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Abstract

Struggle is an inevitable part of gameplay, and it’s often what
makes games meaningful, rewarding, and fun. Still, some mo-
ments of difficulty spiral into frustration or confusion, and
can cause players to quit entirely. Being able to detect and
interpret struggle is thus essential for designing better player
experiences, but identifying these moments remains challeng-
ing. We present a machine learning approach for detecting
player struggle in real time using gameplay telemetry. Using
three quests built in 7Terraria that each emphasize a differ-
ent set of game mechanics — gathering, combat, or crafting
— we collected data on how players interact with different
systems and had them annotate where they encountered dif-
ficulty. Using this dataset, we trained Random Forest classi-
fiers and evaluated model performance across different fea-
ture sets, window sizes, and step sizes. Our results show that
such a model can successfully identify whether unseen play-
ers are experiencing struggle in the crafting quest, while the
other quests proved more difficult. We also tested whether a
model could classify the type of struggle as cognitive or per-
formative, and found promising results for the crafting and
combat quests. Our findings demonstrate the potential of us-
ing player telemetry to detect struggle, laying the groundwork
for future adaptive systems that offer real-time, context-aware
support tailored to individual player needs.

1 Introduction

Not everyone experiences a game in the same way; what
feels like the perfect challenge for one player might
seem impossible — or boring — to another. Csikszentmiha-
lyi’s (2014) flow theory suggests that optimal experiences
occur when the game’s challenges match the ability of a
player, fostering intrinsic motivation and sustained engage-
ment. However, players bring diverse abilities, preferences,
and play-styles that shape how they interact with a game’s
mechanics and objectives. Because of this diversity, craft-
ing a one-size-fits-all experience is extremely difficult. Even
when a game is well balanced for its target audience, there
will always be players who fall outside that range, risking
frustration, boredom, or early disengagement. Achieving the
right balance is a critical first step, but it may not always be
enough. Supporting and retaining as many players as possi-
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ble means going beyond static difficulty design and explor-
ing more dynamic, personalized approaches to challenge.

To support broader accessibility and improve player ex-
periences, designers require a strong understanding of when
and how players struggle. In this context, struggle refers to
moments of heightened effort or challenge that require the
player to adapt, reflect, or persist. These might not neces-
sarily be negative experiences, but signs that the game is
pushing the boundaries of the player’s current ability. Strug-
gle is an inherent part of gameplay and can stem from a
wide range of sources. Denisova et al. (2020) developed
the Challenge Originating from Recent Gameplay Interac-
tion Scale (CORGIS) to address this complexity. CORGIS
provides a systematic framework that captures multiple di-
mensions of difficulty that players may face, offering a clear
way to distinguish between different types of challenges that
can be applied across various games and player skill lev-
els. These include cognitive challenges, which arise from
the need for preparation, planning, memorization, effort, and
multitasking; and performative challenges, which emerge
from the game requiring rapid and accurate action from the
player. Unlike general measures of engagement or satisfac-
tion, CORGIS focuses specifically on struggle, making it es-
pecially useful for balancing gameplay and designing adap-
tive support systems. Understanding the different ways play-
ers experience difficulty sheds light on not only how struggle
manifests, but also what struggle means from the player’s
perspective. While it is a relatively recent tool, CORGIS has
already begun to be adopted in other studies, highlighting its
growing relevance in game research (Frommel, Klarkowski,
and Mandryk 2021; Foffano 2023; Hegedues et al. 2023;
Cuerdo, Baskaran, and Melcer 2024).

Detecting moments of struggle remains difficult, as player
behaviour is inherently unpredictable. Traditional game de-
velopment relies heavily on prototyping and playtesting,
which can be very resource-intensive. As a result, there is
growing desire for player models that spot signs of difficulty
early in the design pipeline (Ariyurek, Betin-Can, and Surer
2021; Ali 2025). Such models can provide designers with
actionable insights about when and where players might en-
counter problems, leading to improved game design.

In this paper, we explore a way to automatically detect
whether a player is currently struggling based on their re-
cent gameplay telemetry, and, if so, whether that struggle



is cognitive or performative. Our contributions include a re-
fined methodology for constructing a labelled dataset for this
task (Ali 2025), a data gathering platform to support collect-
ing such data through a player study, a method for preparing
the data and training classifiers to identify moments of strug-
gle from gameplay telemetry, and empirical results from
training and evaluating several such classifiers. By follow-
ing our process, developers can train their own models to
detect player struggle using playtest data, and then use those
models to iteratively improve their designs. We aim to ad-
vance the field of adaptive game design by providing de-
signers and developers with tools to better understand and
respond to player needs across diverse gameplay scenarios.

2 Related Work

Previous research has explored the use of machine learning
to detect player struggle in video games. Liu et al. (2023) ap-
plied predictive models to gameplay logs from Wake: Tales
from the Aqualab (Field Day Learning Games 2023), col-
lecting anonymous telemetry data from 501 students across
3,859 hours of gameplay. Although their best performing
model demonstrated some ability to identify moments of
struggle (achieving an AUC score of 0.635), the approach
faced several limitations. The definition of “struggle” in their
study was broad, without clearly distinguishing between is-
sues rooted in user interface design and those tied to skill-
based challenges. They also derived labels for struggle from
researcher annotations, which may not have fully captured
the players’ actual experiences. To help address these chal-
lenges, we adopt a more structured definition of player strug-
gle using the Challenge Originating from Recent Gameplay
Interaction Scale (CORGIS) (Denisova et al. 2020). We also
have players label their own moments of struggle, which re-
duces ambiguity and aligns the model’s labels more closely
with how players perceive difficulty in real time.

