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Flow and self-determination theory predict that game difficulty in balance with player skill maximises enjoy-
ment and engagement, mediated by attentive absorption or competence. Yet recent evidence and methodologi-
cal concerns are challenging this view, and key theoretical predictions have remained untested, importantly
which objective difficulty-skill ratio is perceived as most balanced. To test these, we ran a preregistered study
(n=309) using a Go-like 2-player game with an Al opponent, randomly assigning players to one of three
objective difficulty-skill ratios (Al plays to win, draw, or lose) over five matches. The Al successfully ma-
nipulated objective balance, with the draw condition perceived as most balanced. However, balance did not
impact play behaviour, nor did we find the predicted uniform ‘inverted-U’ between balance and positive play
experiences. Importantly, we found both theories too underspecified to severely test. We conclude that balance
and competence likely matter less for behavioural engagement than commonly held. We propose alternative
factors such as player appraisals, novelty, and progress, and debate the value and challenges of theory-testing
work in games HCL
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1 INTRODUCTION

Difficulty or challenge are widely recognised to impact how we experience games and interactive
systems [11, 44, 76]. Challenge is the most frequently studied antecedent of player experience
in games HCI [51] and sometimes framed as “the most important aspect of good game design”
[78] Grounded in flow theory [17], early game and media entertainment theory suggested that “it
is a balance between individual differences in cognitive abilities and media message challenges
that explains enjoyment of media use” [71]. Good games are seen to keep players in a so-called
flow channel, where challenges adapt to and grow in lockstep with each player’s ability [13]. This
balanced challenge view predicts an inverted-U relation: Where player skill significantly exceeds
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419:2 Deterding and Cutting

difficulty, play is boring. Where difficulty exceeds skill, players feel anxious and frustrated. The

closer we move from either end to a goldilocks middle, the more enjoyable and absorbing play
becomes.

In games HCI, flow theory has informed

the widely adopted GameFlow model, origi-

0 nally developed for strategy games but since
£ Optimal challenge / widened into a “general model of player en-
] alance
£ joyment” [77]. GameFlow posits “Challenge:
B Games should be sufficiently challenging and
H match the player’s skill level” as one of eight
g core elements of player enjoyment [77]. This
< is repeated in games research grounded in self-
2 determination theory (SDT), claiming that “op-
é:f timal challenges” maximise competence expe-
. riences [63]. The balanced challenge view fea-
o tures prominently in game design textbooks

[31, 49, 69, 86] and informs game design prac-
Difficulty < skil  Difficulty = skil _ Difficulty > skil > tices like balancing [70], matchmaking [34, 52],
Perceived difficulty-skill ratio or rational level design [50], as well as game Al

applications like dynamic difficulty adjustment
[85] or procedural content generation [75, 84].

Yet the balanced challenge view is coming
into question. Millions of players are deeply
engaged by Idle games (games of economic accumulation that self-play without player input, often
characterised as having no obvious challenge) [6, 21] as well as Soulslike games, a subgenre of
action role-playing games notorious for their high difficulty and frequent player deaths [60]. These
contradict — at least at first sight — the idea that enjoyment and engagement cannot be had without
balanced challenges. Evidence does not uniformly support theory [30]. Recent conceptual analyses
predict a linear not U-shaped relation between difficulty and competence [26]. Empirical work on
balanced challenge often suffers from methodological shortcomings [20] and has mostly studied
perceived balance, which is less useful for commercial dynamic difficulty adjustment systems or Al
directors that operate with objective difficulty measures. The few empirical studies on objective
difficulty-skill balance present conflicting evidence. Importantly, they did not directly test flow and
SDT predictions on proximal psychological outcomes of competence and attentive absorption; nor
what objective difficulty-skill ratio is actually perceived as the most balanced.

All this makes game balance an excellent case in point for recent calls in (games) HCI for more
careful use, testing, and extension of psychological theories [7] such as flow or SDT [8, 79], and more
rigorous replication work [14, 27, 82, 83] in response to the so-called replication crisis. Standard
operating procedures in the quantitative social and behavioural sciences have been found to be prone
to generating false-positive findings that don’t replicate when put to the test [72]. Researchers have
therefore been advancing methodological reforms for more severe, transparent, and reproducible
testing of hypotheses [54, 57]. Severe testing here means designing studies “highly capable of
demonstrating a claim is false” [46], which can be furthered with strategies like preregistration:
publicly specifying tested hypotheses, research designs, and analysis plans before collecting and
analysing data.

In addressing important open questions around difficulty-skill balance, we also want to take
a step toward such more ‘severe’ theory-testing and -developing games HCIL Our aim is thus
to severely test flow theory and SDT predictions on the impact of objective difficulty-skill ratios on

Fig. 1. The inverted-U of difficulty-skill balance
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proximal player experiences (perceived balance, competence, attentive absorption) and their distal
outcomes (enjoyment and behavioural engagement). For this, we use a novel experimental paradigm
[20] with an Al opponent to unobtrusively induce three different objective difficulty-skill ratios: Al
playing weaker than the human player (easy), equally strong (balanced), or stronger (hard). In our
preregistered online experiment, participants (n=309) were randomly assigned to one condition
for five matches before self-reporting their play experience and then freely choosing to continue
playing or end the study.

Our results make several contributions to games HCI: First, we find that an equally strong
opponent is perceived as most balanced, supporting this common but previously untested intuition.
Second, objective and perceived balance did not significantly impact behaviour, nor did we find a
uniform inverted-U. This contradicts standard views that balance is “the most important aspect
of good game design” [78] and suggests that designers of single-player games should not unques-
tioningly rely on perceived balance measures or matched strength as a given optimum. Third,
our data contradicts several claims in flow theory and SDT, suggesting at a minimum previously
unrecognised limitations or moderators. Finally, we find that both theories are not well-specified
enough to allow actual severe testing; future theoretical work is needed to formalise optima and
claimed scopes of generality.

2 BACKGROUND

To set up our paper, we will first clarify terminology, then articulate what specific claims flow
theory and SDT make about difficulty-skill balance, followed by a review of empirical work.

2.1 Terminology: Difficulty, Challenge, and Balance

There are no strong consensus definitions or operationalisations for “difficulty” or “challenge” [25].
The two terms are often used interchangeably. We here focus on difficulty and challenge in the
narrow sense of the effort and ability required to accomplish a given task and resultant likelihood
of attainment (as opposed to more recent broader framings such as “emotional challenge” [15]).

A key consideration is whether we are interested in the first-person, subjective experience of
a player (as Denisova and colleagues [24] do), or some third-person, intersubjective quality of a
game (as game developers do when they talk about, e.g., the difficulty level of a game). We will
refer to the former as perceived, and the latter as objective difficulty or challenge.

Objective difficulty in turn can be approached in at least two ways. One is ‘raw’ difficulty as
the attribute of a task, game, or match on its own, without respect to a player (group). This could
be operationalised, e.g., as the number of enemies in a level, the size of a target, or the TrueSkill
or ELO rating of an opponent — two common player rating systems used in multiplayer games
[28, 35]. More often, we are interested in difficulty as a relational property between game task and
player. Such difficulty-skill ratios can be operationalised as an antecedent, e.g., as the delta between
the ELO ratings of two players at the start of a game, or post-hoc as a player’s observed final score,
win/loss ratio, etc. In this paper, we use “difficulty” to refer to the raw properties of a game task,
and “challenge” or “difficulty-skill ratio” for player-relative difficulty: how attainable or effortful
a given task is for a given player. Thus, objective challenge refers to intersubjectively measurable
difficulty-skill ratios, and perceived challenge to a given player’s felt sense of challenge facing a
given task.

“Balancing” or “balance”, finally, commonly refer to a broad range of aspects of a game that
designers may tune to accomplish a desired play experience [9, 69, 70]. We here focus on balance as
closeness to an assumed optimal difficulty-skill ratio: the closer to this optimum, the more balanced.
Perceived balance will refer to player’s subjective sense that the difficulty-skill ratio of a game “feels
right” for them.
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2.2 Difficulty-Skill Ratios in Games HCI Theory

Flow theory is probably the most-frequently used theory to study difficulty-skill ratios. It equates
enjoyable flow states or optimal experience with “intense experiential involvement in moment-to-
moment activity” [17, p. 230]. More recent work by Abduhamdeh and Csikszentmihalyi suggest
that any impacts of balance on enjoyment are fully mediated by this attentional involvement [3]
(see also [2, 38]).

