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Abstract: This paper analyzes the experience of first-person shooter (FPS) players when the game difficulty
is adjusted by personalizing their audio cue settings, considering the balance between player performance,
modeled using Gaussian Process Regression (GPR), and prior data serving as designer preference. In addition,
we investigate the reason why player experience changes according to in-game audio cues. Previous studies
have proposed various dynamic difficulty adjustment (DDA) methods for FPS games. However, few studies
have considered the role of audio cues in the player experience. This paper compares the player experience of
personalized enemy audio cue volume setting (GPR-DDA) and that of predetermined setting in an FPS game. Two
comprehensive experimental phases, involving 80 participants, are conducted to assess the efficacy of GPR-DDA.
The experience of our players is measured using questions taken from the Game User Experience Satisfaction Scale
(GUESS) questionnaire and a final survey asking their open-ended feedback. A large language model (LLM) is
used to analyze the natural language expressions of the players according to their native languages. To effectively
have an LLM assist a limited number of qualified human evaluators in the classification of player responses, we
develop an original procedure for this task. The GUESS results show that GPR-DDA can improve the player
experience, and, in addition, the high consistency in the classification results over multiple runs of the selected
LLM, as well as the similarity between its results and those of our human evaluators, reflect the reliability of the

proposed LLM-assisted procedure.

Keywords: first-person shooter; Gaussian progress regression; dynamic difficulty adjustment; audio cue

1. Introduction

Immersion and realism are crucial elements for games that aim to provide players with enjoy-
ment [1]. The achievement of immersion and realism requires the collaboration of various in-game
components, one of which is the integral audio system. Within the sound system of a game, in-game
audio cues play a fundamental and influential role. Audio cues are sounds that provide information
about the game state, such as the location, distance, and movement of enemies, allies, and objects [2].
Previous research has shown that they are effective in enhancing player abilities [2,3] and contribute to
a heightened sense of immersion during gameplay [4,5]. This is particularly noticeable in first-person
shooter (FPS) games, where audio cues are instrumental in helping players accurately identify potential
threats [2].

Audio perception in games is a controversial topic. In 2018, a study on audio perception in virtual
reality (VR) environments stated that the importance of user perception of audio in VR environments
is not as important as visual perception [6]. In contrast, some more recent studies have shown that
audio has very much importance in VR environments with reasonable design. For example, Eames [7]
pointed out that the design of audio in VR environments can deliberately guide the player’s attention to
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achieve a better narrative effect. Lucas et al. [8] designed a VR audio game with a free-motion interface
specifically for mobile phones, and their participants generally found the audio design of this game to
be an enjoyable and challenging activity. As well, another study showed that designing or listening to
music in the right environments can give users a better sense of immersion [9]. Considering to these
results we can see that audio design can have different effects even in the same environments, with
some presenting a positive effect of audio design, and others showing that audio is not particularly
helpful.

One can see that in the aforementioned studies where audio perception was considered important,
researchers tended to deliberately design the audio that corresponds to a certain purpose in order
to achieve it. Therefore, a well-designed audio system can give or guide the player in some way to
achieve a certain set of reasonable goals. In our previous study [10], we balanced player performance
modeled by Gaussian Process Regression (GPR) and our prior data, obtained from test players and
serving as designer preference, as our goal for setting the game difficulty.

In addition, it is worth noting that most of the studies on audio perception have pointed out that
a reasonable design of audio for different purposes can have a certain effect on the user, sometimes
positively, sometimes negatively. In a scoping review of audio in recent years [11], it was clearly stated
that the experience given to players by audio in recent studies is not necessarily positive. This also
means that in audio design, when we design an audio that achieves our goals, it cannot be taken for
granted that the audio will give the user a positive experience.

For our previous research [10], we successfully used GPR as the player modeling tool together
with the proposed goal recommendation algorithm to control the game difficulty through audio
cue volume setting. However, the question of whether such an audio cue design gives the player
a positive gaming experience has not been addressed. In the game domain, if the player’s game
experience is subpar, we cannot say that this approach is justified when applied to games in practice,
though our method is successful in controlling the difficulty. In addition, a previous study mentioned
that Dynamic Difficulty Adjustment (DDA) has high expectations but mixed results in enhancing
the player’s experience [12], while Almac also pointed out, "Different genres create different player
experiences in terms of audiovisual aesthetics." [13] Therefore, the study of audio perception in VR
games, as well as audio games or other game genres, may not be applicable to FPS games, so it is
important to study the player’s gaming experience with the algorithm proposed in our previous
research to control the difficulty of the game.

In summary, this paper primarily addresses the following research questions (RQs):

RQ 1: Can players have a positive gaming experience when a DDA mechanism is implemented through game
volume?

In this paper, we use questions taken from the Game User Experience Satisfaction Scale (GUESS)
questionnaire [14] to investigate in detail whether players will have a more positive gaming
experience with the DDA mechanism proposed in our previous study.

RQ 2: How does the game volume affect the player’s gaming experience?

