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ABSTRACT
This paper identifies five different Performance-Accommodation
Mechanisms (PAMs) in established literature and systems that mod-
ified the input-output mapping of the user, as well as attempts
to create a unified language (models and vocabulary) to describe
them. For this paper, we implemented three of them: (1) sham input,
(2), assisted success, and (3) assisted failure, all being ’explanatory
narative’-explicitly visualised, in a low recall fishing game, to exam-
ine the effect of them on frustration and perceived control. Results
of our experiment indicate that how people attribute the causes of
the feedback has a major impact on these, as people rated sham
input (a non-playable character taking over) lower and rated as-
sisted success (the user representation getting stronger) higher.
The results also contradict the results from our previous study [38],
indicating that the effect between hidden and explicit PAMs is stark.
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1 INTRODUCTION
17 million people worldwide suffer a stroke every year, and many more are
affected by it. As treatments improve, more and more people get to live
through a stroke [43], resulting in more than 1% of the world’s population
currently living with the after-effects [11], especially paresis of the arms,
affecting approximately 75.5% of stroke survivors [35]. The frequency of
cerebrovascular incidents is predicted to increase over the next 15 years [43],
and with increasingly better treatment, the amount of people living post-
stroke will naturally also increase. Therefore, rehabilitation focused on
regaining arm and hand movement is especially important.

Current state of the art stroke rehabilitation uses motor imagery, a
supplementary rehabilitation technique [22], in combination with brain-
computer interfaces (BCIs), to take advantage of the brain’s neuroplasticity
and reshape functions from damaged brain areas to other, more healthy
ones [11, 33]. This technique has been found effective and often improves
motor function [10], but BCI systems are not reliable, and it is discouraging
and frustrating to perform lengthy rehabilitation sessions in a low recall
system [45, 50].

Our previous study showed a significant difference in ratings of frustra-
tion and perceived control when hidden sham input (i.e. replacing true or
false negatives with positives to trigger successful feedback) was added [38],
making it a suitable addition to motor imagery rehabilitation. Despite this,
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we realised that sham input might not be the optimal way to get this effect,
as sham input essentially takes away the user’s agency, by replacing their
input with one from the system. This prompted us to research how mecha-
nisms for helping users struggling with poor performance (either caused
by the system or by themselves) have been used in other systems; what we
refer to as Performance-Accommodation Mechanisms (PAMs).

This paper provides a literature review resulting in a classification of
PAMs based on a model of input-output mapping. Furthermore, our lit-
erature review uncovers a number of characteristics to describe specific
implementations of the different PAMs. Three of these PAMs were imple-
mented into a BCI-like system, to measure their effect on frustration and
perceived control. The paper offers several contributions to the field: (1) an
initial model describing the relationship between user input and system
output, (2) various PAMs and their characteristics, and (3) several implica-
tions of how using and implementing these PAMs can have an effect on the
user experience of an unreliable system.

2 BACKGROUND RESEARCH
In this chapter, we give a brief overview of stroke and brain-computer
interfaces (BCIs), introduce implications of changing a user’s input (or
lack thereof) and introduce the concept of Performance-Accommodation
Mechanisms (PAMs).

2.1 Stroke and Brain-Computer Interfaces
As the prevalence of stroke continues to rise, so fortunately does the survival
rate [43]. Due to this, more than 1% of the world’s population is currently
living with the after-effects of stroke [11], including paresis (weakness
or partial paralysis of muscles, which affects over 80% of all stroke sur-
vivors [35]. However, by participating in the proper rehabilitation practices,
patients can regain some control due to the brain’s neuroplasticity, which
makes it possible for the brain to reshape its cortical networks to make
other parts of the brain take over the responsibilities of the areas that have
been damaged [11]. Typical rehabilitation includes practices such as muscle
strengthening exercises and mirror therapy, depending on the needs of the
individual patient. However, traditional methods are not always sufficient,
which has led to the development of complementary methods such as the
use of BCIs [33].

For post-stroke rehabilitation of limbs, BCIs are operated using motor
imagery (MI) signals. When performing an MI task, the patient imagines
making a movement (e.g. making a fist) without physically doing it, which
creates a similar pattern of brain waves as the ‘regular’ movement [11, 15].
The signal is then collected by the BCI and used to create some kind of
feedback, which is often in the form of a hand orthosis that closes the
patient’s hand in order to reestablish the connection from the muscles to
the brain. While this can be beneficial for rehabilitation, using an MI BCI is
not necessarily straight-forward, as 15-50% of users struggle with producing
the correct brain signal due to the lack of any inherent feedback from the
interaction itself [2, 41]. Furthermore, even if they produce the correct
signal, the limited recall of BCI systems (the average being around 80%)
means they will not necessarily get the feedback associated with a successful
interaction [36, 50]. This can lead to frustration with the system [45, 50],
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which can in turn lead to decreased motivation and thus affect the quality
of the rehabilitation [4, 6, 48].

Another potential cause of decreased motivation is the monotony of
the MI BCI tasks, which usually involve doing the same thing repeatedly
during a session. To distract from this monotony, some BCIs have turned
to gamification, which has been shown to increase user enjoyment and
satisfaction [1, 6, 48]. However, while gamifying the task might make it less
boring, it does not change the instability of the system, where both false
negatives and false positives can cause poor performance in-game.

2.1.1 BCI interaction paradigms. In our previous study, we conducted
a review of literature on BCIs. Based on this, we were able to identify six
different phases that are often present in the interaction paradigms of such
systems. These are: (1) a preparation phase, where the system captures
baseline measurements from the user to remove noise; (2) a cue phase,
where the user is informed about their upcoming task; (3) a task phase, in
which the user performs the assigned task (e.g. MI); (4) a signal, used to
indicate the start (or end) of the task phase; (5) a feedback phase, where
feedback is given for the task; and (6) an inter-trial-interval, in which the
user gets a break in-between trials. [38]

An illustration of a ’typical’ interaction paradigm, where all of these
phases are included, can be seen in Figure 1. Note that not all BCIs include
all of the different phases, and some phases (often the task and feedback
phases) may overlap.

Figure 1: An example of a hypothetical BCI interaction
paradigm which includes all six phases identified in [38].
The times listed in above the paradigm are the time-ranges
found for all the different phases.

2.2 Control, agency and causality
Users being frustrated with using a low-recall rate system can potentially
be explained by their inability to control it. This will especially be the case
when the system’s reward and punishment system is relying on a precise
input, such as is often the case in games. Therefore, the level of control (true
or perceived) is arguably especially important in a gamified BCI.

The sense of being in control is often referred to as the sense of agency.
Agency is often talked about in two distinct categories: the feeling of agency
(an inherent feeling of control, often through sensorimotor stimuli, that
does not need further consideration) and judgement of agency (determining
control of an unexpected outcome upon reflection on the context) [28].
Increased judgement of agency causes an ownership effect, making the user
more positive about an object, in turn leading to higher motivation and
engagement [8]. Vlek et al. [47] therefore argue that judgement of agency
is important in BCIs.

Judgement of agency is tied to causality, as people register agency based
on causal attribution. Wegner and Wheatley [49] point to three conditions
necessary for people to perceive a causal relationship. According to them,
the cause must: occur before the effect, be consistent with the effect, and be
the only cause. A different theory, attribution theory, points to whether the
cause was internal (the person themselves) or external (an outside agent),
consistent with the effect, controllable, and whether the cause is global (i.e.
whether it applies to all aspects of the person’s lives or is specific to the
circumstances) [16].

Sense of agency in an interactive system will increase if the causal chain
is easily perceivable, as it makes it easier to connect the user’s actions to
effects [26]. Seinfeld et al. [39] suggest that the transparency of this causal

chain can be increased by using explicit user representations. These are
virtual extensions of the users’ bodies and are mapped to their motor actions.
This can be a cursor, an avatar, a virtual hand (as has been implemented
in several BCIs [12, 29, 47]), etc. However, this is only the case when the
predicted and actual effect is congruent [13].