Flow theory frames difficulty-skill balance or “when environmental challenges are in balance
with the person’s skills” [19, p. 187] as one signature or antecedent of flow [17, 56]. Out of this comes
the oft-reprinted “flow channel” diagram ([18, pp. 147-8], [17, p. 74]), which can be remapped into
an inverted-U graph with flow, attentive absorption, or enjoyment as the x-axis and difficulty-skill
ratio on the y-axis, and flow peaking where the difficulty-skill ratio is “in the neighbourhood of a
50/50 balance” [19, p. 187] (see Figure 1). Csikszentmihalyi variously insisted that this balance refers
to “subjective challenges and subjective skills, not objective ones” ([56, p. 91], emphasis in original).
However, he also suggested that objective circumstances like two Chess players with equal UCSF
strength ratings could manifest balance [18, p. 148]. In later years, he co-authored studies that
operationalised objective balance as equal Chess ratings of opponents or equal opponent scores
mid-game [4, 5]. This implies that Csikszentmihalyi equated flow-optimal perceived balance to an
objective challenge of facing opponents of play strength equal to oneself and thus, equal odds of
winning for each party. This assertion has been embraced as a truism in, e.g., matchmaking [34],
but not actually been tested to our knowledge. Importantly, matchmaking is used in multiplayer
games, where equal opponent strength ties into additional player concerns like fairness, which
don’t necessarily obtain in single-player contexts.

Next to flow theory, self-determination theory (SDT [67]) has become a key theory in games
HCI [79]. It proposes that activities like video game play are intrinsically motivating and enjoyable
because and when they satisfy basic psychological needs like competence — “feeling effective in
one’s interactions with the social environment, that is, experiencing opportunities and support
for the exercise, expansion, and expression of one’s capacities and talents™ [67, p. 86]. While less
commonly connected to difficulty-skill balance than flow theory, SDT nevertheless makes similar
claims about balance impacting motivation and enjoyment. SDT creators Deci and Ryan have
consistently asserted that competence needs are satisfied by seeking-and-overcoming optimal
challenges: “the needs for competence and self-determination keep people involved in ongoing
cycles of seeking and conquering optimal challenges” [22, p. 33] (see also [63, 67]). At the same time,
SDT predicts that competence satisfaction largely arises from positive competence feedback, also
labelled the “perceived competence effect” [67, p. 156]. “Within SDT, then, optimal challenge means
facing demands that most often one can master, rather than ones that are continuously at the leading
edge of one’s capabilities. That type of high difficulty challenge should, however, be an intermittent
element, in which case it can enhance and heighten intrinsic motivation” [67, p. 153]. As this quote
from the current state-of-the-art SDT articulation shows, unlike flow theory, SDT refers to objective
not perceived challenge. Yet it makes somewhat incongruent and ambiguous predictions: One,
competence satisfaction is maximised under optimal challenges with frequent but not guaranteed
success, not specifying what precise success ratio or odds are optimal and why. Two, competence
satisfaction is driven by positive competence feedback — which should logically be greater the more
frequent and extensive success occurs. Ryan and Deci acknowledge that this incongruence holds
empirically: optimal challenge predicts a competence-enhancing effect from occasional negative
competence feedback, yet empirically they observed only a perceived competence effect to date
[67, p. 156]. Nevertheless, SDT’s optimal challenge model is underwriting current industry design
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consultancy [62, 63], has informed theory and empirical work on games [42, 68], and related scales
like PENS, which entails a dedicated balance item in its competence subscale [68].

2.3 Prior empirical work

Based on flow theory and SDT, difficulty-skill balance has been widely researched (for reviews, see
[30], [67, pp. 153-157]). Results are not uniformly supporting theory. The most recent meta-analysis
of 28 eligible studies found difficulty-skill balance to have a moderate relation with flow state
(Fisher’s z = 0.58), and a small relation with intrinsic motivation (z = 0.24) [30].

2.3.1 Methodological issues. Unfortunately, the majority of existing studies suffer from various
methodological issues [20, 30]. The first is questionable measurement practices [29]: studies have
used such a variety of scales, measures, and calculations for challenge and balance that the cited
meta-analysis found them simply “too heterogeneous to meaningfully aggregate” [30]. These often
include unvalidated single-item measures. Other studies use as their independent variable the
challenge subscale of the same flow scale that is then used to measure flow as dependent variable,
risking spurious correlations or the jangle fallacy [29]: assessing the same thing by different names.
In other cases, balance is operationalised as ‘using an industry dynamic difficulty adjustment
system, with no insight into how said system quantifies balance [42].

Many studies also lack construct validity, as they manipulate cohort-level absolute difficulty, while
flow theory and SDT make claims about individual-level difficulty-skill ratios. This operational
proxy is defensible under random assignment provided that (a) skill in the sample is normally
distributed and (b) said normal distribution peaks on whatever is considered a ‘balanced’ match to
the difficulty of the game under study - for instance, player skill is normally distributed such that
the median player would most likely arrive at a draw. Under these conditions, the fact that each
individual player brings a different skill level to an assigned task and may therefore face a different
difficulty-skill ratio that deviates from the ideal (median) of the assigned condition gets aggregated
out as random noise. But the moment either assumption is violated, such study designs no longer
allow valid inferences to the effect of individual-level difficulty-skill ratios. To our knowledge, no
study relying on these assumptions actually tested whether they hold.

Furthermore, existing studies did not preregister hypotheses and analysis plans [54, 74]. We
therefore cannot say with certainty whether or how frequently researchers chose not to report
harder to publish null results, or explored data and analysis strategies until they found some
statistically significant inverted-U to report. We don’t imply that any given researcher did engage
in such practices. But we know empirically that introducing preregistration substantially increases
the proportion of reported null results in a given body of literature [40].

2.3.2  Perceived versus objective challenge. Importantly for practice, the vast majority of prior work
assessed perceived difficulty-skill balance. While this is true to flow theory, it doesn’t match SDT’s
claims about objective difficulty-skill balance. And it is of little help to game designers wanting to
balance their games using Al directors, PCG systems, dynamic difficulty adjustment, matchmaking,
or similar, as these systems overwhelmingly operate with targeted and observed objective challenge
metrics like TrueSkill rankings, frequency or odds of player death, needed attempts per level,
positions in a race, and the like [34, 85]. (Affect recognition-based systems exist but have remained
research prototypes. We are not aware of mass-market difficulty balancing system that use self-
report or biosignals as input.) Furthermore, neither flow theory nor SDT make explicit claims when,
why, and how perceived and objective challenge should diverge. If the two track closely, this would
support industry practice of focusing on easier to measure and manipulate objective balance. If
they diverge, and perceived balance drives engagement, industry practice would be flawed.
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2.3.3 Conflicting results on objective challenge. Based on a prior systematic review covering work
published until 2014 and our own unsystematic literature search from 2014 onward [30], we
identified seven studies that directly test relations between an objective, individual-level skill-
difficulty ratio and fully separate enjoyment or engagement measures. The first found an inverted-
U between challenge and enjoyment using online Chess matches, operationalising challenge as
relative pawn strength at a given board state [4]. A second used a ‘Wizard of Oz’ manipulation of a
pseudo-Al opponent in a digital dexterity game, measuring challenge as player:opponent score
ratios; it found an inverted-U between challenge and enjoyment, and a positive linear relation
between challenge and competence [5]. In contrast, a large-scale online maths game study for
children found a positive linear relation between success rate and behavioural engagement [47].
This was replicated in a follow-up study [48]. A study on a serious game for literacy education
manipulated difficulty as the proportion of successful trials, but found no difference in engagement
between a 60% success rate and an 80% success rate [65]. A final recent study [20] used an Al
opponent to manipulate individual-level, objective difficulty skill ratios with three conditions
(player win, draw, loss). Surprisingly, itfound no significant difference in enjoyment or behavioural
engagement across conditions.

