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Abstract—This paper examines the impact of AI-generated
versus human-written dialogue in a murder-mystery game on
player experience. We manipulated both the game dialogue type
(AI-generated vs. human-written dialogue) and the game type
description (AI-labelled vs human-written-labelled) to assess ef-
fects on overall player experience (PX), immersion, and perceived
autonomy. Results show that player expectations, modulated by
the game type description, had a greater impact on overall PX
than the actual game type. Players who thought that they played
a game with a human-written narrative reported more positive
overall PX, higher immersion and perceived autonomy regardless
of which version they actually played. However, interacting with
the AI-generated dialogue version led to higher perceived auton-
omy, suggesting that AI-driven dialogue can enhance perceived
freedom without necessarily improving the overall PX. These
findings show that player expectations, in response to game
descriptions, play a central role in the experiences of players. This
work contributes to understanding the influence of narratives and
the extent to which AI features increase player engagement.

Index Terms—placebo effect, artificial intelligence, AI, player
experience, PX, video games, role-playing games

I. INTRODUCTION

Designing for Player Experience (PX) is central to shaping
player engagement, satisfaction, and the overall success of a
game [1], [2]. One emerging technology that can transform
how PX is created is the use of large language models
(LLMs). While LLMs still face limitations [3], several studies
have explored their application in generating more dynamic
and realistic non-player characters (NPCs) [4], [5]. Instead
of relying on predefined dialogue trees, AI chatbots, such
as ChatGPT, can generate responses almost in real time,
considering the context of the conversation and the player’s
actions. Recent role-playing games (RPGs) like Baldur’s Gate
3 and Kingdom Come Deliverance 2 have reached remarkable
narrative scales, with over two million and 2.2 million words
of dialogue, respectively [6], [7]. In this context, LLMs offer
a promising opportunity to reduce scripting complexity while
preserving, and potentially enhancing, narrative depth and
player engagement.

Previous research found that merely making players believe
that they are playing an AI-enhanced game was enough to
increase their sense of immersion [8]. However, no previous
work has compared players’ perceptions of a game described
as using AI versus their experience with an actual AI-based
system in a story-driven video game, even if prior research has
emphasized the importance of narrative and game mechanics

in shaping meaningful player experiences [9]. We, therefore,
aim to explore the impact of AI-generated dialogue on PX and
investigate whether the mere perception of interacting with an
AI-enhanced system can produce a similar effect. Two versions
of the same game were developed, one AI-generated (AI) and
one hand-written (HW), with the latter being used as a baseline
system, as it largely reflects the standard practice as of today.
By comparing the expectations of players, in the following
called the description type of the game (DT), with the actual
version they are playing, the game type (GT), we aim to
provide insights into how players respond to the integration
of AI-generated dialogue in games, real or imagined.

Based on prior research [8], [10], [11] we formulated three
hypotheses:

• H1: Player Experience will be rated higher in the AI-
description (DT AI) condition.

• H2: The game type AI (GT AI) will have a higher
rated Player Experience than game type HW (GT HW),
regardless of description.

• H3 The AI-description condition (DT AI) will have a
higher rated Player Experience than the HW-description
condition (DT HW), in both game types.

Additionally, we analyse Immersion, Perceived Autonomy,
and Emotional Challenge – key factors for understanding the
gaming experience in this narrative-heavy game. These vari-
ables were selected for their relevance to player engagement
and their ability to capture distinct dimensions of the overall
experience [12], [9].

The findings of this study offer a different perspective from
some previous research [8], [11]. While player expectations,
influenced by the DT, clearly play a role in shaping gaming
experiences, our results suggest that it was not the expectation
of AI-enhanced content that contributed most to the player
experience; Participants who were told that they would be
playing the non-AI version reported a significantly higher
Player Experience, Immersion and Perceived Autonomy. Not
only did they have higher expectations in the game, but they
also found it more engaging. Interestingly, the game type AI
did not seem to have any significant positive effects outside
of Perceived Autonomy, indicating that AI-generated content
alone does not improve the gameplay experience.



II. RELATED WORK

This section explores the growing use of LLM-based chat-
bots in games and the influence of game descriptions on player
experience, positioning our contribution within this context.

