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Abstract

Open datasets are the foundation of many types of academic
research. One field that requires datasets is data-driven player
modeling, but there is a lack of variety in existing datasets.
We introduce the FarmQuest Player Telemetry (FPT) dataset,
a new playthrough dataset of a cozy farming game. We en-
vision this dataset will be used for reproducing prior results,
evaluating initial ideas, and evaluating the generalizability of
new and existing algorithms.

Introduction

Open datasets are valuable for many types of research. Im-
age classification is a classic example of a problem that
has many datasets to facilitate research (Tian et al. 2020;
Deng 2012). Data-driven player modeling is a similar field,
where datasets are required to iterate and evaluate research
projects. Finding a suitable dataset can sometimes be diffi-
cult, but open datasets uniquely offer ways to facilitate ex-
perimental reproducability and support future research.

Reproducability is a core principle of gaining knowledge
and modern science (Popper 1959; Drummond 2009). This
serves as a key way to verify the integrity of results pub-
lished in a particular paper by allowing for other researchers
to repeat the experiment. To do this, all key components
must be made publicly available. To this end, we introduce
the FarmQuest Player Telemetry (FPT) Dataset. In part to al-
low for reproducibility of our results in “Evaluating the Ef-
fects of Al Directors for Quest Selection” (Yu, Sturtevant,
and Guzdial 2024), but also to support future research in
data-driven player modeling.

To further support the reproducibility of our results, this
dataset was built using publically available software. Far-
mQuest is a research testbed for procedural content gen-
eration and Al directors. All of the code for this testbed
is publically available. FarmQuest is a coherent cozy game
(Waszkiewicz and Bakun 2020), which we discuss more in
the Background Section.

Beyond experimental transparency, the publication of this
dataset has the potential to benefit other researchers inter-
ested in data-driven player modeling. Data-driven player
modeling is contrasted with other forms of player modeling
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such as Bartle’s taxonomy (Bartle 1996). A 2018 survey pa-
per of data-driven player modeling approaches found forty-
six different papers using datasets from thirty-four different
games (Hooshyar, Yousefi, and Lim 2018). These datasets
were predominantly acquired through two ways - the first
was partnering with a video game studio and receiving their
player data (Drachen, Canossa, and Yannakakis 2009; Harp-
stead et al. 2015), and the second was collecting the data
themselves (Falakmasir et al. 2016; Zook et al. 2012). Re-
searchers without ties to the industry often rely on the sec-
ond method. These datasets are not always publicly avail-
able, which hinders the ability to reproduce results or to
build upon prior research.

One key aspect of data-driven player modeling research
is understanding the context in which the player model is
effective. Is the player model intended to generalize to many
types of games, or is it limited to only certain genres? One
straightforward way to address these questions is to evaluate
an algorithm on datasets from a variety of games. However,
as we discuss in the Background section, most playthrough
datasets only feature platformer games, where a playthrough
dataset includes the telemetry of one or more players playing
a game or games.

In our FPT dataset, thirty-two players played FarmQuest
twice, resulting in sixty-four playthroughs with recorded
telemetry events. Additionally, we collected survey data
so the player’s sentiments can be associated with their
playthrough data. The FPT dataset can be found at the github
repository https://github.com/kristen Yu/FarmQuest-Player-
Telemetry-Dataset.

We envision the FPT dataset will be used in three ways.
The first is to reproduce and verify our previous experi-
ments. The second is a starting point for researchers who are
interested in player modeling for cozy games. The third is a
test for generalizability of existing player modeling meth-
ods. We perform a few experiments to showcase the poten-
tial of uses two and three, specifically in the topics of churn
prediction, player clustering, and next action prediction.

Background

In this section we cover the definition of cozy games, some
relevant datasets, and data-driven player modeling tech-
niques.