2.3.4 Lack of direct theory-testing. The studies we found by and large haven’t directly tested the
proximal predictions of either theory. Thus, none of the above studies nor the studies included in
Fong et al’s systematic review [30] tested which objective difficulty-skill ratio was perceived as most
balanced, leaving a core question for applying flow theory open. This also holds for the theories
core mediation claims: they predict challenge to impact enjoyment and engagement mediated
by attentive absorption (flow theory) or perceived competence (SDT). Yet only Abduhamdeh and
colleagues [5] included a perceived competence measure in their study. All other studies assessed
enjoyment or behavioural engagement as distal dependent variables.

2.3.5 Summary. In short, objective challenge is widely used in game balancing systems and practice,
and the idea of an inverted-U between objective challenge and enjoyment/engagement is widely
taken as given. Yet prior research has chiefly focused on perceived not objective challenge and
suffers from methodological shortcomings. We currently don’t know what objective challenge
does maximise perceived balance. What’s more, the two major underpinning theories offer little
unambiguous predictions about what objective challenge should maximise perceived balance,
enjoyment, and behavioural engagement. Csikszentmihalyi variously suggested that it might be
maximised under 50% success odds. SDT offers no similar quantified specification of optimal
challenge as “demands that most often one can master", yet makes the competing claim that
competence is maximised under frequent positive competence feedback. Rigorous empirical work
on objective difficulty-skill balance variously finds inverted-Us, linear relations, or no significant
relations. Flow theory and SDT make direct predictions about balance and proximal psychological
outcomes (attentive absorption and competence), yet only one study directly tested these (finding
a linear not U-shaped relation between success rate and competence).

2.4 Aims and hypotheses of the present study

Given the above unclear picture, the present study sets out to severely test key flow theory and
SDT propositions on how objective difficulty-skill ratios impact play experience and behaviour. Both
theories suggest that objective difficulty affects player experience (H1), specifically enjoyment (H2)
and subsequent intrinsically motivated behaviour (H3), mediated by enjoyment (H5). Flow theory
predicts an inverted-U where a perceived mid-point of optimal balance affords maximal attentive
absorption (H1d) , which drives enjoyment (H2a) and subsequent engagement (H3a). This perceived
optimum balance is proposed to sit around an objective challenge mid-point of 50% success odds
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(H1a). SDT predicts an inverted-U around an objective optimal challenge of high but not guaranteed
success odds, which maximises competence satisfaction (H1c but not H1b), driving enjoyment (H2a)
and engagement (H3a). Yet SDT also predicts that more positive competence feedback results in
higher competence satisfaction, suggesting that the higher the success rate, the more competence
satisfaction we see (H1b and H1c). Finally, as a manipulation check, we predicted that our Al would
create the desired objective difficulty-skill ratios (H4, H4a). Our full set of preregistered hypotheses
is thus:

e H1: There will be a significant difference in experience between the three conditions (hard,
balanced, easy), measured as a difference in at least one of the three constructs of perceived
balance, competence, and attentive absorption.

e H1a: Perceived balance will be significantly higher in the Balanced than in the Hard or Easy
condition.

e H1b: Competence will be significantly higher in the Easy than in the Balanced or Hard
condition.

e H1ic: Competence will be significantly higher in the Balanced than in the Hard condition.

e H1d: Attentive absorption will be significantly higher in the Balanced than in the Easy or
Hard condition.

e H2: There will be a significant difference between levels of experiential enjoyment in the
three different game conditions.

e H2a: The Balanced condition will have a significantly higher experiential enjoyment than
either other condition.

e H3: There will be a significant difference between levels of behavioural engagement in the
three different game conditions.

e H3a: The Balanced condition will have significantly higher behavioural engagement than
either other condition.

o H4: There will be a significant difference in player win margins between conditions in the
final demanded game that participants play.

e H4a: There will be a significant difference in player win margins between each condition in
the direction that the Al was aiming for.

e H5: There will be a significant correlation between experiential enjoyment and behavioural
engagement.

3 METHODS

To address the methodological shortcomings of prior work, Cutting et al. [20] recently developed
an experimental paradigm that allows to precisely and transparently manipulate individual-level,
objective difficulty-skill ratios. Their Go-like game, Explorers vs Owls (Figure 2), uses an Al opponent
that turn-by-turn chooses the move most likely to produce a particular target outcome in the form
of a score delta between human player and AL Thus, the ‘strength’ of each move is adjusted to the
individual player’s strength toward a target difficulty-skill ratio. In a preregistered study (n=311),
they found that the AI produced the desired difficulty-skill ratios without players noticing the
manipulation, supporting the validity of their approach.

We here adopted this paradigm and used the materials and procedures of Cutting et al. [20]
(see below for detailed description), with two amendments: First, one important limitation of
their study was that the average play session lasted only seven minutes (two matches); hence,
enjoyable novelty could have drowned out weaker yet true balance effects. To address this, our
study increased play duration to five matches (avg. 16 minutes total playtime) before measuring
experience and engagement. Second, we added additional post-play survey items to assess relevant
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player experience constructs. Our study received ethical approval from the University of York.
Pre-registration, data, analysis code, and study materials can be found at https://osf.io/8wtve/
(folder Experiment 2). We did not deviate from the preregistered design, sampling, and analysis,
with two exceptions: For the sake of brevity, we don’t report all proposed exploratory analyses
of PXI measures, and we excluded 18 participants who took longer than 30 minutes to complete
participation (see below).

3.1 Materials

We asked participants to play Explorers vs Owls, a custom-built turn-based, tactical 2-player game
(see Figure 2. The game is based on the multi-award winning commercial encircling board game
Hey That’s My Fish!, [16], which has also been published as a casual single-player mobile game
[32]. It is rated as an accessible family game (age 8+) on the community site boardgamegeek [16].
A match of the single-player version takes only a few minutes to play. Explorers vs Owls fully
emulates the written rules of Hey, That’s My Fish, but changes the original theming and operates
with a fixed 7x7 board. Turn-based, with no hidden information, game states fully and predictably
determined by player moves, and with no randomness (save the initial board generation), game
outcomes are fully dependent on player/Al tactical skill. Reviewers on boardgamegeek likened it to
games like Go and Chess in that it invites careful calculating of moves and counter-moves several
turns into the future. Informal playtests showed that our version retains the approachability and
tactical depth of the original.

Now choose where to move your explorer.

Fig. 2. In Explorers vs Owls, the opponents start alternatively placing three figures on a 7x7 grid of hexagonal
tiles carrying a random distribution of one to three coins each. They then take turns moving their figures
along straight unobstructed lines to a free tile of their choice an collect the coins thereon. Figures obstruct
movement on or through them, and any tile that is moved away from is replaced with lava, obstructing
movement through it. A figure with no available movements (encircled by lava and/or board edges) is removed
from the game, until no figure remains. The opponent with the most coins at the end wins the game.
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To manipulate objective difficulty-skill ratios, we used an Al opponent implementing True
Outcome Sensitive Action Selection (True POSAS) [23], a variant of the Monte Carlo Tree Search
(MCTS) algorithm designed for difficulty adjustment in turn-based games. MCTS algorithms build
a branching decision tree to some n steps into the future to determine the optimal decision per its
reward function [12]. MCTS probabilistically samples branches deeper that promise higher rewards.
This allows it to search select branches many steps ahead, which is particularly useful in games like
Go where outcomes cannot be fully determined until the end of the game. MCTS-based systems
(such as AlphaGo [73]) have beaten top-ranked human Go players.