This paper directly follows our recent research (Ali 2025),
which outlined how to create an annotated dataset related
to players’ struggles in games. Our method involved asking
players to review their recorded gameplay footage after each
play session and describe each moment where they strug-
gled. Unfortunately, this method suffers from a key limita-
tion: finding the parts of the footage that include a player’s
struggles requires reviewing most or all of the footage, much
of which contains no struggle. We developed a way to ad-
dress this limitation, which we describe in Section 3. We
also previously proposed using the game Terraria (Re-Logic
2011) to collect player data and designed three quests with
varied mechanics to do so, focused on Gathering, Combat,
and Crafting respectively. We used these quests and their
telemetry-recording system as the foundation of our data
gathering platform (Section 3). This paper extends beyond
our previous work by explaining how we collected annotated
data from a group of human participants, trained machine
learning models to predict players’ struggles, and analyzed
the results to offer new insights about this challenge.

Hegedues et al. (2023) investigated how both mechanical
and visual changes in game design affect player challenge,
using EEG bandpower analysis to measure brain activity.
Twelve participants played four different minigames, where
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either the mechanics or visuals were altered to increase diffi-
culty. The results showed that frontal lobe activity increased
across all mechanically challenging versions and in two of
the four visually altered versions, but these activities were
not consistent with players’ self-reported experiences. The
use of EEG in real-time gameplay also presents practical
limitations, including the need for specialized equipment
and the potential for the apparatus to interfere with natu-
ral play. Our work leverages gameplay telemetry data to
identify moments of struggle, which avoids disrupting the
player’s experience and needs no specialized equipment.

Dynamic difficulty adjustment (DDA) (Hunicke 2005)
has been widely studied as a means of enhancing player
experience by automatically adapting game difficulty in re-
sponse to player performance. One approach by Frommel
et al. (2018) introduced emotion-based DDA, where self-
reported levels of frustration and boredom were used to trig-
ger difficulty adjustments. A user study with 66 participants
showed that their method improved player experience and
perceived competence compared to static or linearly increas-
ing difficulty. While this work highlights the value of emo-
tional feedback in adaptive systems, emotions alone may
not fully capture the underlying reasons why players strug-
gle. Emotional states like frustration or boredom are often
symptoms of deeper issues, such as cognitive overload or
difficulty with execution, which may go unaddressed if the
system lacks awareness of the root cause (Cao, Sweetser,
and Zhu 2023; Bopp, Mekler, and Opwis 2016). Our work
builds on this idea by shifting focus from general emotional
cues to detecting concrete moments of player struggle, as
inferred from gameplay behaviour. By detecting whether a
player is struggling, our approach aims to provide a clearer,
more actionable signal that adaptive systems can use to in-
tervene or support the player in real time.

The notion of struggle has been explored in various game
genres. Puzzle games often frame difficulty as a function of
cognitive uncertainty (Chen, White, and Sturtevant 2023),
solution structure (Linehan et al. 2014), or player learn-
ing curves (Kristensen, Valdivia, and Burelli 2021). VR
games introduce physical and spatial elements that add a
new layer of embodied challenge (Cuerdo et al. 2023), while
turn-based games emphasize mental effort and risk assess-
ment under constrained conditions (Cao, Sweetser, and Zhu
2023). These differences demonstrate the importance of con-
text when analyzing struggle and suggest that adaptive sys-
tems may need to be genre-aware to be effective. While
some approaches focus on modelling player behaviour quan-
titatively, others emphasize design patterns or emotional re-
sponses to difficulty. However, a notable gap remains in re-
search on struggle in open-ended sandbox or quest-driven
games — genres where player goals are more emergent and
gameplay is less linear. This paper begins to address this gap
by exploring how struggle can be detected and interpreted in
these more flexible and player-directed environments.

Whitby, Deterding, and Iacovides (2019) surveyed 101
players on the struggles they encountered while playing
a game and found that most players experience endo-
transformative reflection — a form of critical thinking fo-
cused on their own strategies, decisions, or understanding



Figure 1: Gameplay footage from our 7erraria-based Craft-
ing quest. Our data gathering platform automatically embeds
a red warning icon in the footage (bottom right) whenever a
player indicates that they are struggling.

of the game system. While that research offers insights into
how players perceive their struggles after the fact, it does
not address the timing of such struggles during gameplay,
which is arguably more important for enabling effective, in-
game support. Our work addresses this need by building a
machine learning model that detects moments of struggle as
they happen, allowing for real-time intervention.

3 Data Gathering Platform

To collect annotated data on player struggle, we used a set of
three custom quests for the game Terraria (Re-Logic 2011)
that we previously developed for this purpose (Ali 2025).