To better understand and analyze the player experience, we ask players to share with us their
feelings and opinions in writing, using their native languages. We anticipate that these kinds of
open-ended responses may consist of multiple languages, which means it may be difficult to find
qualified human evaluators. Therefore, we use a state-of-the-art large language model (LLM)
to help us on the language analysis task. Although LLMs have proven powerful in analyzing
natural languages [15], they sometimes hallucinate [16]. We alleviate this issue by designing a
procedure that enables an LLM to reliably help few human evaluators classify player responses.

Our study makes three notable contributions. Firstly, we investigate whether DDA through
in-game audio cue volume setting—using the aforementioned goal recommendation algorithm and
the player performance modeled by GPR—can give the player a positive gaming experience. This
work reveals that in-game audio cue volume, if appropriately designed, can give the player a positive
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gaming experience. Secondly, we identify what affects the player’s gaming experience in the FPS
game in use, equipped with the aforementioned DDA mechanism. Finally, the proposed procedure for
having an LLM participate in the player-response classification task with only a few human evaluators
is effective and can be used as a reference for other applications.

2. Related Work

In this section, we examine recent relevant research on audio cues and FPS games. We also discuss
recent work on DDA and its impact on player experience. Finally, we explore research on LLMs,
specifically the use of ChatGPT in games. The review of these studies will serve as theoretical support
for this paper.

2.1. Audio Cues

When delving into the realm of audio cues, it is crucial to acknowledge their fundamental role
within the in-game audio system. The in-game audio system works in tandem with background music,
ambience, and sound effects [5,17]. Previous studies have supported the idea that in-game audio
cues can enhance the player’s gaming skills [4,8,18] and game immersion [7,19]. Some research has
emphasized the impact of in-game audio on players’ affective states [3,11,20], triggering positive or
negative changes in their performance and experience [11,21]. In addition, our previous work found a
correlation between the volume of enemy audio cues and player performance [10]. These findings
highlight the potential of audio cues to influence player performance and affective states. However,
there is a lack of studies analyzing the player experience in an FPS game with a DDA mechanism using
audio cues. Our work addresses this research gap.

2.2. FPS Game

FPS games have garnered significant scholarly attention, with many studies dedicated to improv-
ing the gaming experience through the use of various gaming devices, such as game controllers [22,23]
and virtual reality [22-24]. In a notable study by Holm et al. [25], a correlation was established between
players’ physiological data, such as heart rate and electrodermal activity, and their experience in FPS
games. These investigations highlight the current interest in seeking ways to enhance players’ gaming
experiences.

Previous research focused on the use of audio cues to improve the player’s FPS gaming abili-
ties [2]. Furthermore, in our previous work, we endeavored to develop a DDA algorithm to enhance
FPS gaming performance [10]. These studies demonstrated the roles of audio cues to FPS gaming
performance and gaming skills. However, both studies have primarily concentrated on technical
aspects while not considering the significance of user experience.

2.3. DDA

DDA is a pivotal game mechanism that has gained attention due to its potential to positively
impact various facets of the gaming experience. Previous research has shown that DDA can influence
player retention [26], confidence [27], overall experience [28-30], and gaming ability [31]. By adaptively
modulating the difficulty level, DDA facilitates the provision of a tailored experience that caters to
diverse player groups, aligning with their individual preferences. These research findings underscore
the importance of DDA in game design.

From a different perspective, DDA proves beneficial for players in various ways. Novice players
often prefer easier levels, as this fosters a smooth learning curve, whereas expert players tend to seek
more challenging gameplay [31]. It is important to note that players may sometimes underestimate the
intended difficulty level set by game designers [32]. Therefore, it is necessary to integrate diverse goals
into DDA algorithms, accounting for distinct player characteristics. To address this issue, our previous
work [10] proposed a new “goal" takes into account both designer preference and player performance,
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resulting in a more personalized and effective DDA. However, our previous study did not investigate
players’ gaming experiences.

2.4. LLMs

LLMs have had a wide range of applications in recent years, with strong capabilities in solving
various natural language processing tasks including question answering tasks, reading comprehension
tasks, translation tasks as well as language modeling, cloze, and completion tasks [33]. Recent studies
have also shown that using the right prompt, or the right prompt engineering technique, LLMs can
help researchers achieve many goals [34]. ChatGPT, in particular, showed its potential [35] and has
become a popular research target. For example, recent studies have used ChatGPT to categorize
audience comments for a live game [36], assist game design [37], or generate game commentaries [38].

Although these studies exemplify that using ChatGPT to analyze open-ended player responses is
effective, one should be aware of the possibility of hallucination in ChatGPT. In this paper, we provide
a procedure for using ChatGPT in collaboration with only a few human experts to reliably analyze
open-ended player responses. The provided procedure should give other researchers insights into
how to use ChatGPT and the like reliably.

3. Preliminary Study

When designing a level, designers will decide whether the current design is on the difficult or
easy side when difficulty setting is needed. However, it is important to understand that the player
population has very discrete gaming skills. This means that even if the game designer decides that
a certain value adjustment is easy, there are still players who think that it is difficult, and vice versa.
Hence, balancing both sides—designer preference and player performance—is challenging.