True POSAS uses a graded reward function that gives a higher reward the closer the final score
is to a given target score or difficulty level. In our game, human and Al player collect coins, where
the party with the highest tally wins. Thus, the target score can be expressed as Player Win Margin
(PWM), calculated as the human player score minus the Al opponent score. The theoretically
possible PWM span of Explorers vs Owls is 162, from -81 (Al wins by 81 points) to 81 (human
wins by 81 points). As conditions, we set three different target scores that pilots had shown to feel
markedly different to players and are median PWMs in human-human play:

e Easy: Human win (PWM=15) — an Al opponent playing consistently weaker than the player
e Balanced: Draw (PWM=0) — an Al opponent playing consistently on par with the player
e Hard: Al win (PWM=-15) — an Al opponent playing consistently stronger than the player

In games like Explorers vs Owls, the first mover has an advantage, and in our implementation,
the human moves first. To counterbalance this, True POSAS uses a ‘flattened cone’ reward function
where the highest reward value stretches from the target score to a score that is slightly more in
favor of the Al (as second mover) (see Figure 3). The more iterations (complete playthroughs) the

MCTS OSAS reward functions for each condition

Hard ——@=Balanced <——@=Easy

Reward

-40 -30 -20 -10 0 10 20 30
Player Win Margin (Player Score -Al score)

Fig. 3. Reward function of MCTS OSAS (True POSAS variant) for Easy, Balanced, and Hard game conditions,
with a target “flattened cone” of maximal reward spanning PWM 0 to -3 for the Balanced condition, PWM 13
to 18 for Easy, and PWM -15 to -18 for Hard.

Al can simulate, the more likely it will achieve its target score. However, each iteration requires
computing time. If the Al takes too long, this could confound player experience [55]. Participants
access Explorers vs Owls as an online browser application on their own computers, resulting in a
wide variety of computing performance. Thus, we need to determine how many iterations afford
good-enough Al performance without creating undue player wait time on home computers, and
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ensure that much slower computers don’t confound the results. Following Cutting and colleagues
[20], we set our Al to 7,500 iterations. We also replicated their screenings to reject participants
whose computers were too slow. As a pre-study screen, participants’ computers are tested to create
100,000 memory objects in less than 0.17 seconds; those who fail are prevented from starting the
study. As a post-study screen, we reject participants whose computers take more than 6 seconds
for any one move. Note that the Al takes longest for the first moves and then speeds up rapidly as
the decision tree shrinks. Hence, a maximum move time of 6 seconds corresponds to an average
move time of around 2.5 seconds. Human move animations take around 1-2 seconds, during which
the Al already computes. Our 6 second cut-off thus results in an average perceived wait time of
less than a second.

In practical terms, at each turn, the Al selected its next move based on the current board state to
make it most likely that the game would end as closely as possible to the target outcome (PWM 15, 0,
or -15). It thus adjusted its play strength move-by-move relative to each individual player’s strength
toward a target objective difficulty-skill ratio, operationalised as the target PWM. If a good player
makes consistently ‘good’ moves, and the target outcome is set to Al win, the Al will consistently
choose ‘even better’ moves; if the target is set to draw, the Al will consistently choose ‘evenly
matched’ moves. This way, our system operationalised different objective difficulty-skill ratios
(rather than fixed levels of difficulty), and did not have to rely on any assumed randomised normal
distribution of player skill across and within the three conditions (although we did randomise
player assignment to conditions). By directly manipulating and measuring difficulty-skill ratios
(in the form of PWMs), we similarly avoid the need to measure or control for game difficulty and
player skill separately. And unlike prior work using ‘black box’ commercial dynamic difficulty
adjustment, this system is fully transparent and manipulable.

3.2 Procedure

Participants were recruited via the Prolific online recruitment platform and paid £2.90. On signing in
to the Prolific study, each participant is allocated to one condition in turn: the first is assigned Easy,
the second Balanced, and so on. The study then runs the described pre-study speed test. Participants
who pass it provide consent and complete a demographic questionnaire, and go through a short
tutorial of Explorers vs Owls with one piece per player and a smaller board (4x4 tiles), where the Al
aims for a draw. Afterward, participants play five full matches, where the Al aims for the assigned
PWM condition in each match. After the last match, participants complete the questionnaire
embedded into the game and report any bugs or technical issues. Participants are then informed
that they have done all that is needed to receive payment for the study but may play another round
of the game if they wish, which they can do.

3.3 Participants

To determine desired power, we chose a smallest effect size size of interest of d = 0.3, an alpha
of 0.05 and power of 90% for our Bonferroni-corrected test (H1). Simulations using a custom R
script (see Supplementary Materials) indicated that 285 participants would give 90% power for our
Bonferroni-corrected test and 95% power for all other, individual tests. We rounded this up to a
target of 300 participants in total, with 100 participants per condition.

350 participants completed the experiment. In addition to the stated pre- and post-study speed
screens, we preregistered three exclusion criteria: (1) We exclude any participant who fails our
attention check. (2) We exclude participants who take less than half (<22) the mean number of
moves per match from pilot studies (44) in any match, which may suggest they intentionally played
to lose. (3) We discard any participant who self-report bugs or performance issues that would have
significantly changed their game experience. We rejected one participant in speed screening, one
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who made less than 22 moves in a match, ten who failed the attention check, and 11 who reported
technical issues. Although not in the pre-registration, we also rejected 18 who took more than 30
minutes to perform the experiment, as we were concerned that they may have taken breaks during
the game which would confound the game experience. This left 309 valid participants, 100 in the
easy condition, 109 in the balanced condition and 100 in the hard condition. Age ranged from 18-56
(M = 30.4). In response to our free-text prompt “Gender”, 130 participants identified as women, 174
as men, two as non-binary and three preferred not to give a gender.

3.4 Measures

Replicating [20], we measured enjoyment using the interest/enjoyment scale of the IMI ques-
tionnaire [66], widely used in games research for this purpose [51]. We measured behavioural
engagement using the proportion of players per condition who chose to play the game again
voluntarily after they were told that they have completed enough of the study to be paid, emulating
common voluntary time on task measures for intrinsically motivated engagement [66]. To measure
objective challenge, we calculated the player win margin (PWM) as the human player’s final
score minus the Al opponent’s final score in the last demanded game.

For descriptive results and exploratory analyses, we also calculated the percentage of players
winning, losing, or drawing in the last match per condition, and absolute PWM as the absolute
score distance from a draw; e.g., PWMs of -12 (player loses) or 12 (player wins) would both have
an absolute PWM of 12. We also calculated PWM improvement by subtracting the PWM of a
player’s first match from the PWM of their last demanded match.

For proximal player experiences, we used the Player Experience Inventory (PXI) as the most
well-validated, publicly available, and short recent player experience instrument [1]. It clearly
separates psychological antecedents (like challenge) from consequential experiences, and we found
that the PXI scales and items had the best construct and face validity for our constructs. Perceived
balance was assessed with the PXI Challenge scale. Its items actually measure perceived balance
(e.g. “The challenges in the game were at the right level of difficulty for me”), such that higher scores
indicate greater perceived balance. To avoid confusion, we therefore label it perceived balance in
the following. The mastery PXI subscale (e.g., “I felt I was good at playing this game”) was used to
test SDT-predicted relations between objective challenge and competence. It shows strong criterion
validity for game-related competence, measured as co-variance with the PENS competence subscale
[68], but avoids some of the psychometric issues of PENS [39] and is freely available. Notably, the
PENS competence subscale has an item measuring balance, “My ability to play the game is well
matched with the game’s challenges”. Using PENS to measure the impact of balance on competence
would thus have been tautological. The immersion PXI subscale was used to test predictions
related to attentive absorption in flow theory. While there are well-established general flow state
scales with a separable dimension for attentive absorption (like “Concentration on Task at Hand”
in the FSS-2 scale [37]), these are not freely publicly available. The PXI immersion items (e.g., T
was fully focused on the game”) had strong face validity for attentive absorption and mirrored
items of comparable flow scales (e.g., “I am completely focused on the task at hand” in the FSS-2
“Concentration on Task at Hand” dimension, [36]). For potential future exploratory analyses, we
also recorded the remaining PXI subscales (meaning, autonomy, curiosity, ease of control, progress
feedback, audiovisual appeal, goals and rules).