Terraria is a 2D sandbox game where players explore,
build, fight, and survive in a procedurally generated world
filled with diverse biomes (see Figure 1). Players begin with
basic tools and guidance from an NPC, then collect re-
sources to craft equipment, build shelters, and fight enemies.
Terraria is well-suited to gathering data about player strug-
gle because it has a broad set of mechanics that reflect those
found in many game genres, supporting the applicability of
our work. Compared to the more linear structure of puzzle
or narrative-driven games used by related work (Ang and
Mitchell 2017), Terraria’s open-ended gameplay offers the
flexibility to deploy controlled scenarios that still feel natu-
ral to the game’s environment.

Each of our quests focuses on a distinct type of game me-
chanic — gathering, combat, and crafting — which helps us
consider how players engage and struggle through differ-
ent forms of interaction. The structure of each quest follows
Yu, Sturtevant, and Guzdial’s (2021) quest definition frame-
work, including: a set of tasks completed according to a par-
tial order, each defined by the number of players that can
complete that task; conditions for task completion; a way to
present each task to the player; a system to monitor the com-
pletion of each task; rewards for completion; and a way to
distribute those rewards among players. Each quest is com-
pletable in under 10 minutes by players of varying skill lev-
els, while still presenting meaningful gameplay challenges.

To improve the efficiency of our proposed data annota-
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tion method in utilizing each participant’s time (Section 4.3),
we added a feature to the footage-recording part of our plat-
form. Specifically, whenever a participant pressed the LEFT
SHIFT key on the keyboard during gameplay, a highly visi-
ble red icon would be added as an overlay in the gameplay
footage (see Figure 1). By asking each participant to use
this feature whenever they experienced struggle, we made it
much simpler to identify those periods while the footage was
being reviewed. We built this functionality using the Ad-
vanced Scene Switcher plugin for Open Broadcasting Soft-
ware (OBS) (Warmuptill 2016; Lain 2025).

4 Data Collection

After receiving ethics clearance from our university’s Re-
search Ethics Board, we recruited participants through email
distribution and posts in the student and gaming Discord
servers of groups located in Ottawa, Ontario. For eligibility,
participants needed to be at least 18 years old, have normal
or corrected-to-normal vision, be proficient in English, and
have some prior experience with video games, regardless of
skill level. They also needed to be comfortable using com-
puters and digital interfaces. Each participant received an
Amazon e-gift card worth $20 CAD as compensation. We
anonymized the data to protect participants’ privacy. Each
session took at least one hour per person.

4.1 Demographics

We first asked participants to complete a demographic ques-
tionnaire that collected information on their age range, gen-
der, race, and disability status. To assess their gaming back-
ground, we also inquired about how many hours per week
they typically spend playing video games, which helped
us gauge their general experience level (e.g., beginner: <5
hours, intermediate: 5-10 hours, or advanced: >10 hours).
We also asked participants whether they had played Terraria
before and, if so, to rate their familiarity with the game.
We also gathered information about participants’ preferred
game genres to better understand individual play styles and
preferences. Lastly, we asked about how participants typi-
cally respond to in-game challenges, offering options such
as quitting due to frustration, taking breaks before retrying,
or pushing through to continue playing. Together, these re-
sponses provided important context for understanding the
diversity of player experiences represented in the data.

We collected data from twelve participants. Of these, ten
identified as a woman, one as a man, and one as gender-fluid.
Ten participants were 18—25 years old, one was 25-30, and
one was 31-40. Four participants were White, one was Mid-
dle Eastern, one was Latino, one was Southeast Asian, and
five participants were South Asian. Gaming experience var-
ied, as nine participants reported playing fewer than 5 hours
per week, two played 5-10 hours, and one played 11-20
hours. Two participants had prior experience with Terraria,
with one identifying as a beginner and the other as an ad-
vanced player. Most (7) participants reported that when en-
countering difficulty in games, they tend to push through and
continue playing, rather than quitting or taking breaks.



4.2 Playing the Quests

Before they started playing, participants had access to a
printed instruction sheet outlining the game’s keybindings,
including how to perform tasks such as movement, inventory
access, and crafting. The instructions also provided step-by-
step descriptions on how to collect plants, craft items, and
engage in combat within the game. We informed them that
they could refer to this sheet at any point during the ses-
sion to ensure stronger familiarity with the game’s controls.
Participants also received an explanation of the quests’ ob-
jectives through NPC dialogue, verbally by the researcher,
and via the instruction sheet, which helped us ensure that
any struggles observed could be attributed to gameplay me-
chanics rather than confusion about the task.

Throughout the session, participants played each of the
three custom quests in a fixed order: Gathering, Combat,
then Crafting, each lasting up to 10 minutes (without paus-
ing) or until the quest was completed. We screen-recorded
gameplay using OBS (Lain 2025), and automatically cap-
tured gameplay telemetry including game-state information
and player actions. The logging system added a new entry
60 times per second (matching the game’s frame rate), re-
sulting in up to 36,000 log entries per participant for each
of the three quests. We instructed each participant to press
the LEFT SHIFT key whenever they experienced a moment
of struggle, to mark their gameplay footage as shown in Fig-
ure 1. We also modded the game interface to display real-
time progress updates in white text at the bottom left of
the screen. Whenever no updates were visible, an on-screen
message instructed the player to press ENTER to open the
chat log and review their progress. This setup helped ensure
a consistent gameplay experience across participants.