Agency is fickle, and many things can be controlled to manipulate it
to some extent. According to Evans et al. [18], visual feedback is very im-
portant in BCIs, as "in the absence of strong internal motor cues, external
visual feedback dominates"; they showed that congruency between predicted
and actual sensory feedback are associated with a robust system and that
the opposite also holds, and that this effect was stronger with visual feed-
back. Lynn et al. [27] showed that participants using a BCI reported more
intentions to move a line when it moved frequently, and Fard and Grosse-
Wentrup [19] showed that users felt more in control when they completed a
task. This indicates that agency can be increased in BCI systems by assisting
users in achieving the set goals.

2.3 Performance-Accommodation Mechanisms
In a previous study, we introduced the idea of ‘sham feedback’ into a game
created for BCI rehabilitation, as a method of accommodating for the poor
performance of the system. While the system had an artificially induced
recall rate of 50%, we introduced varying levels (0%, 15% and 30%) of ‘false
positives’, i.e. where positive feedback was not a direct result of the user’s
action, but rather the system creating a positive outcome without reading
any input from the user. Results of an experiment showed that with sham,
users’ frustration levels fell, while their levels of perceived control over the
system rose. [38]

The idea of helping players struggling with poor performance is not
exclusive to BCIs. It is used widely in video games, although within this
context the accommodation is generally due to poor performance from
the players rather than the system. This concept has been called various
things, such as ‘game balancing’ [37], ‘skill assistance’ [17], ‘difficulty ad-
justment’ [3, 5], etc. It is commonly used in multiplayer games to balance
the skills of opposing players to provide an equal challenge [5, 9, 17, 21, 46].
The idea is highly related to Csikszentmihalyi’s concept of flow, which
states that the optimal experience is when there is balance between the
level of challenge and the user’s level of skill [14].

Bateman et al. [7] used the term ‘skill-accommodation mechanisms’ to
refer to this concept. Because we want to accommodate not for the players’
level of skill, but rather for the system’s performance, we have chosen to
refer to them as Performance-Accommodation Mechanisms (PAMs). Specif-
ically, we define a PAM as:

A mechanism within a game that seeks to increase the player’s enjoyment
of the game by accommodating for poor performance.

Throughout this project, we have identified a number of different overall
PAMs based on how they differ in their mapping of input to output. These
are described in Section 3.

3 LITERATURE REVIEW
Based on our previous research, we knew that helping players by turning
failures into successes, in a game with a brain computer interface (BCI)-
like interaction paradigm and recall rate, had the potential to decrease
frustration while increasing perceived control. With this knowledge, we
wanted to explore what other options might exist in terms of providing
help, and how these could affect frustration and perceived control.

In our previous project, with sham feedback, we essentially replaced
any input from the player with a system-created input [38]. While we saw
an increase in perceived control in our previous project, players also only
played our game for a short amount of time, and very few participants in
our experiments had any suspicion that they might be receiving assistance.
It is not unreasonable to assume that, with extended playtime, players
might realise by themselves that their input is not always what causes
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successful feedback, which we theorised could then cause a negative effect
on perceived control.

Therefore we decided to conduct a literature review to identify what
other performance-accommodation mechanisms (PAMs) might exists, and
how they impact the relationship between input and output.

3.1 Input-Output Mapping
Theway that we implemented sham in our previous project was by replacing
what would have been a ’failure’ input (or a lack of input) with a ’success’
input [38]. In BCIs, you can generally think of inputs in terms of ’failure’
and ’success’, which are separated by a specific threshold the user will need
to get their signal above. This can be a binary case, where the signal is
either accepted or not and the feedback provided is either a failure or a
success, such as when the task is to get a hand-orthosis to move. In other
BCI systems, the signal is read continuously, and the feedback will depend
on the strength of the signal. An example of this is the game created by
Müller-Putz et al. [31], in which the vertical position of a ball would depend
on the strength of the BCI signal, assuming it passed a specific threshold.
In this continuous case, the question of failure or success in terms of the
task of getting the ball to move at all still depends on whether the signal
crosses a threshold, just as for the binary case.

The same categorisation of inputs and outputs in terms of failure and
success can be applied to certain tasks in non-BCI video games, namely the
types of tasks where a PAMwould be applied. For example, in a runner game,
the binary task of jumping over an obstacle will result in either success
of failure depending on whether the player pressed the ’jump’-button (i.e.
crossed the threshold). In a racing game, the output for the continuous task
of steering the vehicle through the track can be split into failure and success
depending on whether the user is managing to keep the vehicle on the
correct path. Therefore, we can think of both the input- and output-space
for both of these types of tasks in terms of failure and success, with only
one option for each in a binary tasks, while continuous tasks will have a
range of successes and a range of failures.

As we will expand upon in the following sections, the way we differen-
tiate between different PAMs is in terms of how they affect the mapping
between input and output. In order to be able to explain and visualise this,
we draw inspiration from Mary Shaw’s 1986 model of input and output in
interactive systems [40]. In Shaw’s model, input is a signal sent from the
external world (the input device) to the program, where it is converted into
something that the program can read. The program then sends an output
signal, which is sent back to the external world after being converted into
something that can be read by the output device, as feedback for the user.
Both the input and output signal go through what Shaw calls the ’I/O state’,
which contains information about the state of the program and the history
of inputs and outputs and can therefore affect how both input and output
are interpreted.

With this model in mind, we created the models seen in Figures 2, which
show the unmodified (i.e. no PAM applied) mapping of a binary ’success’
input to a binary ’success’ output (Figure 2a), and the unmodified mapping
of a continuous ’failure’ input to a continuous ’failure’ output (Figure 2b).

3.2 State of the Art of
Performance-Accommodation Mechanisms

To find relevant articles, we searched mainly in the databases from ACM,
IEEE Xplore and Science Direct, using keywords such as ’game balanc-
ing’, ’difficulty adjustment’, ’assistence’ and ’video games’. We added more
keywords as we found relevant phrases. Based on our database search as
well as source-chaining, we ended up with 14 articles which described 29
different cases of PAMs (as several articles described two or more). This
chapter describes the results of our literature search, through which we
identified five different types of PAM based on their input-output mapping.

Additionally, we also identified a number of characteristics which can apply
to all the different types of PAMs, and which we believe could also have an
impact on player frustration and perceived control.

3.2.1 Sham input. As described previously, when sham is employed,
the system replaces user-generated failure inputs (which can be both true or
false negatives) with a completely system-generated success input. There-
fore, the user has no control in the moment when it is employed. Since the
thing that is replaced is actually the input, we decided to rename it from
’sham feedback’ to ’sham input’. Sham input is illustrated in Figure 3.

Figure 3: The mapping from input to output when sham in-
put is applied. The input is interpreted by the system as a
failure, and is then replaced by a success, which is what the
user will get as feedback.

When sham input is used, the outcome is identical to the outcome of
the input it replicates. However, the feedback can be different. By this we
mean that the end result will be the same, even if how you get to that end
result is not the same as you usually would. For example, Vicencio-Moreira
et al. [46] implemented sham input for a targeting task, where the system
would instantly lock onto the nearest target at the press of a button. The
outcome of this is the same as for normal targeting - placing the crosshairs
over the target - but the movement of the crosshair is (most likely, depending
on the user’s skill level) both faster and more even than when performed by
the user. Note that for a continuous input such as in a targeting task, sham
input will essentially replace the usually continuous output with a binary
signal, as it will reduce the range of success outputs to a single ’correct’
success output (i.e. moving the crosshairs in a direct line to the target). The
same is true in Van Huysduynen et al.’s self-driving car simulation, where
they replaced true negative inputs with sham input, reducing the possible
options of ’correct’ positions of the car on the road to a single ’correct’
position [24].

Aside from our own previous work, this type of PAM has also been
used in other evaluations of BCIs. As the ground truth of an interaction is
non-existent in a BCI system, the system is unable to determine whether
an input is a false or true negative; similarly it is also unable to distinguish
between the user attempting or not attempting to create the correct input.
For this reason, several papers have ignored all user-generated input entirely,
replacing all inputs with sham inputs [34, 50].