In our previous research [10], GPR models players at each game level by mapping their game
performance and audio cue volume. By choosing the enemy audio cue volume setting based on
the goal recommendation algorithm (Eqn. 1) in each round, DDA is realized, making our players
performance close to their recommended goals. In the following, this DDA mechanism will be referred
to as GPR-DDA.

7

Goal = w3(w1CBest + (1 - wl)CWorst> + (1 - w3)(w2TBest + (1 - w2>TWorst> (1)

In this equation, C represents the respective performance of the current player, and T represents the
respective performance of prior data derived beforehand for each game level objectively from test
players or subjectively from game designers; the subscripts Best and Worst respectively stand for their
best and worst performance among all levels, based on both the actual performance at each seen
level and the predicted performance by GPR for each unseen level; the subscripts wq, wp, and w3
are coefficients whose values range from 0 to 1. In this study, the term “goal” refers to the degree
of challenge in a game. This algorithm computes the goal by considering the performance of both
the player and prior data to avoid the game being overly easy, which can lead to player boredom, or
excessively challenging, which can lead to player frustration [26].

Previous studies have used many machine learning algorithms for modeling players in DDA
mechanisms, such as random forest [39], Monte Carlo tree search [40], and deep neural networks [41].
However, considering the response time in games, GPR, as a powerful and flexible non-parametric
regression technique, has been utilized in recent studies. For example, due to being fast and accurate,
GPR has been used to adapt game content [42] quickly and design games such as Flappy Bird and
Spring Ninja that maximize user engagement [43]. Therefore, GPR was selected to model players in
our previous study.

In summary, GPR-DDA bridges the gap in audio cue volume setting between the designer
preference and player performance and achieves this with a relatively fast response time.

However, as a mechanism applied in an FPS game, we need to understand whether GPR-DDA is
able to provide a positive overall gaming experience to the players. Therefore, analyzing the players’
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experience of the game is important for our previously proposed method. In this paper, we follow the
game design of our previous study, with a reasonable modification of the game map mentioned in
Section 4.2. In addition, we set up two phases in the experiment, which is consistent with our previous
study, to test whether GPR-DDA can provide a positive gaming experience.

4. Methodology

We divide our experiment into two distinct phases, each with its own unique group of players. In
the first phase, players will be randomly divided into two groups; one group will play multiple levels
with audio cues of increasing volume, and the other group vice versa. In contrast, in the second phase,
players play multiple levels, at each of which GPR-DDA performs the audio cue setting. Our decision
to have two unique groups of players for the two phases is based on the following reasons:

¢ First, we want to prevent players from having psychological expectations before the game.
Players with experience in the first phase may correctly guess the objective of our experiment.

They could adopt a learned playing strategy if asked to participate in the second phase.
¢ In addition, we need a set of prior data to compute the initial recommended level in the second

phase. For this purpose, we use the players’ performance from the first phase as our prior data.
As stated in the first reason, it would be inappropriate for our experiment to have the same
players participate in both phases.

During each round, we record player data at one-second intervals, each consisting of their in-
game coordinates, orientation, remaining health, and ammunition count. These data are essential for
facilitating subsequent data processing and analysis, enabling us to replay and analyze each player’s
trajectory. Figure 1 provides an overall workflow of our experiment.

Phase Two:

Phase One:

Participants
Randomly Arranged

[ Group A's Players J

P—

‘ Play Game With ‘
Audio Cue Setting A

l

[ Answer GUESS J

Clear
Game Five
ime

No

l

[ Group B's Players J

—

Playe Game With

Audio Cue Setting B

[ Answer GUESS J

Clear
Game Five
ime

Yes Yes No

Play Game With GPR-DDA
Audio Cue Setting

|

[ Answer GUESS J

Clear
Game Five

[ Answer Final Survey}

[ Answer Final SurveyJ

Figure 1. Experimental workflow.

Findings from the field of sports medicine and exercise science [44] suggested that an excessively
prolonged experimental procedure might lead to player fatigue, potentially resulting in haphazard
or arbitrary responses to a given questionnaire. Therefore, we limit the duration of our experiment
to less than an hour per participant. One round consists of playing a game level and answering a
questionnaire and takes about 8 to 10 minutes. Hence, it is reasonable for each player to participate
in five rounds (about 40 to 50 minutes) and a final survey asking for general information (about 10
minutes).
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4.1. Procedure

4.1.1. Phase One

In phase one, which serves as our baseline, players participated in an FPS game with a difficulty
curve that we set manually. We establish two distinct sets of manually implemented difficulty. In the
first set, called Group A, the enemy volume progresses from low to high, ranging from 50% to 100%,
across a total of five levels, with an equal increment, i.e., 0.5, 0.625, 0.75, 0.875, and 1. Conversely, the
second set, called Group B, involves a reverse progression in which the enemy volume decreases, i.e.,
0.5,0.375, 0.25, 0.125, and 0. The primary rationale for having two groups is based on the following
considerations:

¢ Firstly, due to our restriction on players participating in only five rounds of gameplay, it is
deemed impractical to have a linear progression from 0% to 100% across five levels with a
uniform increment. Such a dramatic variation in enemy volume between two consecutive levels
would likely hinder the understanding of our collected data.