4 RESULTS

All analyses were performed using Jamovi 2.25. We label all preregistered analyses here as such. All
other analyses are not labelled or labelled “exploratory”. Descriptive results can be seen in Table 1.
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Condition Easy Balanced Hard

N 100 109 100
Target Player Win Margin (PWM) 15 0 -15
Actual game outcomes (last game)

PWM Mean (SD)* 264 (13.7) | 2.02(6.81) | -12.2(6.29)
PWM Median 21.5 0 -15
Player win % C 100 37.6 6
Draw % C 0 239 1
Player lose % C 0 38.5 93
PWM Improvement Mean (SD) 6.91 (15.5) | 2.03(7.98) | 2.56 (7.23)
PWM Improvement Median 2 1 1
Participant experience and behaviour

Enjoyment Mean (SD)* 36.7 (9.57) | 37.7(7.70) | 34.1(10.1)
Behavioural Engagement™* C 15 19.2 24
Perceived Balance Mean (SD)** 0.07 (-1.51) | 1.27 (-1.12) | 0.133 (-1.46)
Mastery Mean (SD)** 1.83 (-1.12) | 0.57 (-1.5) | -1.067 (-1.40)
Immersion Mean (SD)* 1(-1.32) | 1.33(-1.02) 0.8 (1.39)

Table 1. Descriptive results. C indicates categorical value without standard deviation, * indicates p<.05, **

indicates p<0.001, *** % of players who whose to play again

Exploratory scatter plots include LOESS local regression curves purely for illustration; we did not
conduct exploratory tests on optimal fit with various (e.g., linear versus quadratic) functions.
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clearly differed as intended. sponds to the order that the games were played in.
Our system kept game results to the target score
regardless of any improvement in player ability.

Fig. 4. Manipulation check of achieved player win margin.

4.1 Manipulation Check of Objective Challenge

We first want to see whether our system induced objective challenge (PWM) as intended, as stated
in H4 and H4a:
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e H4: There will be a significant difference in player win margins between conditions in the final
demanded game that participants play.

e Hda: There will be a significant difference between each condition in the direction that the Al
was aiming for.

Our system did. In our preregistered analyses, PWMs significantly differed between conditions
with an extremely large effect size (H(2)=247, p<.001, €2 = 0.801); pairwise comparisons (p<.001)
show a significant difference between all conditions, with median PWMs per condition very close
to the target: 21.5 for Easy (target 15), 0 for Balanced (target 0), Hard -15 (target -15) (Figure 4a).
This supports H4 and H4a and replicates [20]. As an exploratory manipulation check, we tested
whether the Al maintained target PWMs over the five matches, that is, whether it successfully
adjusted to any potential player learning. This was the case, with minimal median improvements
of 2 (out of 162) points in the Easy condition, 1 in Draw, and 1 in Hard (Figure 4b).

4.2 Impact of Objective Challenge on Player Experience

Next, we want to know whether objective challenge impacts proximate player experience constructs
at all: H1: There will be a significant difference in game experience between the three game conditions
(hard, balanced, easy), measured as a difference in at least one of the three constructs of perceived balance,
competence, and attentive absorption. This was true for two of our three constructs, supporting H1.
After a Bonferroni correction, our preregistered analyses found both perceived balance (H(2)=44.67,
p<.001, €2 = 0.145) and mastery (H(2)=134, p<.001, €2 = 0.434) to differ significantly between
conditions, but not immersion, which differed between conditions (H(2)=7.2, p=0.027,6% = 0.434),
but with an alpha above the Bonferroni-corrected threshold of significance (p = 0.016).
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Perceived Balance
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|
N

2 . . . . . .

Easy Balanced Hard 0 25 50
Condition Player Win Margin
(a) Perceived Balance per condition (b) Perceived Balance and PWM across conditions

Fig. 5. Objective Challenge and Perceived Balance.

4.3 Impact of Objective Challenge on Perceived Balance

A main open question is whether an opponent of matching strength is indeed perceived as most
balanced: H1a: Perceived balance will be significantly higher in the Balanced than in the Hard or
Easy condition. Supporting this hypothesis, our preregistered pair-wise comparison showed that
perceived balance was significantly higher (p<.001) in the Balanced condition (M = 1.27) than
in the Easy (M = 0.07) or Hard (M = 0.133) one (see figure 5a). A scatter plot of PWM against
perceived balance (figure 5b) shows the expected inverted-U pattern peaking around PWM=0. A
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further exploratory analysis found that absolute PWM is significantly negatively correlated with
perceived balance (r=-0.332, p<0.001). Taken together, this supports that our objective challenge
manipulation induces concurrent differences in perceived balance. Players perceive matches with
results close to a draw to be most balanced.
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Fig. 6. Objective Challenge and Mastery.

4.4 Impact of Objective Challenge on Mastery

Our next two hypotheses tested two competing proximal claims of SDT about competence, here
measured as mastery:

e H1b: Competence will be significantly higher in the Easy than in the Balanced or Hard condition.
e Hic: Competence will be significantly higher in the Balanced than in the Hard condition.

The optimal challenge claim (competence peaks at balanced challenge) would predict H1b but not
Hic. The perceived competence claim would predict H1b and Hilc. H1b and H1c were supported
as our preregistered pairwise comparison showed mastery to be significantly higher in the Easy
condition (M = 1.83) than the Balanced (M = 0.57) or Hard (M = —1.067) conditions (p < .001), and
significantly higher in the Balanced than Hard condition (p < .001) (see Figure 6a). Exploratory
analyses showed a large correlation between PWM and mastery across conditions (r = 0.584, p <
0.001). The scatter plot (Figure 6b) suggests a linear relation between mastery and PWM that peaks
and then ‘trails off” at around a PWM of +35 into an inverted-U. However, this is based on visual
inspection only, with few, highly varied data points. This aligns with SDT’s perceived competence
effect, but contradicts its optimal challenge account.

4.5 Impact of Objective Challenge on Immersion

Moving on to flow theory, we predicted: H1d Attentive absorption will be significantly higher in the
Balanced than in the Easy or Hard condition, measuring absorption with the PXI immersion scale.
H1d was not supported as our preregistered pairwise comparison found the Balanced condition to
have significantly higher immersion (M = 1.33) than the Hard (M = 0.8) condition (p = 0.024), but
not than the Easy (M = 1.0) condition (p = 0.175), see Figure 7a. Exploratory analyses found a weak
negative correlation across conditions between absolute PWM and immersion (r = —0.163, p < 0.05),
and no significant correlation between actual PWM and immersion (r = —0.01,p > 0.05). The
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scatter plot (Figure 7b) suggests a ‘trailing off” of Immersion at very high PWMs, but again, this is a
purely visual observation based on few, highly varied data points in the Easy condition. Overall, this
suggests that objective challenge had some minor impact on immersion, but not with an inverted-U.

Condition - Easy - Balanced - Hard
2 2 —— e T
S H S
@ @
o 0 0
g £
E E S
2 5
Easy Balanced Hard 0 25 50
Condition Player Win Margin
(a) Immersion per condition (b) Immersion and PWM across conditions

Fig. 7. Objective Challenge and Immersion.

4.6 Impact of Objective Challenge on Enjoyment

Both flow theory and SDT predict that challenge impacts enjoyment such that it is maximised
under perceived balanced or ‘optimal ” challenge:

o H2: There will be a significant difference between levels of experiential enjoyment in the three
different game conditions.

e H2a: The Balanced condition will have a significantly higher experiential enjoyment than either
other condition.

H2 was supported as our preregistered analysis found a significant difference (F(2) = 4.31,p =
0.014, r]f, = 0.027.) in enjoyment between conditions (Figure 8a). That said, we did not see a
significant inverted-U, rejecting H2a: the Balanced condition (M = 37.7) had significantly (p = 0.012)
higher enjoyment than the Hard condition (M = 34.1), but did not significantly (p = 0.678) differ
from the Easy condition (M = 36.7). This partially replicates [20], who found enjoyment to
not significantly differ between conditions. Exploratory analyses similarly found no significant
correlations between enjoyment and PWM (r = 0.087, p > 0.05), nor enjoyment and absolute PWM
(r = —0.046, p > 0.05), mirrored in the scatter plot (Figure 8b).

4.7 Impact of Objective Challenge and Enjoyment on Behavioural Engagement

Finally, both theories predict that challenge should impact behavioural engagement in the form of
intrinsically motivated behaviour, mediated by enjoyment:

e H3: There will be a significant difference between levels of behavioural engagement in the three
different game conditions.

e H3a: The Balanced condition will have significantly higher behavioural engagement than either
other condition.

e H5: There will be a significant correlation between experiential enjoyment and behavioural
engagement.
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Fig. 8. Objective Challenge and Enjoyment.