3.2.2 Shared control. The analogy to driving automation extends also to
shared control. The Society of Automotive Engineers established the six Lev-
els of Automation (LOA), describing different levels of human intervention
and attentiveness required in the driving task, ranging from fully manual
(level 0) to fully automatic (level 5, essentially sham input) [24]. Between
these levels are various levels of split ownership between the driver and
the system. Traditionally, this split ownership has been explained using
the horse-metaphor (H-metaphor): a rider can use loose rein and provide
fine-tuning, otherwise letting their horse move more autonomously, and
then using tight rein to gain more control. Just like LOA, Flemisch et al. [20]
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(a) The mapping from input to output for a binary input (e.g. a key-press),
which is interpreted by the system as a successful input. The output that
is sent to the output device (e.g. a monitor) is also a success, resulting in
successful feedback.

(b) The mapping from input to output for a continuous input (e.g. moving
an analogue stick), interpreted by the system as a failure input. The output
sent to the output device is also failure, resulting in failure feedback.

Figure 2

suggests that the concept of “[t]ight rein and loose rein may be the extremes
of a continuum rather than two exclusive states of operation.”

There seem to be three kinds of shared control in the literature: blending,
distinct loci of manipulation, and haptic shared control. Both Sykownik
et al. [44] and Mulder et al. [30] describe blending, where two or more
inputs are mixed before reaching the controlled system itself. Sykownik et
al. further describes a system where two or more inputs control distinct loci
of manipulation, such as one input controlling the steering of a car, while
another controls the speed. Mulder et al. additionally describes haptic shared
control which influences the physical interaction with the control interface;
it is similar to blending, but closer to how the H-metaphor describes shared
control.

The most common type seems to be blending, often used in driving video
games, and for targeting in shooting games. Bateman et al. [7] examined
the effects of various target assistance on player performance. One of the
target assistance schemes was target gravity, where the system pulls the
reticle towards a target that the user is simultaneously moving towards.
Rakita et al. [32] used a shared control robotic arm to subtly improve the
user’s movements over time, showing and teaching them the movements to
ideally perform a task. They compared the users’ movements to a pre-defined
ideal curve and created an average movement, similar to the mechanism
implemented by Bateman et al. While target gravity in their experiment
was deemed inferior to other target assistance schemes because it interferes
with the users’ movement, creating a conflict, it was seen that Rakita et
al.’s robot arm did improve learning and deemed more trustworthy, which
might indicate the effect of shared control in a novel system.

Figure 4: Mapping of input to output when shared control
is applied. A continuous output within the ’failure’ range is
moved to the ’success’ range, without reducing it to a single
’correct’ output such as in sham input.

What all of these cases have in common is that they make use of contin-
uous input and provide continuous output. In fact, shared control cannot
exist for a binary input/output system, as there is no ’room’ for a blended

input when there are only two options. Moreover, while shared control can
technically exist at all times, the user needs to perform sub-optimally, i.e.
their input needs to fall within the range of ’failure’, for the shared control
to have an effect. If the user performed the movements perfectly in Rakita
et al.’s experiment, then nothing would change from the input to the output.
This is modelled in Figure 4, where we can see that shared control ’moves’
a continuous failure input to a success input. In contrast to sham input, the
output when shared control is applied is still influenced by the user’s input
and thus is still continuous, within the range of success outputs.

3.2.3 Assisted success. Sham input and shared control both aid the user
in creating an outcome that it would theoretically have been possible for
them to attain by themselves, either by completely replacing the user’s
input or by ’steering’ it towards a better one. In contrast to this, assisted
success creates an outcome that the user could not have achieved otherwise,
specifically when they make a successful input. In this way, it can be said
that it modifies - or expands - the output space.

This is a common technique in video games, as it describes power ups,
such as speed boosts in driving games or damage modifiers in shooting
games. For example, Depping et al. [17] implemented a damage modifier
in a multiplayer shooting game, where the damage given and taken was
depending on the score of the assisted player; the bigger the score difference,
the more damage the ’worse’ player would deal. Using the Player Experience
of Needs Satisfaction (PENS) scale and Intrinsic Motivation Inventory (IMI),
it was seen that the PAM increased perceived competence, enjoyment,
suspense, andmore. Another example was implemented by Rogers et al. [37],
who explored how various PAMs affect the enjoyment and experience of a
multiplayer AR table football game. The assisted success they implemented
changed how many points a goal would grant depending on which half of
the goal it would hit, or which half of the field the ball was shot from.

As is shown in these examples, assisted success takes a success input and
’amplifies’ or ’enhances’ it, making a successful input from the user have a
bigger impact than normal. This is shown in Figure 5, with an example of
a binary success input that results in a success output that is ’above’ the
normal success output.

3.2.4 Assisted failure. Similarly to assisted success, assisted failure re-
sults in an output that would otherwise not be attainable without the PAM.
Where assisted success is activated in instances of a successful input, as-
sisted failure is activated upon a failure input. The output in this PAM will
be something in-between a failure and a success, where a failure is not
punished as harshly as it would be otherwise, but also is not replaced with
a success such as in sham input, or ’moved’ towards it, such as in shared
control.

As an example, Rogers et al. [37] also implemented assisted failure in
their AR table football game.With this PAM activated, the unassisted players

4



’Something’s Fishy’: Application of Performance-Accommodation Mechanisms in BCI-like Games to Reduce Frustration and Increase
Perceived Control

Figure 5: The input-output mapping for assisted success. An
input is interpreted as a success, and is turned into an ’am-
plified’ output.

would score a goal on the assisted players, but would not get any points, es-
sentially nullifying the assisted players’ failure to stop the ball, but without
rewarding them by e.g. giving them points. Another example was imple-
mented by Baldwin et al. [5], by giving the low-performing player in a
shooting game a shield. When they then failed to not get hit, their failure
was not punished by them losing health or dying. Similarly, Depping et
al. [17] implemented that the assisted player would take less damage when
hit, making their failure less punishing than usual.

From these examples, we can see that when the output can be described
as binary (e.g. stopping the ball from hitting the goal vs. not stopping it),
the failure is more or less nullified (e.g. the ball was not stopped, but it
had no negative consequences). When the output is continuous (e.g. how
much damage you take when getting hit), it can nullify your failure (e.g. no
damage taken because you had a shield), or it can simply reduce its impact
(e.g. you take less damage). Either way, the output will fall in-between
normal success and failure, as seen in the model in Figure 6, modifying the
output space just as assisted success.

Figure 6: Mapping input to output when assisted failure is
applied, here to a binary input. The input is interpreted as a
failure, but the output space is modified to include a space
in-between failure and success.

3.2.5 Rule change. The last PAM identified through the literature review
also requires a sub-optimal input, but translates it into a successful output.
In this sense, the input-output mapping is similar to sham input, but where
sham input will ’convert’ a failure into a success, this PAM instead changes
the rules so that what would previously have been a failure is now a success,
by changing the threshold for what can be considered a success. It therefore
still relies on the user’s input rather than just replacing this with a system
input.

This PAM is seen in several contexts: Vicencio-Moreira et al. [46] im-
plemented two aim assistance mechanisms relying on the user missing the
target (a sub-optimal input), but changing the rules of the game so it trans-
lates to a hit (a successful output). One is called ’area cursor’, which changes
how big the reticle is (though not visually), and the other recalculates the

bullet’s travel vector to hit the target, called bullet magnetism. The user’s
initial input is still what is used to create the output, but it no longer needs
to be as close to the target in order to result in a hit. Gerling et al. [21]
also implemented a rule change in multiplayer rhythm game, where the
timing for creating the perfect input was extended for the unassisted player,
making an otherwise sub-optimal input provide successful feedback.

It should be noted that while for a continuous task, lowering the thresh-
old is simply a matter of changing a range of what would otherwise be
considered failures into successes, such as in the targeting assistance tech-
niques described above. This is not really an option for a binary task, unless
the task has a timing aspect, such as in Gerling et al.’s dancing game. A
model of this PAM can be seen in Figure 7, where an input is (under normal
circumstances) interpreted as a failure, but the output is a success due to
the lowered threshold for succeeding.