¢ Secondly, dividing into two groups allows us to examine player experiences when encountering
scenarios where the enemy volume increases from low to high and the opposite. Although
this is not the primary focus of our experiment, it has the potential to uncover discrepancy in
player experiences under different volume trends. Therefore, this may yield additional insights,
enhancing the reliability of the audio cue volume design.

During phase one, players will be randomly assigned to one of the groups and will not be told
which group they will be assigned to in advance. Players are expected to discern changes in audio-cue
volume on their own. This approach is implemented to avoid creating any psychological expectations
in players prior to gameplay, as we consider that such expectations could compromise the reliability of
the experimental data.

4.1.2. Phase Two

In phase two, we use GPR-DDA to control the in-game audio cue volume. In our previous research,
the goal recommendation algorithm was introduced to derive the player’s target performance (Eqn. 1)
for the DDA mechanism, where w1, w,, and w3 were set to 0.5 [10]. In this work, we follow this recipe.

GPR-DDA recommends to the player a level with an audio cue volume setting at which the
player’s actual or predicted performance is closest to the goal [10]; however, if the player has already
played such a level, a random level will be chosen [10]. This mechanism not only ensures that the
player will not encounter the same level repeatedly but also expedites the discovery of the global
optimum of audio cue volume setting rather than local ones.

4.2. FPS Games

Our experimental game is an FPS that requires a player to eliminate enemies on the map within
a specific ammunition limit or locate the escape point, both while having limited health. This game
simulates a scenario in which the player must escape an area under heavy siege. They can choose to
either eliminate all enemies to complete the level or find the escape point, regardless of the number
of enemies they have eliminated. In this game, the player needs to listen attentively to the enemies’
audio cues to determine their positions for evasion or elimination. Figure 2 illustrates a typical scene
of gameplay in our game.
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In this study, we have retained the FPS game mechanisms and the opponent Al algorithm used in

Figure 2. Game Scene.

our previous work [10] (as detailed in Appendix-A), while introducing modifications to the game’s
map design. The original game featured five small maps, each measuring 500 units by 500 units
in size, in Unreal Engine. These maps were characterized by their simplicity, with a single linear
path for progression and the absence of multi-floor design. We consider that such a map design is
ill-suited for contemporary FPS games. In our previous study [10], the small map size should restrict
player exploration and lead to a lack of engagement, potentially impacting the accuracy of the player
experience assessment.

To address these concerns, we have developed a new game map with dimensions of 8000 units
by 8000 units in Unreal Engine. This map is composed of two floors (Figure 3), offering a significant
increase in size, being 512 times larger than each map in the previous work. Furthermore, to align the
map design more closely with commercial FPS games, we have incorporated principles and concepts
reminiscent of those found in commercially available games like Rainbow Six Siege'.

It is essential to note that in the design of our previous work [10], those five maps were crafted
to prevent players from easily memorizing map layouts, thereby safeguarding the accuracy of the
experiment. We endorse this perspective here. Consequently, in our newly designed larger map,
we have incorporated eight entirely distinct and randomized spawn points. In each game round,
the player is randomly assigned to one of these spawn points. We are aware that random allocation
might occasionally result in having the player respawned at the same point. However, this approach
aligns closely with the logic found in commercial games and complements our map design philosophy,
resembling key elements of commercially available games.

1 Tom Clancy’s Rainbow Six Siege, Ubisoft, 2015
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A. First Floor B. Second Floor

Figure 3. Game Map Design.

4.3. Participant Recruitment

In this paper, we target the predominant gaming demographic interested in FPS games. To ensure
a sufficient number of respondents for both phases, we recruited students from two different classes
at our university as the main participants for our experiment. Furthermore, in order to increase the
diversity of the respondents, we also conducted phase one by using Amazon Mechanical Turk (AMT).
In addition, we randomly distributed the experiment to volunteer members of the general public in
phase two, ensuring that these participants had not taken part in our phase one on AMT. Participation
in our experiment was voluntary, except for those from AMT who received a payment of 0.01 dollar,
in line with the minimum payment policy of the AMT platform. All participants in the experiment
gave their informed consent beforehand. In addition, all participants were different from our previous
study.

4.4. Questionnaire

At the end of each round, our participants were required to complete a modified GUESS question-
naire in their phase. This questionnaire is crucial for capturing the gaming experience aspects of each
round for every player, which allows us to construct individual experience curves over the course of
five rounds of gameplay. Furthermore, it will enable us to compute the average gaming experience
value within specific difficulty intervals, defined as audio cue volume ranges.

In Table 1, we present our GUESS questionnaire, which employs a seven-point Likert scale
scoring system (1 = Strongly Disagree, 7 = Strong Agree). It comprises 11 questions, including three
questions for detecting whether the participants are providing fraudulent responses. These three
questions incorporate two fraudulent respondent detection mechanisms and are not used in our
gaming experience analysis.