Rejecting H3 and H3a, Easy, Balanced, and Hard conditions did not significantly differ in the
percentage of participants who chose to play the game again (y?(2, 309) = 2.59, p = .274, Figure
9a). In absolute numbers, ‘the harder’ the condition, the more participants chose to play again: 24
in the Hard condition, versus 19.2 in the Balanced and 15 in the Easy condition. This data pattern
mirrors Cutting et al. [20], who found 20 choosing to play again in Easy, 29 in Balanced and 30 in
Hard. However, in both studies, this did not pass the chosen threshold of statistical significance.
We highlight this data pattern chiefly because it goes against the patterns for perceived balance,
mastery, and immersion. Additional exploratory analyses found similarly no significant correlations
between PWM across conditions and engagement (r? = 0.021, p = .16, Figure 10), nor between
absolute PWM across conditions and engagement (r? = 0.002, p = 0.415). In contrast, our pre-
registered binomial logistic regression found a weak but significant correlation between enjoyment
and engagement (McFadden’s r? = 0.0799, p < .001), supporting H5 and replicating [20].
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Fig. 9. Objective challenge and behavioural engagement.
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Correlation Easy | Balanced | Hard All
Perceived Balance and Immersion 0.457** | 0.370** | 0.378"" | 0.430™*
Perceived Balance and Mastery 0.246* | 0.463** | 0.615* | 0.313**
Perceived Balance and Enjoyment 0.546™ | 0.461** | 0.539** | 0.508**
Perceived Balance and Engagement B 0.021! 0.02! 0.008! 0.031!
Player Win Margin and Perceived Balance -0.253* | -0.010! 0.108! | -0.120%
Player Win Margin and Immersion -0.172! | -0.122! 0.104! -0.010!
Player Win Margin and Mastery 0.002! 0.127! 0.258* | 0.584™
Player Win Margin and Enjoyment 0.032! | -0.0093! 0.007! 0.087!
Player Win Margin and Engagement B 0.002! 0.004! 0.000! 0.006!
Immersion and Enjoyment 0.676™* | 0.629** | 0.482** | 0.659™
Immersion and Engagement B 0.092* | 0.059* 0.100* | 0.076**
Mastery and Enjoyment 0.432*" | 0.629* | 0.482™ | 0.456™*
Mastery and Engagement B 0.000! 0.020! 0.000! 0.000!
Enjoyment and Engagement B 0.088* | 0.048* 0.137** | 0.080**
Absolute Player Win Margin and Perceived Balance | -0.253* | -0.035! -0.067! | -0.332**
Absolute Player Win Margin and Immersion -0.172! | -0.150! | -0.0.098! | -0.163"
Absolute Player Win Margin and Mastery 0.002! 0.032! -0.185! | 0.233*
Absolute Player Win Margin and Enjoyment 0.032! -0.150! -0.081! | -0.046!
Absolute Player Win Margin and Engagement B 0.002! 0.000! 0.000! 0.002!

Table 2. Exploratory correlations for each condition and in aggregate across conditions (All), Pearson’s r
unless otherwise specified. B indicates Binomial Logistic Regression (McFadden’s r2), * indicates p<0.05, **
indicates p<0.001, ! indicates p>0.05.

4.8 Exploratory Analyses of Perceived Balance and Player Experience

We calculated exploratory correlations between objective antedecents and consequences (PWM,
absolute PWM, engagement) and perceived balance, enjoyment, immersion, and mastery, which
are shown in Table 2 and Figure 10. Perceived balance and player experience constructs (mastery,
immersion, enjoyment) significantly correlated with each other to a small to moderate extent,
within and across conditions. In contrast, only mastery showed a significant moderate correlation
with PWM and absolute PWM, and only across conditions, with immersion significantly but weakly
correlating with absolute PWM across conditions. Only immersion had a significant (though small)
correlation with engagement.

5 DISCUSSION

Our findings broadly replicate Cutting et al. in that the MCTS system produced desired objective
difficulty-skill ratios, but these do not impact behaviour. And although the balanced objective
challenge condition was perceived as most balanced, other player experience measures did not
chart a uniform inverted-U around objective challenge. To unpack these findings, we first discuss
their ramifications for flow and SDT, then the disconnect between objective and self-report measures
and the need for alternative explanations for our findings. We close with a reflection on our attempt
at theory-testing work in games HCI.

5.1 Implications for Flow Theory

Our findings show a robust relation between objective and perceived challenge as suggested by
Csikszentmihalyi: an objective difficulty-skill ratio of 1:1 (the Balanced condition, with PWMs close
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Fig. 10. Scatter plots of exploratory correlations.

to 0) is perceived as most balanced. Absolute PWM (how far away the objective end result is from
a draw) is negatively correlated with perceived balance. While this result may be intuitive, it is the
first direct test (to our knowledge) of this relation between objective and perceived balance. Our
exploratory analyses also found perceived balance to correlate significantly with immersion and
enjoyment. All this aligns with flow theory.

Contradicting theory, objectively balanced games were not significantly more enjoyable or
immersive than easy games, even though they were perceived as more balanced. We also found
no statistically significant links between absolute PWM and enjoyment, and neither objective nor
perceived balance correlated with actual play behaviour. For flow theory, this is a puzzling result. If
anything, repeated claims that flow only occurs under conditions of matched high skill and high
difficulty [56] would suggest balanced and hard conditions to be equally high in enjoyment and
immersion, not balanced and easy. And we would expect significant correlations of immersion and
enjoyment with objective balance (absolute PWM) in the Hard condition. Yet this is not the case
(see Table 2). So we are left with a dual puzzle: objective balance induces perceived balance, but
neither makes an appreciable difference for immersion and enjoyment in easy vs balanced games;
and neither impacts play behaviour.

One possible counter is that we simply did not manipulate objective difficulty-skill ratios strongly
enough or long enough: inverted Us and behavioural differences would show if we targeted much
larger PWMs, e.g., -50 and +50, and longer play duration. That is possible, though pilot testing,
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results for mastery, and the fact that the hard condition induced a significantly and uniformly worse
player experience suggest that the current conditions already noticeably differ for players. Thus, our
findings suggest at a minimum that the impact of objective balance on enjoyment and behaviour,
mediated by perceived challenge and attentional absorption, is moderated in unaccounted ways.

Another possible counter is that flow theory refers to ‘live’, moment-to-moment experience,
while we measured and manipulated summative post-hoc game outcomes and player experiences.
Evidence suggests that the latter are not a mere faithful mirror of the former [45]. The two flow
studies we know using mid-game experience sampling [4, 5] did find inverted-Us. However, we
think that our method evades this counter at least for our manipulation, as it manipulates objective
challenge moment-to-moment: every turn, the Al assess the current game state at that time and
chooses a move anew that creates a game state most likely leading to a player win, Al win, or draw,
depending. Thus, a player should perceive, turn-by-turn, a weaker, evenly matched, or superior
opponent. But we grant that this is an assumption we need to confirm with, e.g., a comparable mid-
game experience sampling study. Still, if flow predictions only hold moment-to-moment, that would
have appreciable implications for research and practice, where summative post-hoc assessments and
metrics focusing summative game outcomes are still common. We are not aware of existing specified
models or predictions in flow theory whether it only applies to lived momentary or also post-hoc
remembered experience, or how the former shapes the latter. Absent such specification, we cannot
strictly say whether our findings contradict flow theory — but they may show an unacknowledged
limit to its generalisability.

5.2 Implications for Self-Determination Theory

Our data showed a linear relation that fits SDT’s perceived competence effect [67, p. 156] prediction,
recent conceptual analyses [26] and was also found in other studies [5]: the easier the condition or
the greater the outcome PWM, the more mastery players reported. Because SDT does not formally
specify its verbal account of optimal challenge as “demands that most often one can master” [67,
p- 153], it is hard to say whether our findings falsified it. They do contradict the detail claim that
“[a]ctivities that are trivial or simple and therefore provide no challenge are not expected to be
intrinsically interesting even if the person perceived him- or herself to be extremely competent.”
[22, p. 58]. After all, the Easy condition, where all players won 100 percent of the time, five matches
in a row, induced the most mastery and enjoyment equal to the balanced condition. While not
statistically significant, mastery visually ‘peaked’ around a PWM of +35 in our data. This suggests
that in terms of competence satisfaction, optimal challenge, if such a thing exists, could sit around a
point of objectively highly frequent and extensive success far above the point players perceive as
optimally balanced.