Cozy Games

In the original FarmQuest paper, we introduced the system
as a platform to support research but did not categorize the
genre of game. In order to fully characterize FarmQuest, we
propose it is a coherent cozy farming game. Waszkiewicz
and Bakun builds upon industry ideas of “cozy” as a de-
scriptor for games (Short et al. 2018), and they maintain that
a cozy game meets the criteria of “safety”, “abundance” and
“softness”. Safety is defined as the absence of danger with
no impending loss or threats. Abundance is defined as pro-
viding the space to work on higher level needs such as self
expression, appreciation of beauty, or belonging. Softness
refers to the visuals in a game, which convey to the player
that nothing is pressing and players are in a lower state of
arousal. Waszkiewicz and Bakun further defines cozy games
into three categories: coherent, dissonant and situational. A
coherent game is one where the cozy aesthetic matches the
intended messaging of the game. Dissonant is where the
cozy aesthetic juxtaposes the messaging of the game. Sit-
uational is where the game features cozy moments, but the
game is not cozy in its entirety.

We propose that FarmQuest meets the criteria of safety,
abundance, and softness. Farmquest has safety because there
are no enemies or other danger, and it is not possible to die
in the game. FarmQuest has abundance because the player is
not forced to worry about tasks like eating or shelter, and in-
stead can focus on higher level needs such as self expression.
FarmQuest has softness because the visual aesthetics of the
game feature low arousal such as minimal animations.

To determine whether FarmQuest is coherent, dissonant
or situational, we need to consider the intended messaging
of the game. The message of the game to be the enjoyment
of running a farm. Thus, we consider FarmQuest to be a co-
herent cozy game because the coziness of the visuals match
the underlying message of the game.

Relevant Game Datasets

Researchers have introduced a variety of datasets that focus
on video game research. These datasets cover a range of top-
ics which demonstrates the breadth of interest in the research
community. Researchers have published datasets focusing
on dialogue (Rennick and Roberts 2023; Juraska, Bowden,
and Walker 2019), music (Cardoso, O. Moraes, and N. Fer-
reira 2024), recorded game playing footage (Barman et al.
2018), and development problems (Politowski et al. 2020).

Data-driven player modeling uses playthrough datasets,
though there is a limited variety in the genre of games.
The Mario PCG dataset, Gwario, and platformer experi-
ence dataset all include playthrough data of Super Mario
Bros levels (Guzdial and Riedl 2021; Siu, Guzdial, and
Riedl 2017; Karpouzis et al. 2015), which is a platformer
game. The AGAIN Dataset includes playthrough data from
three platformers, three racing games, and three first person
shooter games (Melhart, Liapis, and Yannakakis 2022). The
Powerwash Simulator Dataset includes playthrough data
from the research edition of Power Wash Simulator, a simu-
lation game (Vuorre et al. 2023). Our dataset is intended to
supplement the current body of playthrough datasets with a
new genre - a COzy game.
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Data-driven Player Modeling

There are many approaches to data-driven player model-
ing. Neural networks (Pedersen, Togelius, and Yannakakis
2010), clustering (Anagnostou and Maragoudakis 2009),
and case-based modeling (van den Herik, Donkers, and
Spronck 2005) have all been used to create player models,
among other methods.

Player modeling can be used to learn different things
about the player. Some common approaches to target are
player clustering, churn modeling and next action predic-
tion. Player Clustering is when the players are grouped to
learn about the types of players in the game (Drachen et al.
2014; Ramirez-Cano, Colton, and Baumgarten 2010). Churn
prediction refers to predicting how long a player will play a
certain game, or the likelihood that a player will return to
play the same game again (Bertens, Guitart, and Peridfiez
2017; Mustac et al. 2022). Next action prediction approxi-
mates the player’s next action or goal (Asayama et al. 2015;
Bisson, Larochelle, and Kabanza 2015).

FPT Dataset

The FPT dataset is a collection of survey data and
playthrough data for the game FarmQuest (Yu, Guzdial, and
Sturtevant 2022).