A. LLM Chatbots in Games

In 2023, Nvidia released Avatar Cloud Engine (ACE),
tools for game development that enable customizable LLMs
for game narrative, live speech conversations and associated
animations [13]. Using generative AI, Inworld (https://inworld.
ai), an AI startup, offers customizable AI NPCs that dynami-
cally respond to player actions and can be easily integrated
into games. At the Game Developers Conference in 2024,
Ubisoft collaborated with Nvidia and Inworld to present their
so-called NEO NPC [5], which uses generative AI to create
realistic NPCs. The personalities and backstories of the NPCs
are written by a human writer, which then builds the basis for
realistic dialogue generated by an LLM.

However, the implementation of these AI-NPCs in actual
games has been relatively limited so far [14], [15], [16], [17].
The cost-benefit of employing LLMs in games still seems too
big of a deterrent; LLMs face severe limitations, including
struggles with contextual understanding [18], lack of common
sense[3], susceptibility to biases in training data [19] as well
as emotional intelligence [20]. Chatbots like ChatGPT often
generate responses that lack coherence or relevance when
faced with ambiguous queries, and their knowledge is limited
to their training data, leading to inaccuracies [3]. Specifically,
LLM hallucinations, a phenomenon when an LLM generates
semantically correct but factually incorrect output, pose a
significant challenge in the usage of LLMs [21]. For ex-
ample, reviews for the indie game Vaudeville (https://store.
steampowered.com/app/2240920/Vaudeville/), which builds on
an AI-driven narrative, revealed that while players appreciated
the higher degree of freedom and thus increased immersion
afforded by AI, the feedback mostly seemed to relate to
problems with the technology. NPC’s missing memory be-
tween interactions, LLM hallucinations as well as the missing
structure in these open-ended conversations appeared to be
the biggest issues for players [22]. Other experiments that
measured player responses to AI-generated narratives in com-
parison with human-written ones concluded that while current
LLM models were not far off, human-written dialogue was
still considered superior concerning logical consistency and
flow of the dialogue [23], [24]. Based on these findings, we
decided on the mixed approach used by Ubisoft’s NEO NPC
[5], combining a human-written overarching narrative with AI-
generated dialogue to create a realistic AI-NPC.

B. Influence of Descriptions in Player Experience

Player expectations can play a significant role in influenc-
ing player experience. Previous experiments show that these
expectations can also be deliberately guided to achieve the
desired result. For example, players felt significantly more
immersed when they believed a game used adaptive AI, even
though the feature did not exist [8]. This could possibly

be explained by higher engagement elicited by the active
search for adaptive elements or simply the firm belief in the
adaptive nature of the game [11]. Based on this previous work,
additional research revealed how varying levels of information
about adaptive technology influence player experience while
playing a game with or without this technology. Players felt
consistently more immersed and experienced more enjoyment
when adaptive technology was expected to be present in
the game, regardless of whether the technology was actually
present or not [11].

However, gameplay mechanics assumed or real, only make
up a part of the gameplay experience, particularly in story-
driven games. In these games, while both the narrative, as well
as mechanics need to be appealing, mechanics alone are less
likely to elicit meaningful experiences [9]. Based on related
work we wanted to investigate to what extent the narrative of
the game and the mechanic of dynamic AI-generated dialogue
impact the player experience. Specifically how this differs
between traditional and AI-generated character responses as
well as how expectations in these factors can influence PX.

III. METHODOLOGY

The goal of this study was to determine the effect of AI-
generated dialogue on player experience (PX) as well as to
explore if a player’s expectations towards a game can shape
this experience. Three hypotheses were chosen to investigate
whether the mere presumed perception of the AI feature would
increase player engagement and whether this held true for
both the actual AI- and the HW version. Further, it was
examined which of the actual game versions performed better,
irrespective of the game description the players received.

To test the hypotheses, two versions of the same murder-
mystery RPG were developed in Unity, to be tested in a
user study. One version of the game employed dialogue
generated by OpenAI’s GPT-4o (https://platform.openai.com/
docs/models#gpt-4o), the other used handwritten, pre-scripted
dialogue. The integration of GPT-4o in Unity was achieved
with the unofficial Unity package “OpenAI-Unity” (https://
github.com/srcnalt/OpenAI-Unity). The dialogues for the HW-
version were first written and connected to dialogue trees in
Twine (https://twinery.org). The resulting data was then parsed
into appropriate data structures for Unity.

Both versions used the same plot, the main difference lay
in the dialogue and its presentation within the game. This
choice was made as a compromise to accommodate the scope
of the master thesis this paper was based on. To achieve a
handwritten version of approximately the same quality as the
AI-Version, a significant amount of scripting would have been
necessary. On the other hand, using the choice selection system
of the HW-version for the AI-version would have would have
diminished the core appeal of AI-chatbots. A mixed-method
approach was chosen to gain further insight into what factors
mainly contributed to the observed results.