More surprisingly, while mastery correlated with enjoyment (as predicted by SDT), we found no
significant correlation between PWM or mastery and behavioural engagement, also contrasting
Lomas’ [47] finding that players persisted longer the easier the game was. This does not even fit a
perceived competence effect logic that lower challenge leads to higher competence, which leads to
higher enjoyment, leading to higher behavioural engagement. Not only did more mastery not lead
to more play. Although not significant, both Cutting et al. [20] and our data showed that the harder
the condition, the more participants chose to play again.

We thus need to assume that major other variables impacted enjoyment or engagement, or
moderated their link with competence. This is a far cry from ‘disproving’ SDT. But it holds three
ramifications: One, between the two competing SDT predictions of optimal challenge and perceived
competence effect, our data only fits the latter. Two, competence experience, and difficulty-skill
ratios inducing it, matter less (or less directly, pending unknown moderators) for play behaviour

Proc. ACM Hum.-Comput. Interact., Vol. 7, No. CHI PLAY, Article 419. Publication date: November 2023.



419:20 Deterding and Cutting

than previously thought. Three, current verbal articulations of SDT are underspecified to guide
games HCI research and practice on difficulty-skill balance.

5.3 The Disconnect of Challenge, Experience, and Behaviour

Maybe the most interesting data pattern is the partial disconnect between challenge, player experi-
ence, and behaviour. No measure of objective or perceived challenge significantly correlated with
behavioural engagement. And yet all self-report measures — perceived balance, mastery, immersion,
enjoyment — significantly cross-correlate with each other. The objectively hard condition was
significantly less enjoyable, immersive, mastery-inducing, and yet the condition where the most
players chose to play more (though not significantly so). How can we explain this?

One possibility is that the causal arrow between player experience and perceived balance is
reversed: Whatever afforded positive experiences, when players had one, this led them to post-hoc
report that, to quote one PXI Challenge item, “The challenges in the game were at the right level of
difficulty for me” We are not aware of existing studies testing this plausible alternative explanation.
This would indicate that objective challenge is even less directly relevant for player experience.

A strong version of this contention is that our self-report-based analyses suffer from unconsidered
crud (all variables in correlational research in the social sciences necessarily correlate to some
extent [59]), or jangle fallacies [29]: No matter if we label it ‘mastery’, ‘immersion’, ‘enjoyment’,
‘challenge’, etc., we are effectively giving different names (and scales) to a single phenomenological
entity of ‘positive player experience’ — or at best, verbally-analytically but not empirically separable
dimensions thereof. Our data could then be explained by multiple factors causing or moderating
omnibus positive player experience, while the same (or other) factors separately cause behavioural
engagement. Objective challenge then becomes one (among many) antecedent for perceived balance
and mastery. Enjoyment as a commonly used omnibus construct for positive player experience
would then have some but little direct causal bearing on player behaviour, explaining its small
(r = 0.08) correlation with engagement.

If this were the case, one upshot for research on difficulty-skill ratios would be to manipulate
objective ratios and measure actual play behaviour alongside player experience (as done here) to
tease out whether, when, and how much player experience (and its factors) make a difference.

5.4 Alternative Explanations

Another upshot would be to start looking for uncontrolled factors. First, player appraisals could
impact behaviour: there is some evidence that players selectively choose game tasks based on how
they assess their own skill (and thus, relative success odds) [48]. Most behavioural evidence on
optimal challenge in SDT comes from paradigms where participants voluntarily chose to work on
tasks labelled moderately difficult over those labelled easy or hard, not paradigms where perceived
enjoyment or competence at ¢ predicted task choice at ¢ + 1 [67, p. 153]. However, if game selection
were based on expected enjoyment or immersion or mastery as a consequence of appraised skill
and difficulty, given a learning history of five matches where participants consistently won, we
would still expect participants in our Easy condition to have chosen playing again most, which was
not the case. So what could players be sensitive to instead?

Several researchers have proposed curiosity and its collative variables [5, 26, 48]. Following this
broadly information-theoretical view, people seek out and enjoy optimal levels of stimulus novelty,
uncertainty, complexity, or incongruity as that which maximises information gain [10, 41]. This
would also fit our data on immersion or attentive absorption, as attention is strongly steered by
curiosity [33]. Following this line, Explorers vs Owls featured such interesting (novel, complex)
gameplay that this overshadowed any true challenge impacts on engagement, while (appraised
and expected) outcome uncertainty was so low for very strong players in the Easy condition that

Proc. ACM Hum.-Comput. Interact., Vol. 7, No. CHI PLAY, Article 419. Publication date: November 2023.



Objective Difficulty-Skill Balance 419:21

they became less attentively involved and engaged. This would align with Sherry’s broader media
flow theory [71], suggesting that media ‘challenge’ cognitive capacities also by way of novelty,
complexity, etc.

A final recent explanation is that players enjoy and seek out not absolute success, novelty, or
uncertainty, but dynamic progress: doing better, that is improving, learning, or reducing uncertainty
faster than expected [26]. This could easily incorporate the above-mentioned novelty of gameplay.
Now our MCTS system actively suppressed objective match-to-match progress in terms of PWMs.
Yet players may still have made objective and perceived progress in understanding the game and
learning and executing tactics. Players could have discovered and tried, e.g., an encircling strategy
and saw it ‘work’ and improve their scoring or board position two to three moves in. This would
register as progress in the same way that Dark Souls players report learning progress even in
dying repeatedly against a boss monster [60]. In our study, the more challenging the condition,
the more it might have required and made salient such move-level progress, whereas the Easy
condition allowed players to ‘coast’ and not learn, or strong players to ‘grok’ the game over the five
matches, leaving no actual and expected opportunities for progress or doing better than expected.
The Hard condition in contrast may have offered more perceived-resolvable uncertainty at the time
of measurement. While players in aggregate dislike losing repeatedly (= making zero progress),
they may still have expected that they might win the next game after this losing streak, which
would thus mark massive progress. This would explain why the Hard condition had a significantly
worse player experience and yet marginally higher voluntary play engagement.

5.5 Implications for Theory-Testing Games HCI

We positioned this paper as an attempt at more severe hypothesis-testing work guided by and
developing theory in games HCI. On reflection, we consider it a mixed success. We followed many
practices promoted in open science and scholarship to increase the severity of hypothesis-testing,
such as preregistering hypotheses and data collection and analysis plans. We chose an experimental
paradigm that allows for a transparent, replicable, and formally quantified manipulation. However,
we quickly ran into a major issue: Neither of our two tested theories was specified enough to easily
derive predictions that could falsify theory. This was most obviously the case for objective balance
itself: neither theory offered an unambiguous, quantifiable, easy-to-operationalise prediction of
‘optimal’ objective difficulty-skill ratios that was logically derived from theory and could thus
falsify theory if found not to hold. Second, both theories contain alternative specifications. As
we saw, SDT proposes two contradictory relations between objective challenge and competence
(optimal challenge and perceived competence effect). To make SDT testable (and applicable), we
need theoretical work formally respecifying its account of challenge.

Flow theory is currently similarly used in at least two variants, one only requiring perceived
balance [19, p. 187], the other perceived matching and ‘high’ difficulty and skill [56] without
specifying ‘high’ further. The wide range of difficulty-skill ratio operationalisations in the literature
mirror this underspecification [30]. We did not account for this duality when we designed our
study and hypotheses. Future work here needs to be specific which variant it concerns, or explicitly
test both to infer to the better explanation. We also need work formally or empirically specifying
what objective difficulty and skill levels are perceived as high.