¢ The first question in the fraudulent respondent detection category in Table 1 uses a consistency
check. This means that each participant must consistently answer this question in all five rounds
of the game. Inconsistent responses to this question in the five questionnaires make all the
responses provided by the participant unreliable, and their data will be discarded.

® The second and third questions in the fraudulent respondent detection category in Table 1 use a
logical inconsistency check. We obtain these two questions by negating two selected questions
from the eight game experience questions. For each pair of original and negated questions, we
consider their responses reliable when their sum ranges between six and ten and those with a
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sum value outside of this range unreliable. If a participant gives unreliable responses for at least
one such pair in a given round, the participant’s response data for that round will be discarded.

Table 1. Modified GUESS Questionnaire.

Factor Item

Usability / Playability (Cronbach’s a — 0.84) I think it is easy to learn how to play the game.

I find the controls of the game to be straightforward.

Enjoyment (Cronbach’s « = 0.81) [ think the game is fun.

Play Engrossment (Cronbach’s « — 0.84) I feel detached from the outside world while playing the game.

I do not pay attention to events happening in the real world during the game.

Audio Aesthetics (Cronbach’s & — 0.88) I enjoy the sound effects in the game.

\
\
\
\
‘ I enjoy playing the game.
\
\
\
\

I feel the game’s audio (e.g., sound effects, music) enhances my gaming experience.

If you are female, please click button 2; if you are male, please click button 3;

Fraudulent respondent detection mechanisms if you do not fall into either of the above categories, please click button 4.

‘ I pay attention to events happening in the real world during the game.

‘ I do not think the game is fun.

It is worth noting that the order of the 11 questions in our GUESS questionnaire is randomized.
This randomization aims to enhance the assessment of potential fraudulent responses from players.
Following this data cleaning process, we obtain valid GUESS questionnaire responses for subsequent
statistical testing.

Additionally, our participants are required to complete a final survey at the end. Each will receive
a unique ID at the end of the game. This ID will be used in the final survey to identify fraudulent
respondents who, in this context, have not completed the game but the survey. One purpose of the
final survey is to gather some general information from them, including their age range, gender, and
proficiency in playing FPS games. General information will facilitate our data analysis by allowing us
to investigate potential biases related to age, gender, or skill in playing FPS games, ensuring that we can
discern whether certain findings are influenced by these factors. Concurrently, we also request players
to provide feedback on their experiences while playing our game and any suggestions through the
final survey. This feedback is intended to reveal additional aspects that may not have been adequately
captured by GUESS regarding issues arising from changes in the volume of the audio cues of the game
enemies.

5. Experiment

5.1. Participants and Their Responses

Players agreeing to participate in the experiment will be given anonymous access to our experi-
mental game. Their performance data will be uploaded to our database as they play, and at the end
of each round, they will be required to complete our GUESS questionnaire built into the game, the
answers of which will also be uploaded to our database. Internet access is required to play the game.

Our experiment consists of two phases. In both phases, the participants are entirely different.
A total of 80 people participated in the experiment as a player, with 40 in each phase. However,
some players completed part of the game, and some did not fill out the final survey. After counting,
with 40 players in phase one, we can identify 17 players with 70 GUESS responses from Group A, 16
players with 72 GUESS responses from Group B, and seven players who only completed their first
assigned level, with an enemy volume of 0.5, and our GUESS questionnaire at the end of the level.
For phase two, all 40 players are joined and we collected 136 GUESS responses. Regarding the final
survey, we received 38 responses in phase one and 34 responses in phase two. In addition, the final
survey revealed that our participants are from various backgrounds, i.e., 48 university students, 22
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non-students, and two users from AMT (62.5% male, 23.75% female, 1.25% others, 12.5% prefer not to
say or unknown; age ranged from 18 to 59); they come from six different countries: America, China,
Italy, Japan, Turkey, and Venezuela (listed in alphabetical order).

Table 2 presents the responses and provides detailed insights into the distribution characteristics
of the players in both phases. Based on the general information provided by the final survey, the
p-value of the Shapiro-Wilk test, (Phase One: 5.201 x 107%; Phase Two: 8.693 x 10_6) shows that the
player distributions in both phases with respect to the FPS ability do not follow a normal distribution.
We used 0 (unfamiliar), 1 (somewhat familiar), and 2 (very familiar) as the scale to represent their
FPS ability. As the respondents from the two phases involve different groups of people, we used the
Mann-Whitney U test to assess the significance in difference between the respondents from the two
phases. The p-value of the Mann-Whitney U test is 0.67, i.e., not statistically significant. This situation
demonstrates that, despite consisting of different individuals, their abilities are similar. Therefore,
comparing the GUESS values between phase one and phase two is dependable.

Table 2. Players’ general information for both phases.