4.3 Footage Annotations

After completing each quest, participants reviewed their
recorded gameplay footage and used an Excel spreadsheet to
annotate their moments of struggle. We involved participants
in this process to ensure that their personal experiences of
struggle were directly reflected in the dataset. We provided
a consistent definition of struggle to guide their annotations,
with the goal of capturing how each player interpreted and
recognized struggle in the context of their own gameplay.
To streamline the process and reduce the cognitive load of
retrospective reflection, we instructed participants to locate
the red markers that had been automatically added to the
footage whenever they signaled a moment of struggle. They
then reviewed the surrounding gameplay footage (spanning
a few seconds around each marker) to identify and define the
start and end of the struggle that they experienced. We also
asked them to provide details about each period of struggle,
including a written description of their challenge, the me-
chanic they struggled using (options varied depending on the
quest), and the type of struggle (cognitive or performative).

While participants were encouraged to annotate as much
of the footage as possible, time constraints limited their abil-
ity to review every moment. We instructed them to proceed
through the footage from start to end, to preserve consis-
tency in what was considered a completed struggle annota-
tion when processing the data.
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Figure 2: Overview of our experimental pipeline for training
Random Forest classifiers with target window and step sizes.
We applied this process separately for each of the two target
variables (struggle vs. non-struggle, and cognitive vs. per-
formative), and for each quest individually. The number of
cross-validation folds (X) varied depending on the amount
of data available in each case, as reported in Tables 2 and 3.

Following the annotation process, participants completed
a short post-experiment questionnaire to provide feedback
on their experience. This included reflections on the clarity
of the tasks, the appropriateness of the quest challenges, and
any issues they encountered during their participation.

5 Building the Models

We now present our method for training and testing mod-
els to detect two target variables from gameplay telemetry:
struggle versus non-struggle, and performative struggle ver-
sus cognitive struggle; Figure 2 shows a high-level overview.

5.1 Dataset Preparation

The result of our footage annotation process is a dataset that
marks the start and end times of multiple periods of player
struggle, along with the mechanic that the player struggled
with and whether the struggle was cognitive or performa-
tive. To ensure label quality, we validated each player’s an-
notations by checking whether they had selected valid val-
ues for the mechanic. If a participant selected “other”, we
manually reviewed their written description to classify it
into an existing mechanic or, if necessary, introduced a new
one. If a player’s annotation referred to a struggle that was
unrelated to player-controllable mechanics (e.g., confusion
about enemy behaviour), we re-labelled it as a non-struggle,
as our focus was on detecting struggles through player ac-
tions. Two participants reported no struggles in the Combat
quest, and one participant reported no struggles in the Craft-
ing quest, stating that the mechanics were intuitive and that
more time might have made challenges more apparent. For
these sessions, we labelled every log entry as a non-struggle.

We combined the annotations with the gameplay teleme-
try as follows. Using Python, we converted every player’s



log file into a structured dataframe (one row per log en-
try) and then separated the result into the three distinct
quests (Gathering, Combat, and Crafting). To build label
columns for our two target variables, we used timestamp
matching to automatically align each player’s quest teleme-
try with their gameplay footage, taking into account any off-
sets between when the screen recording began and when the
player initiated a quest. Since some periods of struggle at
the end of each quest lacked completed annotations (Sec-
tion 4.3), we discarded all telemetry and footage that came
from times after each player’s last completed annotation for
each quest. Doing so allows us to safely assume that any
retained data that falls outside of an annotated struggle pe-
riod is a non-struggle period. For each retained log entry, we
set its struggle/non-struggle and cognitive/performative la-
bels based on the annotated struggle periods (non-struggle
entries get no second label). Finally, we exported the result-
ing datasets as a single, structured CSV file.

5.2 Feature Engineering

To augment our dataset, we engineered features based on
the gameplay telemetry. One feature was “Time Elapsed”,
which we extracted directly from logs. We also introduced
a numerical feature, “Progression”, to indicate how much of
the quest had been completed at a given time. To engineer
this feature, we created user journeys for each quest, map-
ping key gameplay milestones to percentage markers along a
linear progression scale (Figure 3). This feature lets us quan-
tify how far along a player was in the intended quest flow.

This process closely parallels the work of Teng
et al. (2025), who introduced “player journeys” as interac-
tive node-edge graphs that represent sequences of player ac-
tions, for visualizing and identifying problem-solving strate-
gies in games. Similarly, our user journeys represent the in-
tended paths through the quest space, providing a reference
structure against which we can interpret real-time player
actions. While Teng et al.’s (2025) work used these jour-
neys primarily for visual exploration and segmentation (e.g.,
highlighting patterns specific to experts or atypical sub-
groups), we extend the idea to feature engineering for clas-
sification. By providing information about how far a player
has progressed, our Progression feature could help the model
infer deviations from expected progressions, which might
suggest confusion, exploration, or alternate strategies — be-
haviours that might otherwise be dismissed as noise.