Figure 7: Input-output mapping when the rule change PAM
is applied. An otherwise unsuccessful input results in a suc-
cessful output because of the lowered threshold.

3.3 Characteristics of
Performance-Accommodation Mechanisms

While the distinct PAMs can be distinguished between by their input-output
relationship, there are several characteristics that can be applied to all of
them to create more unique and context-specific variations. The character-
istics we have identified concern themselves primarily with autonomy and
awareness.

3.3.1 User- and system-employment. Employment refers to the activa-
tion of PAMs, and we can differentiate between user-employed PAMs and
system-employed PAMs. Van Huysduynen et al. [24] implemented a system
with their driving simulator, where the user activated the auto-pilot (requir-
ing the user to only monitor the system) with a button press. In Rogers et
al.’s [37] table football game, they differentiated between different types of
user-triggered PAM, where it was either triggered simply with the press of a
button, or by applying some level of skill, where the user had to hit an icon
with the ball to activate the PAM, implying that some level of granularity
needs to be applied to these definitions.

System-employed PAMs are activated by the system itself, meaning that
the user has no control of whether PAM is happening or not. Vicencio-
Moreira et al. [46] tested various system-controlled aim-assistance tech-
niques to determine their performance and user-approval. All techniques
were employed by the system although they were activated at different
times, depending on the type of PAM. For example, area cursor (rule change)
is always present, as it just increases the size of the reticle, while target
gravity (shared control) pulls the reticle when moving towards a target,
only impacting the output when the user steers off course. Regardless, the
PAM is always activated at the discretion of the system.

Few papers looked at the differences between user- and system-employed
PAM, but both Rogers et al. [37] and Smeddinck et al. [42] ran experi-
ments with conditions that made it possible to compare them. Rogers et al.
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used their AR table football game and measured the difference between (1)
no employment, (2) system-employed based on various metrics, (3) user-
triggered using a button, and (4) user-triggered with the skill-based method
described above. Similarly, Smeddinck et al. looked into how to present
difficulty-choices in a casual platformer. They looked into how users per-
ceived menu-based, game-embedded, and automatic difficulty-adjustments.
While papers showed that users preferred to use user-employed PAMs,
Rogers et al. showed that system-employed PAM was still relatively highly
approved, and Smeddinck et al. showed that the presence of PAM did not
notably impact the game experience. It is not explicitly stated if users were
informed about the presence of PAM in Smeddinck et al., as this was omitted
from the procedure description, but users were told about it in Rogers et al.’s
study. This might have an impact on users’ perceived control, as discussed
in section 3.3.3.

3.3.2 Adaptive and static accommodation. We defined employment as
what determined the overall presence of PAMs in a system, but as indicated
by Vicencio-Moreira et al. [46], it is also worth exploring the circumstances
behind activating the PAM. Looking at systems with PAMs implemented,
this has been split into two distinct categories: adaptive and static accom-
modation.

Adaptive accommodation PAMs take the user’s performance into account
and change throughout the game, meaning that the PAM is not always
present in the system or that it changes based on the I/O state. This is
the case in the previously mentioned table football game by Rogers et
al. [37]. The system calculates an ’imbalance score’ depending on goal
difference, ball possession, velocity of goal shots, number of pin-shots with
sideways movement, and previous help through PAM. Depending on this,
it will choose a particular level of PAM. Adaptive accommodation is used
in many different contexts [5, 9, 23], and it seems that all systems making
use of shared control use adaptive accommodation, as the system does not
intervene when the user is performing the actions satisfyingly; only when
the user steers off the course does the system correct the input [9, 30, 32].

Static accommodation refers to systems that do not change how they
are applied during gameplay. This is for example the auto-pilot from Van
Huysduynen et al. [24], which is simply either activated or not. A different
example is the rhythm game implemented by Gerling et al. [21], where they
implemented various PAMs to balance competition between able-bodied
and disabled users. In their study, they implemented three types of PAMs:
input balancing (a combination of rule change and assisted success which
requires fewer steps and multiplies scores), time balancing (previously
mentioned rule change where the timing for a ’perfect’ step is increased),
and score balancing (assisted success where the score is multiplied). While
the amount of PAM that was applied was static throughout a specific round,
it was determined by the score differential between the two competitors
obtained in an ability pretest in which they measured performance using
step count and score, meaning it still took the performance of the player
into account on some level.

Bateman et al. [7] measured the difference in player performance (using
in-game score) and player experience (using an unspecified survey) between
adaptive and static accommodation, specifically for target assistance. In
the static condition, the levels of assistance were pre-determined through
a pilot study. In the adaptive condition, the assisted player got 10% of the
static level for each point behind the unassisted player. They found no
significant difference between static and adaptive accommodation, though
static accommodation allowed for the assisted player to win more often,
but adaptive accommodation resulted in more close plays.

3.3.3 Awareness. Awareness refers to whether users have been told that
the PAM is part of the system (which will of course only be relevant for
system-employed PAM), and if it is perceivable, i.e. explicit in the form
of some kind of indicator. Bateman et al. [7] noted that, after learning

about the presence of PAM in their experiment, both the assisted and non-
assisted players found PAM fair for both parties and that it had a positive
effect on the group play experience, but assisted players’ opinions were
less favourable than non-assisted players. Baldwin et al. [5] examined the
effect of awareness in a multiplayer game, where they employed an adaptive
assisted failure PAM (a shield), which was activated by the system when
their performance was low. They compared three versions of their game:
no PAM, hidden PAM, and PAM with ’full’ awareness. Measures were taken
using the PENS and electrodermal activity (EDA) to measure arousal. Results
showed that assisted players’ level of arousal increased in the full awareness
condition, indicating that the explicit indicator of performance affected
them. The full awareness condition also had a negative effect on levels of
autonomy for both the assisted and unassisted player.

As mentioned, this is also tied to how explicit the PAM is. For example,
in Gerling et al.’s [21] study, they found that the visibility of the PAM is
important to the user experience. While they found that input balancing
(as described previously) was effective in increasing the assisted player’s
performance, it also caused the largest negative effect on their self-esteem
due to it beingmore perceivable than the other PAMs that were implemented.
Depping et al. [17] explored the difference between PAM that was hidden
and PAM with an explicit indicator in the form of a UI element displaying
the ’level of assistance’, in a multiplayer shooting game. They found that
making it explicit had no significant negative effect on the player experience,
although the assisted players’ level of perceived competence was lower
when the PAM was explicit.

All four of these studies were conducted with multiplayer games and
involved an assisted player comparing themselves to an unassisted player.
None of the studies we found explored the effect of explicit PAM in a single-
player game. It should also be noted that, aside from Baldwin et al.’s study,
it is unclear exactly how granular the awareness was, i.e. whether they
were aware of only its presence or also aware of the effect it had. Baldwin
et al. [5] do distinguish between the two types of awareness in their study,
however they did not explore the difference between them, only between
no awareness and full (i.e. both presence and effect) awareness. We believe
this to be an important distinction, as awareness of the effect of the PAM
makes it possible to potentially exploit it by e.g. deliberately performing
worse in order to receive the benefits of it. However, this was not explored
in any of the papers we found.

It is important to note also that just because something is not disclosed
or has an explicit indicator, this does not mean players cannot perceive
the presence of a PAM. For example, in our previous study, we deliberately
attempted to hide the presence of sham input by making its feedback iden-
tical to the players’ success input [38]. However, as normal success input
would trigger success feedback instantly, and our sham input would trigger
success feedback at a variable time delay, players may have been able to
perceive the presence of the PAM. The way Évain et al. [50] implemented
their BCI paradigm - by always triggering feedback at the end of the task
phase, rather than immediately upon received input - made it easier to
hide sham input, as the timing of feedback triggered by sham input was
(in theory) indistinguishable from feedback triggered by user input. As
evidenced by this, the timing of the PAM feedback is especially important
in sham input in terms of the users’ awareness.