FPS ability

Phase one Phase two

Mean value 1.18 1.24

Standard deviation 0.68 0.73
Shapiro-Wilk Test (p-value)' | 5.2 x 1076 8.7 x10°°

Statistical significance test of FPS ability
Phase one Phase two
Mann-Whitney U test (p-value)! ‘ 0.67

1 We use two-tailed testing, & = 0.05.

In addition, in phase one, 94.7% are aged 18 to 29, 2.6% are aged 30 to 39, and 2.6% are over 40.
In phase two, 90.9% are aged 18 to 29, 9.1% are aged 30 to 39, and none are over 40. Looking at the
FPS ability and the age distribution of the players in both phases, we can also assume that there is no
significant difference in the perception of audio in FPS games between players in both two phases.

After the data cleaning process, using the fraudulent respondent detection mechanisms for our
GUESS questionnaire described in 4.4, we were left with valid data. In phase one, we received 100
out of 142 valid GUESS questionnaire responses, each a set of answers, from 30 players; and in phase
two, we received 111 out of 136 such responses from 29 players. For the final survey, we identified
one duplicate response from phase one and five fraudulent respondents from phase two, which we
removed. Therefore, the final survey had 66 valid respondents (37 from phase one and 29 from phase
two). Our data are accessible on the supplementary page.”

5.2. Metrics for Questionnaire Data

To examine whether the difference in the GUESS values for the players in phase one and phase
two is statistically significant, we first calculate the average GUESS value—with the lowest score of 8
points and the highest of 56 points—for each player over all the rounds played by the player. After
that, we use the Shapiro-Wilk test to check for a normal distribution of the data. If the GUESS values of
players in both phases follow a normal distribution, we use the unpaired t-test; otherwise, we use the
Mann-Whitney U test. These tests are used to determine which phase offers a better gaming experience
for our participants.

In addition, we examine whether the GUESS value of each phase is statistically and significantly
different from the GUESS mid-value of 32. Depending on the results of the Shapiro-Wilk test for each

2 https:/ /github.com/Lxx007/ Anonymous
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phase’s GUESS value, we use either the one-sample t-test or the Wilcoxon signed-rank test. These tests
are used to examine whether the gaming experience of players in each phase significantly surpasses
the mid-value of 32.

5.3. Metrics for Open-Ended Player Responses

Our final survey results consist of both English and Chinese languages due to the diverse origins
of our participants, spanning six different countries, including non-English native speakers. As a
result, we task three suitable human evaluators who are proficient in both English and Chinese with
the analysis. With limited qualified human evaluators, we ask an LLM, ChatGPT, to help us with our
classification task, described below, for open-ended player responses. In previous research [36], an
endeavor was made to employ ChatGPT to classify bullet comment types in games, achieving success.
This shows that ChatGPT can be used for classification tasks. In addition, ChatGPT, as a powerful
LLM, has the ability on translation tasks and reading comprehension tasks, which can be used in
multilingual semantic analysis for our classification task. Therefore, ChatGPT and human evaluators
are employed to classify all player responses from the final survey. The objective of this analysis is to
uncover the reasons behind the objective results.

However, the same previous research also mentioned that both human evaluators and ChatGPT
will have inconsistent answers in some complex sentences. To mitigate this issue, as well as the effect
of hallucinations present in ChatGPT, we have designed the following procedure:

¢ For ChatGPT, we use it with an originally crafted prompt for classification, running it three
times for each classification instance. We consider a result of interest reliable if and only if it is
consistent across all the three runs; otherwise, it is deemed unreliable and labeled as 0.

¢ For our human evaluators, we compare their responses. For each classification instance, if they
all give the same answer, we consider the answer reliable; otherwise, it is deemed unreliable and
labeled as 0.

Afterward, we combine the results of ChatGPT and the human evaluators as follows:

¢ If the result from the human evaluators is labeled as 0 but that from ChatGPT is not, we select
ChatGPT’s result.

e If both results from ChatGPT and the human evaluators are labeled as 0, the result is categorized
as 0.

e Otherwise, we select the result from the human evaluators. In this case where both results from
ChatGPT and the human evaluators are not labeled as 0, we prioritise the response of the human
evaluators because we consider them to be more reliable than LLMs.

To gain clarity on our players’ feelings about the audio cue design in each phase, we categorize
all open-ended player responses from the final survey into three categories:

1. Not mentioned
2. The paragraph directly mentions audio cues in the game and complains about it
3. The paragraph directly mentions audio cues in the game and praises it

Prompt 1 shows the prompt. It is used by ChatGPT (via OpenAl API) and our human evaluators
to analyze the open-ended player responses, individually shown under @paragraphs. This ensures
that both ChatGPT and the human evaluators performed this classification task based on the same
instruction.

Prompt 1: Prompt for analyzing open-ended responses from the participants

Please classify the following @paragraphs into three categories based on their content related to audio cues in
the game. If the paragraph doesn’t clearly and directly express a positive or negative sentiment towards the
game’s audio cues, please choose A.
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If the paragraph clearly and directly expresses a negative sentiment towards the game’s audio cues, please

choose B.

If the paragraph clearly and directly expresses a positive sentiment towards the game’s audio cues, please
choose C.