We also filtered the available telemetry features differ-
ently for each quest, to ensure that its final dataset only in-
cluded features that pertained to its unique objective (see Ta-
ble 1). For example, we excluded “Weapon items” from the
Gathering quest dataset because weapons were unavailable.

5.3 Data Splitting

To prepare the dataset for machine learning, we loaded each
player’s CSV file and tagged it with a source file identifier to
maintain player context. We standardized all Boolean values
to TRUE/FALSE and encoded all categorical features using
scikit-learn 1.6.1°s LabelEncoder (Pedregosa et al. 2011).
To convert (effectively) continuous gameplay telemetry
and labels into sequences suitable for supervised learning,

Gathering Quest
Scope and Goal: Find and collect 4 plants from

gold chests in an underground cave within 10
minutes

e A

Activate the Quest Find Chests with

Talk to the NPC Plants
(Talk to the ) (Find the chest in an
(S J underground house,

e N along the minecart
track, at the end of an
underground pool,

\and along a dirt trail) /

Collect Plants <

- J
e N
‘ End Quest
If 4 found——————>»{ (Deliver plants to
NPC)
1\ J

Combat Quest

Scope and Goal: Kill 40 enemies of various types
at night within 10 minutes

s N

Activate the Quest

(Enter the world) Kill 40 enemies
- J (Of any type, can die

4 ™ unlimited number of
End the Quest | times)
(Exit world) B
\ ) N

Crafting Quest
Scope and Goal: Find and collect 4 resources to

craft a fishing rod using different tools within 10
minutes

( N A

Activate the Quest
(Talk to the NPC)

(N J 0\

A
kA ¢ :
e A ' N
Collect resources

(lead, silver, wood,

cobweb)
- J - J

Craft workbench
(Collect wood)

Craft fishing rod [«

End the Quest
(Exit world)

Figure 3: User flow diagrams illustrating the sequence of
actions that players were expected to take in each quest, fol-
lowing Teng et al. (2025). Dashed lines show alternate paths.
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Quest name
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Table 1: List of features used for training, separated by quest.

we applied a sliding window technique (Figure 4). This
method transforms each player’s data into multiple fixed-
length segments, enabling the model to detect temporal pat-
terns associated with player struggles. Detecting temporal
patterns is important because a struggle is rarely isolated to
a single moment; instead, it unfolds over a series of inter-
actions. Each sliding window is defined by a window size
(the number of data rows per segment) and a step size de-
fines the offset between consecutive windows. We flatten the
data within each window into a feature vector, and the corre-
sponding labels — Struggled (Yes or No) and Struggle Type
(Cognitive or Performative) — are determined by the labels
attached to the final row in the window.

In cases where the number of available non-struggle win-
dows was lower than the number of struggle windows, we
down-sampled the player’s set to preserve data balance; this
occurred for one player’s data in the Gathering Quest, three
in the Combat Quest, and three in the Crafting Quest. Al-
though balancing our data reduced the total number of sam-
ples that we used for training, doing so can support better
generalization by preventing bias toward the majority class.
To support generalization to new players and balance strug-
gle versus non-struggle examples, we separated the data into
training and testing sets by player, dropping the column that
identified each player to avoid data leakage.

Our goal was to test using leave-one-out cross-fold vali-
dation, but not every player’s data was rich enough to use
for this purpose. As a result, we varied the number of folds
per quest and target label, based on the total number of play-
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Window 1

Record Labels

Entry 1
data...

Entry 2
data...

Entry 3
data...

Entry 4
data...

Entry 5
data...

Entry 6
data...

Window 2

Time

Figure 4: Visualization of our sliding window technique for
segmenting gameplay logs. Each window captures a fixed-
length sequence of data entries (here, window size = 4), with
the labels of the final entry in the window used as the labels
for that window. In this example, windows overlap by 50%
of their length (step size = ¥2).

ers with eligible data for that quest/label pair. To be used for
testing the struggle/non-struggle models, a player needed to
have struggled and not struggled at least once (each) during
that quest. To be used for the cognitive/performative models,
a player must have exhibited at least one struggle of each
type. When training and testing models that predicted the
type of struggle, we only used windows that were labelled
TRUE for struggle/non-struggle. We report these varying
numbers of folds alongside our results in Section 6.

5.4 Model Selection and Training

We trained binary Random Forest classifiers for each quest
and each target variable: player struggle and type of strug-
gle (cognitive or performative). We chose Random Forests
based on their general capacities to handle mixed feature
types, capture nonlinear interactions, and perform well with
noisy datasets, all of which are relevant given the complexity
of gameplay telemetry (Parmar, Katariya, and Patel 2019).
Random Forests are also relatively fast to train and easy to
interpret, making them suitable for iterative tuning, feature
analysis, and implementation in the context of games.

We initialized a value for the window size (600, 300, 120,
60, 30) and step size (either the same as the window size
(1) or half of that (2)). We chose these parameters to un-
derstand how data representation (overlapping or not, via
step size) and temporal granularity (via window size) af-
fect a model’s ability to detect struggle. For every tested
model, we tuned its hyperparameters automatically using
GridSearchCV (scikit-learn 2025), exploring combinations
of n estimators (80, 100), max depth (None, 10, 20), and
min samples split (2, 5).