FarmQuest

FarmQuest features a single game loop, where players can
plant vegetables, harvest mushrooms and berries, cook food,
decorate their house, buy and sell things in a shop, and com-
plete quests for money. The goal of the player is to pay off
their mortgage for the farm. The player starts with 300 coins,
and the goal is to earn 1000 total coins in order to pay off
their mortgage. Players complete quests which gives 100
coins, or sell items which gives various amounts of coins.

There are four major types of gameplay in the game. The
first major gameplay type is placing furniture, where players
customize their house. The second type is planting, where
players plant crops in order to use them in recipes. The third
type is cooking, where players cook recipes, and the fourth
is harvesting, where players can harvest berries and mush-
rooms that spawn every in-game day.

There is a day-night cycle in the game, which tracks the
passage of time. Each day is thirty seconds, twilight is ten
seconds, and nighttime is twenty seconds. In total, an in
game day is one minute.

Playthrough Data

There are thirty different types of player telemetry events in
this dataset. These events are grouped into classes, and each
individual event is labeled with an event type and optional
value. The timestamp of each event is also recorded, how-
ever the timestamp did not record correctly and should not
be used. For example, one event has the class “Event”, the
type “SessionStart” and the meaning is “Player started the
game”. A full list of all event classes, and their correspond-
ing event types and meanings are available on the github.
This dataset was collected as part of an experiment on Al
Directors, or systems that dynamically change a game to suit



an individual player. There were three Al Directors present
in the experiment, which selected quests to present to the
player. The first was random, which randomly assigns quests
to show to the player. The second was PaSSAGE, which uses
the player’s previous actions to predict which quests a player
might prefer (Thue et al. 2007). The third was a combina-
torial multi-armed bandit (CMAB) algorithm, which uses
which quests the player previously selected to inform which
quests to present to the player (Yu et al. 2022). Each player
experienced two of the Al directors, which resulted in each
player having two playthroughs of the game.

Survey Data

The dataset includes short survey data, where each player
completed a short survey after a playthrough, and com-
parison survey data, where players were asked to compare
their experience. The short survey questions were a series of
Likert questions. The comparison survey questions were a
combination of Likert questions and short answer questions.
Both the short survey and the comparison survey questions
are available in “Evaluating the Effects of Al Directors for
Quest Selection” (Yu, Sturtevant, and Guzdial 2024).

Experiments

In addition to reproducing our previous results, we illustrate
some other potential uses of our dataset by performing ex-
periments relevant to data-driven player modeling. We chose
three problems commonly found in player modeling litera-
ture: player clustering, player churn modeling, and next ac-
tion prediction (Hooshyar, Yousefi, and Lim 2018).

Player Clustering

We construct a player type discovery algorithm by using
k-means clustering. To perform the player clustering, we
created player vectors by counting the number of times
that a player placed something, the number of times that
a player planted something, the number of times a player
cooked something, and the number of times a player har-
vested berries or mushrooms. These represent the four major
gameplay mechanics within the game. The feature vector is
(place, plant, cook, harvest).

Based on Kruskal-Wallis statistical testing, there is a dif-
ference between each session and each Al Directo. Accord-
ing to each player vector, we perform player clustering on
six individual populations. We used the elbow method ap-
proach and a computational knee locator to determine the
number of clusters. Players were sorted into either three or
four major clusters depending on session and Al director.
We performed principle cluster analysis (PCA) to reduce the
space to two axes and graph the results of the clustering pro-
cesses. Each ‘x’ marks the center of a cluster, and each clus-
ter is color coded, shown in Figure 1.