If the text doesn’t mention audio cues, it means there are no complaints or compliments about audio cues.
Please avoid overinterpreting.

A: Not mentioned

B: The paragraph directly mentions audio cues in the game and complains about it

C: The paragraph directly mentions audio cues in the game and praises it

Please directly tell me the classification; there is no need to explain the reasons within.

@paragraphs

It was fun at first. However, FPS games sometimes make me sick. So it’s no longer comfortable to play.

6. Results and Discussions

6.1. Results and Discussions of Questionnaires Data

The average GUESS value for phase one, which consists of 100 responses, is 32.85. For phase two,
which has 111 responses, the average GUESS value is 38.58. The average GUESS value in phase two is
higher than that in phase one, indicating that, on average, the players in phase two prefer the level
recommendation mechanism. In addition to the average value, we statistically examined which phase
can provide players with a superior gaming experience. Table 3 shows that the average GUESS values
of the players in phase two follow a normal distribution, while those in phase one do not. Therefore,
we used a Mann-Whitney U test to assess the significance in difference of the GUESS result between
the two phases. The p-value of the Mann-Whitney U test shows a significant difference between phase
one and phase two, with the latter outperforming the former.

Table 3. Comparison of results between phase one and phase two, as well as each phase and the

midpoint.
GUESS
Phase one  Phase two
Mean value 32.85 38.58
Standard deviation 6.84 6.59
Shapiro-Wilk test p-value! 3.49 x 1073 0.69
Statistical significance test
Phase one vs Phase two  Phase one vs Midpoint Phase two vs Midpoint
Mann-Whitney U test p-value 1.24 x 1073 -- --
Wilcoxon signed-rank test p-value! -- 0.9 --
One sample t-test p-value! -- -- 1.3 x 107°

1 We use two-tailed testing, & = 0.05.

Moreover, we compared each group with the midpoint value of 32 for GUESS. The conducted
Wilcoxon signed-rank test reveals that the GUESS value for the players in phase one does not signifi-
cantly differ from the midpoint value. However, the average GUESS value for the players in phase
two significantly exceeds the midpoint value of 32, when tested using a one-sample t-test.

In summary, the average GUESS value in phase two was higher than that in phase one, indicating
that the players in phase two had a better gaming experience than those in phase one. In addition, it
was significantly higher than the mid-value of 32. Consequently, these results indicate that players
will have a better gaming experience in an FPS game with GPR-DDA.

Our results support the idea that GPR-DDA has the ability to give the player a better gaming
experience than the linearly changing enemy audio cue volume. These results answer our RQ 1: (Can
players have a positive gaming experience when a DDA mechanism is implemented through game volume?).
Therefore, when considering the goals of a DDA mechanism, balancing both designer preference
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and player performance is a better choice. As done in our previous research, three coefficients have
been introduced to allow designers to adjust the weights of DDA on designer preference and player
performance to fit their games. Our results support that players will have a positive gaming experience
when wy, wy, and w3 are set to 0.5. In addition, we posit that it will be difficult to generalize the
positive gaming experience to all players if the coefficients are set to extremes, e.g. wj is set to 0,
by which designer preference is only taken into account. In summary, setting all the coefficients to
0.5 is reasonable, but extreme weighting is not a good choice, while we highly recommend that the
coefficients be adjusted accordingly for each game project.

6.2. Results and Discussions of Open-Ended Player Responses

In our procedure outlined in 5.3, a given instance will be labeled as A, B, or C when multiple
human evaluators unanimously select a label of interest or when this does not happen but multiple
rounds of ChatGPT consistently select it.

This procedure ensures that only player feedback with such a label is considered in the following
analysis (Table 4), increasing the reliability of relevant findings. The consistency among the responses
from our three human evaluators is 81.25%, while that among the three rounds of responses from
ChatGPT is 90.28%. Furthermore, ChatGPT’s responses have shown a high similarity of 75% to those
of its human counterpart. These results demonstrate the potential of ChatGPT in providing consistent
and human-like answers. As a result, we recommend applying the procedure in 5.3 when using LLMs
such as ChatGPT to help on classification tasks when human evaluators fail to reach a consensus.

Table 4. Feedback on audio cue design in both phases.

Complaint Praise Not Mentioned Label 0
Phase One Phase Two Phase One Phase Two Phase One Phase Two Phase One Phase Two

Reasons for complaints on audio

Number of players ‘ 9 7 0 1 25 29 3 2
‘ Volume too high ~ Volume too low  Not realistic & Need improvement

4 2 3
2 -- 5

Number of players in phase one
Number of players in phase two

Table 4 shows the results of our analysis, which reveal interesting trends. During phase one, 9
out of 37 final survey respondents reported complaints, accounting for 24.32%. In phase two, 7 out
of 29 final survey respondents complained, which accounted for 24.13%, slightly less than in phase
one. However, during phase two, one player explicitly praised the in-game audio cue, which did not
occur during phase one. The results indicate that in phase two, players had fewer complaints about
the enemy audio cue design and expressed more positive feedback. We argue that this is a significant
factor in the overall improved player experience, according to the results from the modified GUESS
questionnaire, in phase two compared to phase one.