We used Area Under the receiver operating characteris-
tic Curve (AUC) as the scoring metric to determine which
parameter configuration yielded the best-performing model
at each fold. We used AUC because it offers a more in-
formative assessment of model performance than accuracy,
particularly for detecting player struggle. Unlike accuracy,
which measures performance at a fixed decision threshold,
AUC evaluates how well the model ranks struggle over non-
struggle (or cognitive vs. performative struggle) across all
possible thresholds. This is especially useful in our con-



Window Step | Gathering | Combat | Crafting
600 %) 0.59 a2 0.59 aoy | 0.77 v
300 %) 0.60 (12 0.48 a0y | 0.79 av
120 ) 0.64 a2 0.51 a0 | 0.78 an
60 ) 0.63 (12 0.47 a0y | 0.77 ay
30 %) 0.63 a2 0.48 a0y | 0.78 a
600 1 0.64 (12 0.55 1oy | 0.76 ay
300 1 0.62 12 0.57 a0y | 0.78 ay
120 1 0.60 (12) 0.53 a0 | 0.72 ay
60 1 0.64 (12 0.52 a0y | 0.77 ay
30 1 0.64 (12 0.47 a0y | 0.77 ap

’ 300 \ 1 \ 0.57 a2 \ 0.55 a0 \ 0.78 an

Table 2: Struggle vs. Non-Struggle AUC scores, split by
quest and training parameters: window size, step size, and
including or excluding engineered features. Brackets show
number of folds used for cross-fold validation.

text, where struggle annotations may be noisy, subjective,
or vary in severity. While we balanced our dataset to en-
sure an equal number of windows within each variable, ac-
curacy still fails to capture how confidently or consistently
the model is identifying meaningful patterns. For example, a
model might be correct but for the wrong reasons, or only be
confident in easy cases. AUC, however, captures the trade-
off between true and false positives, making it better suited
for applications that require flexible or player-sensitive re-
sponses, such as triggering an in-game tutorial only when
confidence is high. By prioritizing AUC, we align our eval-
uation with the needs of adaptive game systems, where both
over-detecting and under-detecting struggle can negatively
impact the player experience.

We then calculated the final model performance by av-
eraging the AUC scores obtained from each fold. To as-
sess the value of our engineered features, we additionally
trained three more models (one per quest) with both engi-
neered features left out, using the same window and step
sizes as the best overall parameterization from when the fea-
tures were included. We computed each parameterization’s
overall score by summing AUC scores of the three models
that used it. This resulted in 33 models for classifying strug-
gle versus non struggle, and another 33 models for classify-
ing cognitive and performative struggles.

6 Results and Analysis

We evaluated two main classification tasks in our analy-
sis: struggle detection, which involved identifying whether
a player was struggling (see Table 2), and struggle type de-
tection, which focused on distinguishing between cognitive
and performative struggles, but only when a struggle was
already present (see Table 3). Our models showed notably
different performance between the two classification tasks.
Struggle detection was relatively stable across window sizes
and quests, with AUC scores generally falling in the mid-
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Window Step | Gathering | Combat | Crafting
600 %) 0.16 0.66 3 0.73
300 %) 0.42 «© 0.64 ) 0.63 )
120 ) 0.34 0.70 3 0.45 @
60 ) 0.31 0.71 3 0.54 s
30 %) 0.34 ) 0.71 3 0.51
600 1 0.73 @ 0.79 0.86 o)
300 1 0.11 @ 0.60 0.71
120 1 0.32 0.67 3 0.68
60 1 0.38 0.64 3 0.53 s
30 1 0.28 ) 0.71 3 0.57

’ 600 \ 1 \ 0.54 @ \ 0.81 3 \ 0.86 7

Table 3: Cognitive vs. Performative AUC scores, split by
quest and training parameters: window size, step size, and
including or excluding engineered features. Brackets show
number of folds used for cross-fold validation.

0.6 to 0.7 range. In contrast, struggle type classification was
far more variable, with some models reaching AUC scores
as high as 0.86, while others dropped as low as 0.11. This
inconsistency likely stems from two key factors: first, the
type classification task used a smaller subset of data, since
it only included windows already labeled as struggles; and
second, the behavioural differences between cognitive and
performative struggles are often more subtle and could be
difficult for the model to distinguish consistently.

The Influence of Window Size and Fold Count. The
number of folds used in cross-validation varied across tasks
and quests, partly due to how different window sizes affected
the availability of usable data (Section 5.3). As window size
increases, fewer windows are generated, and an entire strug-
gle period can end up “sandwiched” within a window be-
tween periods of non-struggle, causing the window to be la-
belled as non-struggle despite containing struggle data. This
reduces the number of windows labelled as struggles and, in
turn, limits the number of folds that can be used for train-
ing and evaluation. This reduction in fold count had notice-
able effects on model performance. In the Gathering Quest’s
struggle type classification task, for example, the AUC score
rose to 0.73 (from 0.42 as the next highest score) when the
number of folds dropped to 4 (Table 3). One possible expla-
nation is that the omitted players — including the only ad-
vanced Terraria player in our dataset — introduced gameplay
patterns that were harder to infer based on the data of less-
advanced players. When their data was excluded because
they lacked sufficient examples of struggle (Section 5.3), the
model was able to more easily learn patterns from the re-
maining, more consistent player data. This occurrence em-
phasizes the need to not only ensure demographic diversity
when building models, but also consider how player charac-
teristics (e.g., skill level) affect model performance.