In session 2 Passage, there are four distinct clusters. Two
of these clusters are close to each other, while there are two
that are farther away from the main body of clusters. We
attribute these clusters to the four main action types, and
we assume the larger clusters represent players who were
interested in harvesting or placing furniture, as those were
the most popular ways to complete a quest.
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Sample Predicted Value Actual Value
1 10.24 16
2 8.71 9
3 3.37 4

Table 1: Churn Prediction using Linear Regression

Player Churn Prediction

We consider player churn modeling. Because the timestamp
data is unusable, we use the in-game day as a proxy for time.
The current day is logged at the start of each day, and each
in-game day is one minute. Thus, we can approximate the
time spent in game to the nearest minute.

We drew on all available features when modeling churn.
To model the player, we tracked all of the interactions in
the game. The feature vector tracks the number of times the
player completes each interaction. The feature vector is

( plant, cook, harvest berry or mushroom, place furni-
ture,bought in shop, sold in shop, harvest crop, rotate furni-
ture, pickup furniture, tried to buy something in shop, tran-
sitioned between scenes, payed mortgage ).

We performed linear regression using this large feature
vector to predict the day data. The R? value of the regres-
sion is 0.82, which shows linear approximation to be able
to learn a reasonable model for this dataset. We randomly
selected three samples from the the training feature set and
predicted the number of days using the trained linear regres-
sion model, shown in Table 1. The maximum coefficient is
0.82 and the minimum coefficient is -0.18, where the maxi-
mum coefficient is attributed to paying the mortgage, which
stops the game. The action that stops the game is the clearest
indicator of the number of days spent in game, and thus has
the highest coefficient.

Next Action Prediction

We consider predicting the next action. Figure 2 shows the
overall frequency of actions taken in the game. To predict
the next action, we used n-grams and selected the next action
based on the highest probability. We implemented unigrams,
bigrams, and trigams on the data. We built the trigram and
bigram data from the occurrences within the dataset rather
than creating the entire combinatorial space. This is due to
the fact that there are illegal sequences of actions that can-
not occur in game, to ensure that illegal sequences were not
possible to be predicted. For example, the sequence “Transi-
tion:Shop”, “Transition:Home” is not possible because it is
not possible to enter the home from the shop.

Table 2 shows a random sampling of five trigrams and the
results from the n-gram prediction. In one case there were
different predicted next actions based on the type of n-gram
used, but in most cases the next action was the same. For
the first sample, we believe the variety is due to the fact that
after placing an object, there was the most choice in what
the player decided to do next. In comparison to the second
sample, players seemingly mostly entered the home in order
to cook if they had previously harvested a crop. This makes
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Figure 1: K-Means Clustering Results
Sample Trigram Trigram Bigram Bigram Unigram Unigram
P Next Action  Probability Next Action Probability  Next Action Probability

Transition:Home;Place;Place Place 0.45 Transition:Main 0.46 Pickup 0.50
Transition:Main;HarvestCrop; TransitionHome Cook 0.57 Cook 0.67 Cook 0.57
Plant;Plant;Harvest Harvest 0.91 Harvest 0.91 Harvest 0.75
Plant;Harvest; Transition:QuestBoard Submit 1.00 Submit 0.79 Submit 0.53
Submit; Transition:Main;Harvest Harvest 0.80 Harvest 0.85 Harvest 0.75
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Table 2: Predicted next moves using trigrams, bigrams, and unigrams from a random sampling of trigrams
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Figure 2: Histogram of the frequency of actions taken in

game
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sense within the gameplay loops, as a player needs to harvest
crops to obtain ingredients to cook.

Conclusion

In this paper we presented the FPT dataset, a new
playthrough dataset of a cozy farming game. We envision
this dataset could be used for three main reasons. The first
is to reproduce results from our experiments. The second is
to support new data-driven player modeling algorithms for
cozy games. The third is to expand the variety of genres of
games present in existing playthrough datasets, so that ex-
isting player modeling algorithms can be evaluated for gen-
eralizability. To support uses two and three, we ran three
relevant experiments for data-driven player modeling with
the targets of player clustering, churn prediction, and next
action prediction.
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