Another major shared underspecification arguably holds for a wider range of games HCI work: do
they only apply to concurrent, moment-to-moment play experience, or also to post-hoc summative
remembered experience? And in either case, on what scales of time and generality? Games HCI
regularly studies moment-to-moment play, a player’s most recent remembered play episode, their
overall experience with a game, or their overall experience playing games over extended periods.
Theory and evidence variously suggest that these levels of time and generalisation scales and

Proc. ACM Hum.-Comput. Interact., Vol. 7, No. CHI PLAY, Article 419. Publication date: November 2023.



419:22 Deterding and Cutting

lived versus remembered experience differ [43, 53, 80]. So if we find a data pattern that doesn’t
fit a theory at a given scale or with a given data source (remembered, not lived), when and why
does that ‘merely’ limit its generalisability, and when can it be considered a falsification? We
frankly don’t know. But to us, it brings into sharp and humbling relief that if we want to engage
in theory-testing and developing games HCI, we need to start articulating theory and evidence
mindful of this complexity.

Now this issue of theoretical underspecification is not new or unique to games HCI: in the social
and behavioural sciences, the so-called theory crisis discourse [58, 61, 81] concurrently notes that
increased methodological rigour will not advance knowledge generation without matching rigour
in specifying theories that allow us to identify relevant and testable hypotheses. And as it turns out,
many existing social and psychological theories are seen to lack sufficient (formal) specification
[58, 81]. On a practical note, if we were to re-run the present study, we would likely deliberately
choose and specify such boundary conditions in advance, guided by some principle of maximal
charity: What would be the optimal conditions for a predicted effect to show? For instance, we could
have tested flow theory using experience sampling of lived experience, as flow theory proponents
would likely grant that this is an optimal setup.

Our findings show that difficulty-skill balance as modelled in flow theory and SDT is not sufficient
to predict behavioural engagement and enjoyment, at least with novel games over relatively short
play periods. That directs us toward searching for alternative factors — and to a final reflection. In
the theory-using mode prevalent in HCI [64], if we find a data pattern not matching expectations,
we can be tempted to search for and switch to a different explanation or new boundary condition
taken from another theory. After all, we want to use theory to explain data (or gaming phenomena).
Player appraisal, novelty and curiosity, or sense of progress could explain our data (see above). The
important question is: what happens then? Do we leave it at that and flexibly use a now slightly
broader selection of theory to explain the next phenomenon - or do we steer toward follow-on
re-specifying and re-testing of the original theory? Flow theory claims to be a general theory of
enjoyment and intrinsic motivation. Thus, introducing novelty or attenuation time would amount to
a significant moderator, extension, or limitation, with further significant implications. For instance,
we should control for novelty when testing for the impact of challenge, or consider only working
with games our participants are well-familiar with. We may want to rearticulate and re-test theory
on how novelty impacts attentive absorption in addition to challenge. We should establish when
a game becomes familiar enough that novelty no longer matters. This is a much slower, more
incremental, less novelty-prone style of work than we ourselves are certainly used to. It requires
agreeing on and using consistent and reliable operationalisations and measures. And it spans many
coordinated studies that form a wider empirical and theory cycle, where both theoretical and
qualitative work have important roles to play [81]. While the present singular paper obviously
cannot deliver on this, we see its contribution in foregrounding some concrete dimensions of
specificity and generalisation that games HCI will need to grapple with when tackling such a
programme of work.

5.6 Implications for Design?

In the same spirit, we hesitate to jump to strong practice implications. If our results replicate,
player enjoyment and engagement may be far more forgiving to ‘poor’ difficulty-skill balance than
thought. This would not devalue balancing as a more holistic practice [70], but direct discretionary
design attention to factors other than difficulty-skill ratios alone. Where designers do manual
or automated difficulty adjustment, our findings presently caution against using only self-report
measures, especially of perceived balance. Until psychological mediators between objective balance
and play behaviour are better established, behavioural metrics may be a prudent additive or
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alternative. We would also caution that summative post-hoc assessments and moment-to-moment
assessments of balance and its impacts of player experience may diverge. For dynamic difficulty
adjustment systems [85], our findings suggest that the oft-proposed optimum of 50% winning odds
is empirically not a given (see similarly [47, 48]); developers would do well to agnostically explore
which difficulty-skill ratios maximise engagement for their game audience. For matchmaking
systems [34, 52], we don’t want to derive recommendations, as human-v-human play involves
important other player concerns like fairness.

5.7 Limitations

One limitation we already flagged: future work should test whether our assumption holds that we
de facto also manipulated moment-to-moment objective and perceived balance, e.g. via mid-game
experience sampling and board state scoring.

Second, we used a paid online sample, with questionable ecological validity for unpaid, leisurely
gameplay. Our attention checks indicate that our sample responded with some care. Still, partic-
ipants may have chiefly wanted to maximise their hourly payment and minimise time on task,
extinguishing player experience impacts on engagement that would have shown in leisurely play.

Third, we measured engagement with a dichotomous variable: choosing to play another match
(or not). This is conceptually similar to voluntary time on task measures, but ratio variables (time
spent) may be more sensitive. Similarly, while we consider the chosen IMI and PXI subscales to
have good validity for the constructs of interest, critical readers may wish to see replications using
immediately SDT- or flow-derived scales like FSS-2.

Fourth, we tested a single-player, turn-based, tactical game with relatively short play, a single
game session, and a representative population sample. Our findings may not generalise to longer
sessions, repeat engagement, multiplayer settings, other genres, or player communities. Balance
may particularly impact extensive repeat play and multiplayer matches more, where it may affect
additional mediators like perceived fairness.

Finally, our pre-registered tests were limited to three pre-specified conditions, based on the
assumption that matches close to a draw manifest the peak of the theorised inverted-U. This was
borne out by our data, but one could argue that there are likely inverted-U patterns, only at different
points and testable with different analyses. Future work could, e.g., purposely evenly populate a
wider PWM range and test whether quadratic functions offer the comparatively best fit with the
data.

6 CONCLUSIONS

Difficulty-skill balance is a long-standing concern of games HCI, where both flow theory and SDT
predict an inverted-U pattern of positive player experience and engagement around an ‘optimal’
midpoint. Yet when it comes to objective not perceived balance, prior work paints a mixed picture
and has not directly tested key theoretical propositions. In response, we conducted a large-scale
preregistered study using a game with Al-controlled difficulty to severely test flow theory and SDT
predictions.

Our findings make several contributions to games HCI. First, we show that players perceive
opponents with objectively matching play strength as the most balanced. This common intuition
was not empirically tested before, and can anchor future work on objective difficulty-skill balance.
Second, we show that over shorter play duration, objective and perceived balance do not significantly
impact behavioural engagement. This contradicts standard views that balance is “the most important
aspect of good game design” [78]; we identify player expectations, novelty and curiosity, and sense
of progress as factors potentially explaining engagement for future research. Connected, we don’t
find a uniform inverted-U pattern of positive player experience and engagement peaking around the
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midpoint of an equally strong opponent. This cautions designers to not treat difficulty-skill balance
as the single most important factor of game enjoyment and engagement, nor the often-floated 50%
success odds as a well-evidenced optimum, at least in single-player games. We also note a partial
disconnect between objective game features and play behaviour and self-reported player experience,
encouraging more empirical research manipulating and measuring objective design variants and
play behaviour to guard against potential self-report crud and jangle fallacies. Third, we find partial
support for flow theory in that attentive absorption correlates with perceived balance, enjoyment,
and weakly but significantly with engagement, but also partial conflicting evidence (easy and
balanced condition do not significantly differ in absorption, enjoyment, or engagement). At a
minimum, this suggests potential, to-be-tested limits of generalisation for flow theory, namely that
balance effects may only manifest in well-familiar games or lived, moment-to-moment experience.
Fourth, our data challenges the SDT account of difficulty-skill balance: while it aligns with SDT’s
perceived competence effect, it contradicts its optimal challenge account, and shows no significant
relation between competence satisfaction and behavioural engagement. Finally, we found both
flow theory and SDT not well-specified enough to allow severe testing, as they make several
contradicting claims and lack formally derivable quantification of key constructs. This suggests
that the need for more formal theory work highlighted in the wider theory crisis debate [58, 81]
may also apply games HCIL.
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