation in video games. PlayMyData provides a vast repository of
thumbnail screenshots, all standardized to the same size of 90x90
pixels. This consistency in image dimensions adheres to best prac-
tices established in the field [15, 31]. The screenshots provided by
PlayMyData serve as a helpful resource to build models able to
classify a game by genre or other attributes from still images.
Analyzing gameplay videos: Gameplay and video contribution
have been employed to detect errors or anomalies [9] and for clas-
sification purposes [35]. Recently, gameplay videos have been em-
ployed to derive user behavior in gamification [10]. Even though
PlayMyData collects only the YouTube URL videos, we offer an
easy way to download and increase the collection of those artifacts.

5 THREATS TO VALIDITY
In this section, we briefly discuss the limitations of our paper. Con-
cerning the internal validity, one possible threat is the selected
time window,i.e., we consider only games released from 1993 to
2023. To mitigate any bias possible, we considered the most spread
platforms,i.e., PlayStation, Xbox, Nintendo, and PC, thus building a
representative enough dataset composed of 37% of the games stored
on IGDB. In addition, we provide only the gameplay video URLs in-
stead of the actual .MP4 file. To handle this, we provide a dedicated
function to download the video from YouTube, thus allowing inter-
ested researchers to get all the stored videos. Threats to external
validity are related to missing game information of PlayMyData,
i.e., videos, ratings, and time completion. In particular, we may miss
relevant data from HLTB since the stored games are different from
IGDB. We opt for the Levensthein distance to match the game titles
and minimize the number of missing entries.

6 RELATEDWORKS
Jiang and Zheng [13] proposed a multi-modal classifier based on
IGDB games. The authors used the cover image textual data to
classify 50,000 PC games using their genres. Politowski et al. [27]
manually analyzed postmortems of released games and created a
dataset with 200 postmortems from 1998 to 2018, extracting 1,035
SE-related problems with traceability links. Melhart et al. [19] pro-
vided a dataset for affect modeling named AGAIN. The dataset
consists of 37 hours of video footage from 1,116 gameplay sessions
played by 124 participants. ViGGO [14] is a corpus for data-to-text
Natural Language Generation that includes 100 games and about
7000 pairs of structured meaning representations. SIMS4ACTION
[29] dataset collects more than 10 hours of gameplay of The Sims 4
game to simulate Activities of Daily Living (ADL).

Compared to the abovementioned approaches, PlayMyData col-
lects a larger number of games, i.e., 99,864, considering additional
gaming platforms apart from PC, i.e., PlayStation, Xbox, and Nin-
tendo. Furthermore, we consider the completion time gathered from
HLTB, screenshots, and gameplay video URLs.

7 CONCLUSION AND FUTUREWORKS
Intending to support the intersection between SE and entertain-
ment, we present PlayMyData, a well-structured dataset composed
of multi-platform games belonging to the main gaming platforms,
i.e., Xbox, PlayStation, Nintendo, and PC. First, we collected 99,864
games that date back to 30 years ago available on the IGDB website
including their relevant metadata, 443,630 screenshots, and 43,812
URLs of gameplay videos. Second, completion time has been col-
lected from HLTB, a dedicated website that discloses such data, by
applying the Levensthein distance on titles to reduce any possible
bias. Although some data are missing, PlayMyData can be used to
support cross-domain investigations, moving from social science to
the application of automated techniques. In future works, we plan
to fill in the missing entries and further expand the offered meta-
data, e.g., including game reviews. In addition, the older platforms
can be included in the analysis, e.g., Sega or Amiga, to investigate
the evolution of games over time. Last but not least, we can exploit
multimedia data, i.e., screenshots and videos, to feed multimodal
approaches to understand their impact on the classification task.
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