3.4 Discussion of literature review
Based on our analysis of the literature, we were able to identify a number
of PAMs based on how they change the mapping from input to output,
in terms of success and failure. It is important to note however that this
is only one way of thinking about different PAMs, and classifying them
based on different criteria may be just as valuable. It is also likely that there
are a number of PAM characteristics that we have not listed here which
may affect the user experience. We make no assumption that our literature
review offers a complete overview of the field of PAMs, as it is a very wide
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field with a very varied vocabulary, making it difficult to define specific
search terms.

The models we have created to describe the PAMs we identified are
relatively simple, and it is not unlikely that there will be methods of assisting
players that cannot necessarily be described in this way. Nevertheless, since
we are working with systems that struggle with a relatively large amount
of false negatives, we find it interesting to see how the player experience is
affected based on how the player’s successes and failures are interpreted by
the system.

As we have not seen any other study which differentiates between
PAMs in this way, but instead have mainly seen studies which examine the
effects of the different characteristics, we therefore decided to conduct an
experiment with this purpose. In order to limit our experiment, we decided
to focus only on three of the different PAMs: sham input, assisted success,
and assisted failure, as these lend themselves more easily to a binary input.

4 SYSTEM DESIGN
To explore how the different types of PAMs affect users’ experience in a
brain computer interface (BCI)-like system, we implemented a simple game.
Our choice of game was based on a number of criteria. In order to ensure
all players experienced the same amount of failure and success within the
game, we needed to control how the system would respond to every input.
Restraining the decision-making of the users requires a linear narrative,
and for the user to not feel restrained, this narrative needed to lend itself
naturally to making few choices. To make it easier to control, we decided
to work with a binary input. However, this does not mean that every task
should only have one or two narratives (i.e. success or failure); chaining
multiple binary inputs as subtasks creates the opportunity to change the
circumstances of success or failure for the main task, hopefully increasing
the users’ engagement. The need to control all inputs also meant we could
not work with a real motor imagery (MI) BCI-system. Instead the ’stand-in’
for BCI input is a key sequence performed in a specific order within a short
amount of time.

4.1 Game design
In the end, we decided that a fishing game lent itself well to the constraints
above. A screenshot from our game can be seen in Figure 8. As we knew from
our background research, explicit user representations can help increase
players’ sense of agency, the user is represented through a fisherman. The
goal of the game is for the fisherman to catch fish swimming in a lake.
The lake is split into a 3 by 7 grid, with fish spawning in one of the three
lanes. Once it spawns, the user is supposed to move their hook to the
corresponding lane using the ’up’ and ’down’ arrow keys. When the fish
is hooked (which will always happen in the middle column), the user will
have to catch it.

The task of reeling in the fish is the part of the game where BCI-input
would be required, or in case of the experiment, key sequence input. This
process is split into multiple subtasks of reeling the fish in, the amount
depending on which lane the fish spawned in (the further down, the more
subtasks to perform). Upon getting the fish on the hook, the BCI interaction
paradigm (described further below) starts, with a 2 second preparation
phase, explicitly shown through a progress bar (see Figure 8b). After this,
the user has a 1 second input window in which to perform the correct input
to reel the fish in by one lane. While the user is told that they will need to
perform the correct key sequence (’HKJL’), the game was implemented so
that any input of four keys would be accepted. This was to ensure a more
uniform experience between players, regardless of typing skills.

Careful consideration was put into how to convey failures while not
making the user feel discouraged. Therefore, a single failure makes the fish
swim one column away instead of down, so as not to regress, and the user
has to fail three times to lose the fish. On a success, the fish will move one
column up. The different types of feedback are expanded upon later in this

chapter. More details about the design of our game and the thoughts that
went into it can be found in Worksheets, Chapter 1.

Hopefully, the fishing narrative will be seen as an enjoyable, leisurely
activity, while also offering a narrative explanation for the frequent fail-
ures. The art style is kept vibrant and fun, and the fish, once caught, are
highly detailed and colourful. Additionally, various sound effects are used
to indicate various in-game events and to add ambience. Details about the
implementation of our game can be found in Worksheets, Chapter 2.

4.2 Interaction paradigm
The interaction paradigm used in this system draws from the BCI literature
mentioned in section 2.1.1, but has been slightly altered to account for test-
time, input-type, and context. Therefore, the interaction is less rigid than in
other BCI systems, and the length of various phases changes depending on
user actions and outcomes. An illustration of our interaction paradigm can
be seem in Figure 9.

Figure 9: The interaction paradigm for our game. The inter-
trial interval is only a part of the paradigm once the fish has
been either caught or lost.

The cue phase is initiated by the fish appearing on the screen. It takes
the fish 7.5 seconds to reach the hook, but if the user misses, it takes approx-
imately an extra 10 seconds for it to come back to the same spot. In theory,
this means that the cue phase could go on forever, if the user keeps missing
the fish. As described above, the preparation phase is only 2 seconds long,
which is shorter than the average preparation phase as seen in Figure 1. As
this phase is usually included to minimise noise, and this was not a concern
for us with this input method, it was lowered for time-saving. This phase is
followed by a short 1 second task phase window, also to limit time as well
as to make the task harder to accomplish and lower the players’ access to
the ground truth of whether they succeeded or not.

The feedback phase is between 1 and 5 seconds, depending on the feed-
back the user is getting, as the length depends on when the feedback type is
determined and how long the animation is. After the fish has been caught,
there is a 2 second window before the next fish appears.

4.3 Interaction blocks
For the sake of our experiment, the game experience should be the same for
every participant. For example, people experiencing 18 successes and 4 fail-
ures will not be rating frustration in the same context as people experiencing
the opposite ratio. Therefore, the narrative was completely pre-determined
to control the recall rate, subtask amount, and feedback-type ratio. The
output of the four random key-presses was not determined by anything in
control of the user (although four key-presses were required to trigger an
output; failing to do this would simply restart the interaction paradigm).

As stated above, catching a fish takes between 1 and 3 successful sub-
tasks, while losing a fish takes 3 failed subtasks. This creates a somewhat
complicated situation, as individual subtasks cannot be lined up randomly,
as this could create different main task success-rates for different people.
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(a) A screenshot from our game during the phase of the game where the user
moves the hook with the arrow keys. The horizontal yellow lines indicate
rows, while the vertical light blue lines indicate the columns within which
the fish can appear.

(b) A screenshot from our game during the phase of the game where the
user reels in the fish by performing the key sequence.

Figure 8: Screenshots from our game.

Figure 10: An example of a set of interaction blocks.

To fix this, the main task outcomes need to be lined up instead. This
means that subtasks cannot be seen as individual, unconnected interactions,
but as part of a group making up a main task. For this, sets of interaction
blocks were implemented. Interaction blocks have a pre-defined outcome
(catching or losing a fish), and the block is filled up with various subtask
outcomes (reeling in fish, fish swimming away, or a PAM) that amount to
this outcome. This combination needs to be carefully designed to match the
main task outcome.

Additionally, it had to be designed in the context of the experiment. This
means that any memory biased experiences should be avoided; specifically,
repetitions and peak-end bias was of concern. Kahneman et al. [25] noticed
that people were more accepting of pain if the end was less painful, indi-
cating that people do not rate their aversive experiences on duration, but
as a relationship between peak and end discomfort. In theory this means
that an interaction block ending with three failures will be rated differently
than a block where three failures are spread throughout the experience.
Moreover, we avoided repetitions to limit the effect of a peak on the users’
ratings. An example of a set of interaction blocks for assisted success can
be seen in Figure 10. Each set of blocks includes 22 trials, with 11 of them
resulting in a failure and 11 resulting in a success. The different PAMs then
replace either success or failure trials, depending on the type of PAM. We
chose to implement 3 PAM trials, corresponding to 13.6% of the trials. The

reason for this ratio is that, in our previous study, we found the biggest
effect on frustration and perceived control when adding 15% sham to a
similar system with a 50% recall rate [38]. The ratio of trial outcomes can
be seen in Table 1.

Control Sham Assisted success Assisted failure
Positives 11 11 8 11
Negatives 11 8 11 8
PAM 3 3 3

Table 1: Trial outcomes for the four conditions
The users were not told about this prior to the experiment, and were

made to believe that they (and not the system as it actually was), were in
control of the game. How they were informed and what they were told
about the game is described in Chapter 5.