To answer our RQ 2 (How does the game volume affect the player’s gaming experience?) in detail,
we have taken the additional step of conducting a manual review of the primary reasons for player
complaints. Out of the nine complaining players in phase one, two players found the audio cue
volume too low, four players found it too high, and three players thought that the sound effects needed
improvement. In contrast, out of the seven complaining players in phase two, five requested more
realistic sound effects, particularly for footsteps, which is not the main focus of this study, while only
two players felt that the audio cue volume was too high.

As a result, we argue that having more varied complaints in a DDA setting tends to indicate the
DDA setting provides a worse gaming experience. Regarding feedback about unrealistic sound, only
one player in phase one specifically mentioned poor footstep simulation, limiting further discussion.
Finally, more complaints about loud audio cues in both phases imply that lower volumes might
enhance the gaming experience in FPS games.
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7. Conclusion

This paper explored whether GPR-DDA can enhance the gaming experience of players, and how
audio cue volume effects it. A comparison of the GUESS values of the players in phases one and two
revealed that GPR-DDA, used in phase two, significantly improves the player experience. Moreover,
based on player feedback from the final survey, we identified why the GPR-DDA is superior to the
baseline, used in phase one. Based on these findings, we draw the following conclusions.

Firstly, because the relationship between gaming experience and audio cue volume is highly
personalized, it is challenging to manually adjust the game audio cue volume for each player to achieve
not only the player’s performance near a given goal but also a better gaming experience. However,
our results suggest that choosing a lower volume of audio cues might give a better experience. More
importantly, GPR-DDA can improve players’ individual gaming experience in an FPS game.

Secondly, we extend findings from those in our previous work [10]. Our previous study suggested
that a moderate audio cue volume (around 0.5) leads to a higher player performance. In the current
study, our findings indicate that players prefer a lower audio cue volume, which results in a better
gaming experience. Therefore, we infer that using audio cue volume to control game difficulty does
not necessarily result in a better gaming experience for each individual, even if it improves their
performance. As a result, for an FPS game, we recommend initializing the audio cue volume at a low
value (less than 0.5) for players who prioritize gaming experience and around 0.5 for players who
prioritize their performance. In addition, the coefficients in Eqn. 1 should be adjusted accordingly for
GPR-DDA to improve both player performance and gaming experience.

Thirdly, our analysis of the players’ feedback from the final survey suggests that the degree of
variety in complaints can serve as a metric to evaluate player experience. Additionally, the proposed
procedure in 5.3 allows language models such as ChatGPT to reliably assist humans in performing
classification tasks for natural language analysis. Finally, since the game in use in this study aligns
the design philosophy and game mechanisms with those of commercial 3D FPS games, our study has
potential applications for such games on the market.

8. Limitation and Future Work

FPS games demand players to focus more on audio cues, which provide strategic information
to gameplay rather than merely serving as ambiance or decoration. This study acknowledges its
potential limitations beyond the FPS genre, such as role-playing, racing, or fighting games, where
the significance of audio cues might be less pronounced. In addition, our game is a 3D game, the
perception of audio in 3D and 2D games may be different. As a result, more detailed studies are
required for other game genres and 2D games.

Furthermore, this study focuses solely on controlling the volume of audio cues. However, audio
cues in gaming possess various characteristics, including reflection and attenuation. For research
requiring a detailed examination of audio cue properties, this study lays a robust groundwork for
implementing diverse alterations to audio cues.

Our future research will focus on extending this study to various game genres and 2D games to
emphasize the ongoing exploration of audio cue significance. This should contribute to the advance-
ment of audio cue studies, whether aimed at enhancing gaming enjoyment, educational significance,
or aiding visually impaired individuals.
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Abbreviations

The following abbreviations are used in this manuscript:

FPS First-Person Shooter

GPR Gaussian Process Regression

DDA Dynamic Difficulty Adjustment

GUESS Game User Experience Satisfaction Scale
LLM Large Language Model

VR Virtual Reality

RQ Research Question

Appendix A. Opponent Al Design

Below are eight rules to govern the Al logic of our enemy characters.

® They rely on their line of sight to detect the player’s presence.

¢ The player’s audio cue does not trigger their detection of the player, making the game more
user-friendly for less experienced players.

¢ They exhibit roaming behavior within the game arena, ensuring a unique experience for each
playthrough.

* When they spot the player or sustain damage from the player, they immediately initiate attacks.

o After engaging in combat, if the player moves out of their line of sight, they stop shooting and
adopt a slower pace to covertly track the player, hiding their audio cues. This design element
adds an intriguing dynamic to the game.

e If the player reenters their line of sight during the tracking phase, they launch an instant attack.

¢ If they fail to locate the player within 60 seconds, they will return to their roaming behavior.

¢ The volume of audio cues emitted by them follows the method described in this paper.

The implementation of these rules is expected to enhance the overall engagement and immersion of
players in our FPS game.
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