We also observed that the variance in AUC scores across
folds could be quite high. As a result, interpretations based



solely on cross-fold AUC values may overlook the instabil-
ity introduced by small sample sizes or outlying player be-
haviours. Collecting more data from each player could help,
as more periods of struggle could be captured.

Larger window sizes also caused data sparsity, especially
for detecting cognitive vs. performative struggles, where
fewer labelled windows were available. This sparsity can
reduce the reliability of cross-fold AUC scores, meaning
that scores from larger window sizes should be consid-
ered with increasing caution. Going forward, it would help
to develop a way to estimate confidence intervals around
cross-fold AUC scores. Carefully analyzing outlier contri-
butions may also improve the robustness and interpretability
of gameplay-based prediction models.

Raw Data vs. Feature-Engineering. To estimate the ef-
fect of including our two engineered features (Section 5.2)
in the models, we removed them from the data and trained
three new models (one per quest) for each target variable.
We chose the window and step size by summing the AUC
scores across all quests (with engineered features included)
and picking the combination with the highest total. Overall,
the Gathering and Combat quest models trained on feature-
engineered data outperformed those trained on raw teleme-
try for struggle detection, while the Crafting quest model re-
mained the same. This difference suggests that features such
as Time Elapsed and Progression may have helped highlight
the buildup to struggle events by providing clearer, higher-
level behavioural signals. For struggle type detection, the
value of the engineered features varied for each quest. In
the Gathering quest, feature-engineered data worked sub-
stantially better (0.73 vs. 0.54), which demonstrates the im-
portance of the added features. In the Combat quest, perfor-
mance was very close (0.79 vs 0.81), possibly because the
detailed action sequence already captured signs of struggle
related to combat. For the Crafting quest, both types of data
yielded the same score (0.86). Overall, it appears that the
usefulness of the engineered features depends on the spe-
cific mechanics and challenges in each quest.

The Impact of Overlapping Windows. Overlapping win-
dows (step size = %2) were not consistently better than
non-overlapping ones (step size = 1). In struggle detection,
some configurations with overlap slightly outperformed
their non-overlapping counterparts, particularly in the Gath-
ering Quest (e.g., 120:%2 = 0.64 vs. 120:1 = 0.60). However,
in the Crafting Quest, overlapping and non-overlapping win-
dows produced almost identical results. Overall, this sug-
gests that overlapping windows offer only marginal benefits
at best, and their effectiveness may depend more on the na-
ture of the quest than on the windowing strategy itself.

In the struggle type classification task, overlapping win-
dows generally led to lower performance, particularly in the
Gathering Quest, where the lowest AUC scores came from
step sizes of %2. This might be due to data leakage, as over-
lapping windows often share similar sequences, which could
potentially cause the model to memorize rather than general-
ize. They also introduce many near-duplicate inputs, which
can amplify the model’s weaknesses at classifying labels for
non-overlapping data.
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Quest-specific Differences. The models trained for the
Crafting Quest consistently yielded the strongest AUC val-
ues in both tasks, with struggle detection scores reaching up
to 0.79 and struggle type classification peaking at 0.86. This
suggests that behavioural signals related to crafting mechan-
ics might be more structured and easier for models to learn
from. The stability of the struggle detection scores across
window sizes (Table 2) also indicates that player struggles
in the Crafting Quest were captured with similar reliabil-
ity, regardless of temporal resolution. In contrast, the mod-
els trained for the Combat Quest performed the worst in the
struggle detection task, never exceeding an AUC of 0.59.
However, the Combat Quest models performed reasonably
well in struggle type classification, with a maximum AUC of
0.81 (Raw Data) and several other scores above 0.70. This
suggests that while struggle events may be hard to detect in
this quest, the distinction between struggle types (once de-
tected) is relatively clear. Models trained for the Gathering
Quest fell in the middle for struggle detection (up to 0.64),
but performed poorly in the struggle type task, with all but
one of the AUC values falling between 0.11 and 0.42. As
AUC scores below 0.5 indicate performance that is worse
than random guessing, the stand-out, 4-fold result of 0.73 for
this quest (600:1) highlights the strong effect that including
too much divergent data (e.g., from players with different
demographics) can have on classification results.

7 Discussion

This work demonstrates the feasibility of using gameplay
telemetry to detect player struggle in real time, offering an
adaptable approach for games without requiring extensive
changes to core systems. Using Random Forest classifica-
tion and a sliding window technique, we have demonstrated
that temporal patterns in gameplay data can be leveraged to
detect both the presence and type of player struggle, par-
ticularly in quests focusing on crafting mechanics. We pro-
posed an efficient way for players to annotate their game-
play struggles; this method could be useful for future stud-
ies that explore affective or behavioural modelling in games.
We also offered insight into how self-reports can be used ef-
fectively in training machine learning models, despite chal-
lenges around construct validity and annotation consistency.