4.3.1 Feedback types. There are five different feedback types for the
subtask implemented in the game: success, failure, sham input, assisted
success, and assisted failure. All five feedback types have in common that
they will be executed only if the input is accepted, i.e. if a key-sequence of
four key-presses has been registered within the input window. The specific
feedback type is then determined based on the specific interaction block.

The success feedback is executed at the moment the input is accepted. It
is experienced as the user representation smiling and turning the reel on the
fishing rod and the fish moving up one lane. It is accompanied by sounds of
spooling in the reel. Failure feedback is instead executed when the input
window closes, to indicate that the player has failed (even if they did not).
Failure feedback is experienced as the fish swimming more frantically and
away from the current column. The user representation lets go of the reel
and looks concerned. Additionally, there are splashing sounds when the
fish struggles.

Just as for success feedback, assisted success is executed the moment
the input is accepted. The user representation rummages in their pocket
to get a leaf, which they eat. This increases their muscle mass and rips
their sleeve. They then turn their reel fast and reel the fish up by two lanes
(see Figure 11a). Sound effects indicate all these actions. The other two
PAM feedbacks are executed at the same time a normal failure would have
happened. Assisted failure also shows the fish struggling, but before it tugs
away, the user representation puts a clothes pin on the rod and breathes
a sigh of relief, stopping the fish so it remains in its current column (see
Figure 11b. Sham input shows a woman running in to pick up the user
representation’s fishing rod as she says "Let’s get to work". When she does
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(a) Assisted success.

(b) Assisted failure.

(c) Sham input.

Figure 11: Storyboards of the feedback shown when the different PAMs are activated.

so, the user representation exclaims in surprise, and she reels the fish in by
one lane (see Figure 11c).

As evidenced by this, we have chosen to incorporate narrative expla-
nations for our PAMs. Our reason for this is that we hope to make the
input-output mapping more clear to users in order to get a better idea of
how this affects players, as well as to increase their judgement of agency
(see section 2.2). This means all our PAMs rate highly in terms of awareness
(see section 3.3.3).

Aside from the feedback for the individual interactions, there is also
feedback for when the player catches or loses a fish. When catching a
fish, the fisherman will excitedly hold the fish above his head, at which
point it will be revealed which type of fish it is (instead of the silhouette
seen previously). A sound effect of the fisherman cheering plays while he
celebrates. When losing the fish, the fisherman will look dejected as he reels
in the line back to its starting point, while a sighing sound effect plays.

5 METHOD
To evaluate the effect of the different PAMs on the player experience, we
designed an experiment, described in this chapter.

5.1 Experimental design
Our experiment was a within-subjects experiment, where participants
played four conditions each (a control condition without PAM, and one

condition per PAM). To avoid any order bias, the order was decided using a
latin square, where each condition appeared four times in each experimen-
tal position. The dependent variables for the experiment were perceived
control and frustration.

Our hypotheses for the experimentwere:H0: The presence of performance-
accommodation mechanisms will have no effect on players’ levels of frustration
and perceived control when applied to a system with a 50% recall rate. HA:
The presence of performance-accomodation mechanisms will have an effect on
players’ levels of frustration and perceived control when applied to a system
with a 50% recall rate.

5.2 Participants
The purpose of this study was not necessarily to see the effect of PAMs on
stroke victims using BCIs, but to see their effect on experiences in low recall
systems. Therefore, we decided that not testing with stroke patients would
not decrease the validity of the experiment (though, considering their prior
experiences, stroke patients might be more forgiving of being helped). 17
people were contacted directly with an inquiry about their willingness to
participate, and accepted. These people were of various backgrounds, ages
and gender, and differed in their technical knowledge. Participants were
told only about the overall purpose of our experiment (how different types
of ’help’ would affect the player experience in a game with a ’difficult’ input
method), and were not aware of the controlled nature of the experiment.

9



I. Rossau, J. Czapla, R. Skammelsen

Because of problems with logging data from the game for one participant,
we ended up having 16 usable participants.

5.3 Apparatus
Because the study was conducted during the COVID-19 pandemic, the
evaluation had to be performed remotely through various communication
channels. Participants therefore played the game on their own PCs. We
sent builds of the game to participants (in the various versions for the
different conditions) and asked them to turn on screen-sharing during the
experiment, so that we could confirm that the procedure was followed.

We measured the participants’ self-reported levels of perceived control
and frustration using Likert scales. For both variables, the Likert scales were
used to both gather measurements about the participants’ overall and more
incident-level self-reported levels.

The perceived control questions were formulated as "I felt in control
[...]" and were rated on a 7-point Likert scale with the following items:
(1) Strongly disagree and (7) Strongly agree. Participants were asked to
rate their overall perceived control per condition (i.e. in regard to a full
playthrough of a single condition), and to rate their perceived control on
incident-level, such as when they reeled the fish in, when it tugged away,
and when it escaped. They were also asked to rate their control in the
context of the individual PAMs. Additionally, people were asked to rate, on
a scale from 1 to 100, the probability of them reeling a fish up by one lane
in that particular condition.

Participants were also asked to rate their frustration in context of the
PAM by rating an "I felt frustrated when [...]" prompt on a 7-point Likert
scale ranging from: (1) Strongly disagree and (7) Strongly agree. Partici-
pants’ overall and incident-level frustration ratings were answered on a
7-point Likert scale with the following items: (1) Absent, (2) Barely percep-
tible, (3) Faintly present, (4) Light, (5) Marked, (6) Pronounced, (7) Strongly
pronounced, on a prompt starting with "How much frustration did you feel
[...]". Participants were asked about their frustration level per individual
condition and for the whole experiment, and during the same incident-levels
as the perceived control questions.

Additionally, participants were asked to rate their perceived control and
frustration during the current condition to their experience in the previous
condition. They were asked whether they would rate them higher, the same,
or lower than the previous. The full questionnaires used in our experiment
can be found in Worksheets, Chapter 3.

The game also logged data from the system itself. Essentially, two kinds
of data were logged: game-event data and input-event data. Game-event
data logs visual, in-game events, that indicate some changes to the user.
This is feedback, indicators, signifiers, game stage, etc. Input-event data logs
what keys the user is pressing. This data tells us what objective experience
the user was having playing the game.

5.4 Procedure
Participants were informed about prerequisites of the experiment prior to
meeting up in a virtual meeting room on Teams, Discord, or Messenger, and
were asked to sign a consent form, through an e-mail. (The material that
was sent to participants prior to the experiment can be found inWorksheets,
Chapter 3.) They were told in general terms what they would be tasked to do.
Theywere also told to prepare a piece of fabric, microphone and headphones,
and that they had a PC to perform the experiment on. They were informed
that we would use any communication software they preferred, but that we
could not guarantee how the data collected by the software would be used.

When the participant joined the meeting, they were sent a Google Drive
link to a .zip-file with the game builds they should play, and it was confirmed
that they had a piece of fabric at hand. As they were downloading the file,
they were told to fill out a demographic pre-experiment survey. They were
then told about the game, and about the (fake) key sequence they would
have to input.

Participants were told that the key sequence they were supposed to
perform was very specific and generally hard to do, and that the reason for
this was to forcefully lower their success rate in order to introduce helpful
elements. They were therefore led away from the actual implementation,
that four random keys would work. They were told to perform the key
sequence ’HKJL’ within one second and with a consistent rhythm (spacing
between key presses). The rhythm was specifically kept vague to make
it more difficult for them to discern whether that aspect was performed
correctly. Additionally, people were told to only use one hand and that they
should cover that hand with a piece of fabric. To get them familiar with
it (to play into the narrative of their input having an effect) and the game,
they were told to play a short practice mode with just 3 trials, ending in
catching the fish. As they progressed through different parts of the game,
each part and the UI elements was explained to them.

After the explanation and practice, they were told which build to start
with. Every condition consisted of catching four fish and losing two, but
the ratio of trial outcomes were different, as seen in Table 1. After finishing
a condition, they were sent the appropriate survey, and as they were filling
it out, we asked them to elaborate on some of their answers.