Using our data gathering platform, we created a struc-
tured, labelled dataset linking player gameplay logs to self-
reported experiences of struggle using the CORGIS frame-
work. This dataset captures nuanced differences between
cognitive and performative difficulties in the context of real
gameplay scenarios, and we share it to support future work'.
To offer further context in understanding our models, we
also share additional performance data’.

Our methods for collecting data, training models, and an-
alyzing the results are designed with flexibility in mind, al-
lowing others to adapt this approach to different game gen-
res, mechanics, and player populations. By experimenting
with parameters such as window size, step size, and fea-
ture engineering, future researchers and developers can build

!See: https://tinyurl.com/terrariadataset.
2See: https://tinyurl.com/terrariamodelperformance.



models that suit their own use cases. Our work moves toward
scalable player support tools that can detect when, how, and
why a player is struggling, contributing to more accessible
and responsive game experiences.

7.1 Limitations

While this research offers promising results in identify-
ing player struggle using gameplay logs, several limitations
should be acknowledged.

First, our participant pool was limited to 12 individuals,
which is not sufficient to ensure the reliability or generaliz-
ability of the models’ performance. While the results show
promising trends — particularly in detecting and classifying
struggle across different gameplay contexts — the small sam-
ple limits our ability to draw firm conclusions. Our sample
also lacked gender diversity, as 10 of the 12 participants
were women. This imbalance may have influenced the types
of gameplay behaviours and struggles observed, further lim-
iting our ability to generalize across broader populations.

Due to the constraints of our data collection timeline, the
dataset contained fewer instances of player struggle than
planned. This limited sample restricts the strength of our
conclusions and makes it difficult to assess whether addi-
tional data would have improved model performance. This
work should therefore be considered an early-stage feasi-
bility study. We offer a proof of concept that struggle can
be detected in real time, but our results should be consid-
ered preliminary. To test generalization, we used leave-one-
player-out cross-validation, though the small sample made
it difficult to run meaningful statistical comparisons. Future
studies with larger and more diverse participants are needed
to confirm and extend these findings.

Another important limitation lies in the design of the
Combat Quest. While it was intentionally challenging, many
players experienced repeated deaths, which led to fatigue
and frustration. This may have reduced the accuracy of self-
reported struggle annotations, as players became less mo-
tivated or too overwhelmed to record struggles in the mo-
ment. Complicating this further, Terraria enforces a 10-
second respawn countdown after death, which created a
pause in gameplay that players often used to reflect and mark
their (prior) experience of struggle. These annotations were
sometimes disconnected from the actual moments of strug-
gle, leading to potential misalignment between the gameplay
data and the labels used for training.

We relied exclusively on Random Forest classifiers for
all detection tasks. While this model performed reasonably
well across most configurations, it may not fully capture the
temporal dependencies inherent in gameplay data. Random
Forests are well-suited for structured data and provide in-
sights into feature importance, but they treat each input in-
stance independently. This may limit their effectiveness in
modelling struggles that unfold over time. Since this is still
arelatively new research area, our aim was not to benchmark
against alternative models, but rather to explore whether an-
notated gameplay telemetry can be used at all to train models
that detect player struggles.

Finally, while our machine learning approach showed
potential within the context of the three custom-designed
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quests in Terraria, its generalizability to other games or digi-
tal experiences may be limited without adaptation. Different
games introduce unique mechanics, pacing, feedback sys-
tems, and player expectations, which can affect how strug-
gle manifests and is captured in telemetry data. However, the
goal of this work is not to create a one-size-fits-all model, but
rather to provide a flexible foundation that others can build
upon. With access to similar player data and domain-specific
knowledge, researchers and designers could adapt our ap-
proach by tweaking features or model parameters to suit
their own game environments and target player behaviours.

8 Future Work

While this research focused on binary classification of
player struggle (struggle vs. non-struggle) and the type
of struggle (cognitive vs. performative), we designed our
data collection process to also support exploring multi-
dimensional struggle classification. Specifically, participants
also annotated the severity of their struggle (e.g., mild, mod-
erate, or severe). Future work could extend our framework
to support this expanded classification task. Doing so has
the potential to enable more adaptive and context-sensitive
feedback systems in games, not only detecting that a player
is struggling, but also responding in ways that are tailored to
the type and intent of that struggle.

It would also be interesting to compare our Random For-
est approach against simple heuristics, alternative classifiers,
or more sequence-aware models (e.g., LSTMs or Temporal
Convolutional Networks) to better capture temporal depen-
dencies in gameplay behaviour.

Our model could be implemented directly within Ter-
raria’s core gameplay, to power dynamic hint systems tai-
lored to the type of struggle a player is facing. For instance,
cognitive struggles might trigger brief on-screen popups that
clarify objectives or explain missing steps, while performa-
tive struggles could be addressed by optional side quests de-
signed to reinforce specific mechanics through guided prac-
tice. One could evaluate the effectiveness of these interven-
tions through not only gameplay outcomes, but also the lens
of learning and retention, drawing on principles from in-
structional design. We see our approach as offering value
beyond entertainment games, with potential applications in
serious games or educational environments where personal-
ized feedback can support user learning and engagement.
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