The full script used in the experiment can be found in Worksheets,
Chapter 3.

After having played all the conditions and filled out all the surveys, the
participants were told to send an auto-created folder with the log data to
the facilitator, after which the participants were debriefed and told how the
game actually functioned.

6 RESULTS
The quantitative data was analysed using appropriate statistical methods,
which will be described in the following sections. The results of these anal-
yses were supplemented by qualitative data, which has been coded in order
to perform a content analysis. We conducted non-parametric statistical tests
due to our data violating assumptions of normal distribution, homogeneity
of variance and interval data (as Likert scales are not interval).

6.1 Perceived control
Results of Friedman’s ANOVA indicated no significant differences in overall
(i.e. in regard to a full playthrough of a single condition) perceived control
between the four conditions. However, results did indicate a significant
difference in participants’ perceived control when asked how much in
control they felt specifically when helped by the different PAMs (𝜒2(2, N =
16) = 9.63, p < 0.01). A follow-up post-hoc test specified that the significant
difference was between sham input and assisted success (AS), with the mean
scores being significantly lower for sham input than AS (see Table 2). The
test yielded a large effect size of 0.524. This indicates that participants felt
more in control during the interactions where PAM was employed when
the PAM was AS compared to sham input.

This trend can also be seen in how people phrased their feelings about
the two PAMs, more often using the word ’she’ and not attributing credit
to themselves when sham input was employed (“Oh no, she took my fish!”
and “I haven’t caught any fish yet! ... I only caught two fish and both times
this girl helped me.” ), while more predominantly using pronouns like ’I’ and
’me’ within the AS condition (“The power-up coming from the character itself
really made the difference - I am both the power-up and the main character.”
and “[...] me doing some kind of trick, it’s like, oh I didn’t know I could do that,
but cool.” ).

Further tests did not indicate any significant differences between the four
conditions in questions about perceived control regarding specific game
events (when they reeled the fish in, when it tugged away, and when it
escaped). Participants were generally confused about what caused a PAM
event to be employed, thinking that they were most likely random.
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6.2 Frustration
Similarly to perceived control, a Friedman test indicated no significant
differences in overall (i.e. in regard to a full playthrough of a single condition)
frustration between the four conditions. Despite an insignificant difference,
the means show that the scores for the sham input condition were the
highest out of the four groups (see Table 3). Moreover, we found a significant
difference in participants’ frustration when asked how they felt specifically
when helped by the different PAMs (𝜒2(2, N = 16) = 16.33, p < 0.01). A
follow-up post-hoc test again showed that the significant difference was
between sham input and AS, with the mean scores being significantly higher
for sham input than AS (see Table 2). The test yielded a large effect size of
0.522. Similarly to perceived control, this indicates that participants were
more frustrated by the instances of PAM in the sham condition compared
to AS.

The qualitative data also shows that sham input was the only condition
that received any negative comments from the participants, expressing that
they felt the non-playable character intruded on them playing, saying for
example, “[t]he runner kind of felt like ‘Oh, you’re so bad at this, I’m just
gonna do it for you’”.

There was no indication of significant differences between the four
conditions in questions about frustration regarding specific game events
(when they reeled the fish in, when it tugged away, and when it escaped).

6.3 Correlation between frustration and
perceived control

Regression analysis indicates a significant negative relationship between
overall frustration and perceived control for all conditions, b = -0.25, t(62)
= 4.02, p = 0.049. As frustration decreases, the perceived control increases,
with the trend being most apparent within the sham condition as seen in
Figure 12, b = -0.61, t(14) = 8.08, p = 0.013).

Figure 12: Scatter plot visualising the relationship between
overall frustration and perceived control, for all four condi-
tions.

Moreover, looking at the scores for frustration and perceived control
specifically when being helped by a PAM, we also found a significant neg-
ative relationship for all three PAM conditions, b = -0.51, t(46) = 16.31, p

< 0.01. As frustration decreases, the perceived control increases, with the
trend again being the most apparent within the sham condition as seen in
Figure 13, b = -0.64, t(14) = 9.42, p < 0.01.

Figure 13: Scatter plot visualising the relationships between
frustration and perceived control in regard to PAM being
employed within the three PAM conditions.

6.4 Blame attribution
Based on the qualitative data gathered during the testing sessions, we cat-
egorised each individual playthrough of each participant with a blame
attribution factor, specifying where they attributed the reason for the incon-
gruency between their actions and the events playing out in the game. They
could be categorised either as blaming themselves, the system, or neutral
(when they did not express any thoughts in regard to blame attribution).
Out of 52 comments identified as indicating attribution, we found that 27
of them were towards the system, while 25 were towards the participants
themselves (note that some participants’ attributions would change between
conditions). People attributing blame on the system showed confidence in
their abilities (“Sometimes I felt like I did it correctly, but it didn’t work”, “I
didn’t feel guilty for failing to catch the fish ’cause I don’t really feel like I
caused it”, and “I did it this time and it still failed, I’m like sure of it.” ), while
participants blaming themselves expressed that they had trouble getting
the input right (“I’m trying to get my fingers to remember the key sequence!”,
“I guess I’m just bad at it”, “[...] I didn’t get the key sequence right, but I think
I was messing up, so I don’t know.” ).

An ANOVA showed no indication of significant difference in terms
of reported frustration or perceived control overall, depending on how
the participants attributed blame. However, as shown in Figure 14, for
participants who attributed blame to themselves, there was a significant
negative relationship between frustration and perceived control, b = -0.55,
t(21) = 9.05, p < 0.01.

A Friedman’s ANOVA indicated that, depending on the condition, the
participants’ blame attribution was significantly different (𝜒2(3, N = 16) =
8.97, p = 0.0322), however a post-hoc test did not reveal which groups were
significantly different. Looking at the boxplots seen in Figure 15, we can
see that the largest difference in blame attribution occurred between sham
(10 comments blaming the system vs 4 blaming themselves) and AS (10
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Sham Input Assisted Success Assisted Failure
Frustration 3.56 1.13 1.63
Perceived Control 2.31 4.31 2.75

Table 2: The means of scores for frustration and perceived control in regard to PAMs being employed.

Control Sham Input Assisted Success Assisted Failure
Frustration 3.31 3.56 3.31 2.75
Perceived Control 4.31 4.69 5.00 4.50

Table 3: The means of scores for frustration and perceived control in regard to the whole playthrough.

Figure 14: Scatter plot visualising the relationships between
overall frustration and perceived control, across all four con-
ditions, grouped based on whom the participants attributed
the blame for the events to.

comments blaming themselves vs 4 blaming the system). AWilcoxon signed-
rank test confirmed that the significant difference in blame attribution
is between sham input and AS (p = 0.0357, r = 0.04). This indicates that
participants were more likely to blame the system for in-game events during
the sham condition, while they were more likely to blame themselves in
the AS condition.

6.5 Estimate of probability
As a last question within the survey in our experiment, participants were
asked to estimate how likely they were to succeed in reeling a fish up by
one lane based on the experience of a particular condition.

A Wilcoxon signed-rank test indicated no significant difference between
participants’ perceived control in regard to reeling a fish up by one lane, and
their estimate of probability (p = 0.0707). However, after looking at boxplots
seen in Figure 16 it can be deduced that generally, participants estimated

Figure 15: Boxplots showing the scores for blame attribu-
tion between the four conditions. Blame attribution to self
is coded with a "1", a lack of blame attribution is coded with
a "0" and blame attribution to the system is codedwith a "-1".

their probability of reeling up a fish slightly higher than how much they
felt in control.

6.6 Learning effect
Despite the precautions we took in order to eliminate any possible learning
effect amongst the participants, we decided to check for whether there
actually was one. This was done by looking at various ratings from the
participants based on how many times they had been exposed to the system.

A number of Friedman’s ANOVAs reported that there was no significant
learning effect when comparing scores of frustration, perceived control,
blame attribution and estimate of probability depending on howmany times
they have been exposed to the system. In fact, in the case of frustration,
even though the test was insignificant, after looking at box plots of the
data (which can be seen in Figure 17) it can be inferred that there seems
to be general decrease in terms of frustration, the later throughout the
experiment it was reported.
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Figure 16: Error bars showing normalised scores across all
of the conditions for both the estimate of probability and
perceived control in regard to reeling up a fish by one lane.

Figure 17: Box plots showing the scores for frustration de-
pending on the amount of times they have been exposed to
the system.

7 DISCUSSION
Looking at the results of our analysis, we can reject our alternative hy-
pothesis, as we did not find a significant effect of PAMs on participants’
frustration and perceived control with our system. However, our results
do indicate other implications for the implementation of PAMs in a brain
computer interface (BCI)-like system.

We can deduce from the analysis of both quantitative and qualitative data,
that participants preferred assisted success, scoring the lowest in frustration

and highest in perceived control, while sham input was the least preferred.
People tended to attribute their actions more to assisted success than sham
input, because the action and feedback happened to the user representation
in the former, but not in the latter. This is in line with research done by Fard
and Grosse-Wentrup [19], showing that people tend to rate their perceived
control higher when they attribute successes to themselves.

As seen in the results in Chapter 6, sham input was rated as the most
frustrating and inducing the lowest perceived control. It would be natural to
conclude that, as participants were more likely to reel the fish in when sham
inputwas applied, it would reduce frustration and increase perceived control,
as seen in previous studies [45, 50] as well as our own [38]. Interestingly, we
do not observe the same lowered frustration and increased perceived control
compared to the control condition when introducing sham input in this
study, as we did in our previous study. In our previous study, we observed
that increasing the amount of sham input provided decreased frustration
and increased perceived control, but this time, sham input was rated as
highly frustrating with low perceived control. This could be explained
by the hidden nature of sham input in the previous experiment and the
explicitness of sham input in this experiment. As people had no knowledge
of the presence of sham input in our previous experiment (unless they were
able to perceive it themselves), they would naturally attribute any kind of
input to themselves, thereby increasing their perceived control. Explicitly
showing them that sham input happened, breaks the illusion and seems to
be rather displeasing for the user.

In terms of attribution theory [17], it seems that changing the narrative
around the sham input caused participants to change it from an internal
attribution to an external attribution. Based on qualitative data, this seems
to be very tied to how we designed the narrative explanation for sham
input, i.e. having an outside agent perform the action instead of the user
representation. Based on this, it seems that our attempt to make the causal
chain (i.e. the input-output mapping) more apparent and increase the users’
judgement of agency [28] ended up negating any benefits the increase in
positive outcomes had in our previous experiment. This is in line with pre-
vious research showing that a higher level of awareness of PAMs can have
a negative effect on the player experience [5, 7, 17, 21], although all of these
studies applied PAMs in multi-player games and did not measure perceived
control or frustration (nor did they implement sham input specifically).
In this sense, sham input that is hidden and sham input with a narrative
explanation are seemingly so different that they should not be assumed to
have the same effect.

Some of the negative effects of this explicit, ’explanatory narrative’-sham
input could potentially have been mitigated by implementing it as a user-
employed PAM. Several participants expressed some frustration with the
fact that they did not know when the PAM would be employed, or why,
i.e. that they could not control it themselves. As stated in section 3.3.1,
we found only little literature comparing system- and user-employment,
although we do know from Rogers et al.’s [37] study that their participants
preferred user-employment for explicit, high awareness PAMs (although
just as previously, their study was concerned with a multi-player game, and
they did not measure frustration and perceived control). This implies that
the characteristics of PAMs are not only useful for contextualising them,
but also to modulate their effectiveness.

As seen in Figures 12 and 13, we found a significant negative relationship
between perceived control and frustration in the sham condition, both
overall and specifically when sham input was employed. Notably, we only
saw this for sham input, while we did not see this effect for the rest of the
conditions. Especially for PAM-specific frustration and perceived control,
we can see that assisted success barely has a slope, and the frustration level
is generally very low, despite that the ratings for perceived control vary from
low to high. This could indicate that perhaps the frustration participants
experienced in the sham input condition was not caused by them feeling less
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in control but by something different, such as the characteristics discussed
above.

Based on our results, we can see that sham input did not appear to have
the same effect on overall perceived control as it did on perceived control
specifically when PAM was applied, despite the presence of the PAM being
the only difference between conditions. The natural assumption would be
that the effect of the PAM would be seen on the overall scores as well.
The results, as they are, indicate that there is a difference in how people
experience PAMs, but that implementing them in a system in the same
manner and form as we did, does not have a significant effect on the overall
experience. One reason for this somewhat surprising result could be that,
because of the way we framed the experiment, participants were led to focus
mostly on the PAMs themselves, and put less thought into their answers
regarding the rest of the system. Another explanation could be that, while
this type of sham input had an effect on player experience in the moment
of it happening, it was not pervasive enough to have an effect on the rest of
the experiment, perhaps due to the small quantity of it.

We considered implementing false positives in the system, to make it
more similar to actual BCIs. We decided that this would possibly convolute
the experiences for the players, as the input-timing and then the execution of
a false positive could give different impressions of cause and effect between
different users, and take away trials for the more essential outcomes (for
the sake of keeping testing time low).

Based on the analysis of various scores per number of exposures to the
game, we found no learning effect, indicating that our experimental design
did not negatively affect our results. However, regardless of the lack of
significant statistical difference, the box plot of overall frustration rating
depending on how many exposures to the system the participant had had
(Figure 17), does seem to show a general negative trend. People seemed to
have a higher initial frustration playing the game, which is then increased
on the second exposure before decreasing over the last two. Our theory is
that people were surprised about the low recall rate in the game, which
initially increased their frustration on the second exposure, as they still
could not get the hang of it. Over the last two exposures, people realised that
the unreliable input method is just the nature of the game, either accepting
the difficulty of it or suspecting that the system was interfering. Under
different circumstances, we would not have had every participant play every
condition but would have designed a between-subjects experiment instead.
Whether it would be better to measure people in their initial state or after a
few exposures we do not know. The first exposure is the initial reaction, but
future users would presumably spend more time in the acceptance state,
meaning that measuring the effect after several exposures would perhaps
provide a better image of how the system would be perceived in a context
such as BCI rehabilitation.

We believe that our experiment offers an initial look into the nature of
various PAMs in a low recall system, as it revealed many aspects that should
be considered and studied further: is there a significant difference in hidden
and explicit PAMs of the same kind, does the narrative explanation of the
PAMmake a difference, are some PAMs more effective than others and does
it depend on context, what effect do the different characteristics have, and
so on.

As mentioned in Chapter 3, we also recognise that the input-output
mapping models introduced in this paper are not exhaustive, and that there
potentially are several instances where a mapping cannot be visualised
using the models. Nevertheless, we hope that the models can be used to
inspire more encompassing models in the future.

8 CONCLUSION
Our study showed that sham input did not cause the same increase in
perceived control and decrease in frustration as we saw in our previous
study [38], indicating that explicit sham input with a narrative explanation
is very different than sham input that is deliberately hidden from the user.

We also saw that assisted success, where the players’ successful input is
amplified, causes a larger positive effect on both perceived control and
frustration compared to sham input, which replaces the players’ failed input
with system-based successful input. Qualitative data points to this being
due to how players attributed the causes for the different effects, indicating
that players respond more positively to a PAM when they feel that their
input is part of why they performed better than expected.

We believe that this experiment was only the first step to understanding
how different designs of PAMs within unreliable systems can improve the
users’ experience and that there is much more research work to be done
within this domain.

8.1 Future works
Our experiment required the users to play the game four times, but only
within a short amount of time. Ideally, a more extensive experiment would
be carried out, since the context of our target group requires them to use
such system for prolonged amounts of time.

As much as we can theorise that it was the difference in explicitness that
caused the difference between results within this study and our previous
study, we believe that a more thorough exploration of the different PAM
characteristics could reveal even more interesting implications and design
suggestions for the future.

Moreover, we only tested three of the five PAMs we suggested within
this study - depending on the context of a system, different PAMs might
lend themselves better or worse, and therefore we believe that testing both
shared control and rule change might provide interesting results as well.
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