We conducted a 2x2 factorial between-subjects study with
two independent variables, “Game Type”, (GT) and “Descrip-
tion Type” (DT), at two levels, “AI” and “Hand-Written”



(HW). The GT describes the actual game version participants
played, meaning either with GPT-generated dialogue, GT AI,
or with hand-written dialogue, GT HW. The DT denotes the
game version the players were told that they would be playing
with DT AI and DT HW as levels. In GT AI the player can
ask any question they want in any way they want via free text
input, whereas in the GT HW the player is more restricted by
only being offered some responses to choose from.

Based on these experimental conditions, the participants
were randomly split into four independent groups. Half of the
participants played the AI version (GT AI), whereas the other
half played the hand-written version (GT HW). Half of each
of those groups were led to believe that they were playing
the opposite version of the one they were actually playing
(e.g., GT AI and DT HW; or GT HW and DT AI). For the
other half of the participants the GT and the DT matched.
While employing malevolent deception to entice people into
buying a game that does not ship as advertised could be
considered fraud, utilising this tactic to circumvent player
biases when researching the effects of game features on the
player experience, is within acceptable ethical standards [11].

Based on prior related research, we formulated three hy-
potheses on how the conditions influence the Overall Player
Experience and each of the related factors Immersion, Emo-
tional Challenge and Perceived Autonomy. H1 draws on the
findings of previous work, where it was demonstrated that
the mere presence of AI-enhanced content can significantly
increase player immersion [8]. H2 is informed by research
suggesting that AI-driven NPCs have the potential to enhance
the overall gameplay experience [10]. Finally, H3 again builds
on previous work, which showed that players can have an
increased gameplay experience when they expect an AI-
enhanced game, regardless of whether they are playing the
AI-enhanced version or not [11].

These three hypotheses were applied to four key variables,
Overall Player Experience, Immersion, Perceived Autonomy
and Emotional Challenge, each of which is critical to un-
derstanding the overall gaming experience for this particular
game. The variables were selected based on their relevance
to player engagement and their ability to capture different
dimensions of the gaming experience of a narrative-heavy
game [1][12][25][26][9]. In the following, the previously men-
tioned key variables Overall Player Experience, Immersion,
Perceived Autonomy and Emotional Challenge are symbolised
by the placeholder X.

• H1: The X will be rated higher in the AI-description (DT
AI) group.

• H2: The game type AI (GT AI) will have a higher rated X
than game type HW (GT HW), regardless of description.

• H3: The AI-description group (DT AI) will have a higher
rated X than the HW-description group (DT HW), in both
game types.

A. Participants

Fifty-two participants (21 women, 31 men) were recruited
via university mailing lists. The average age was 26.2

(sd=4.57), ranging from 18 to 42. 69% of the participants
regularly play video games. Among preferred game genres,
RPG was in the top three mentioned (15 participants). Only
four participants had played a game using AI for dialogue
before the study. The average play time was four days a week
(sd=2.11) for 2.8 hours a day (sd=1.46).

B. Game

The game was designed as a 2D murder mystery RPG set
in a small fictional village. The player takes on the role of
a detective sent to the village to investigate the murder of
a famous author. The objective of the game is to find the
murderer only through dialogue with the three neighbours of
the murder victim, one of which is the culprit. The player can
move freely on the small map that only contains the NPCs
and their respective houses.

Each of the NPCs was given a backstory including the
relationship to all the other NPCs, as well as to the murder
victim. The NPCs responses were either generated by GPT-4o
or scripted, depending on the version played.

Among the tools available to the player is their cell phone,
which can be used to call their boss to either receive a
maximum of two hints or to report the crime. Further, the
detective can make use of a notepad, which already contains
the name and age of the victim, the time and cause of death as
well as the location of the crime. Here the player can type in
their notes to keep track of the case. To prevent the player from
prematurely ending the game, certain hidden milestones were
added. The player only had the option to report the murderer
once all milestones had been reached.

The overarching narrative as well as the NPC’s backstories
were all human-written, without any input from AI. The
main difference between the two versions was in the dialogue
generation as well as the presentation of the dialogue within
the game. The GPT version used free text input, whereas in the
scripted version, players were presented with several responses
to choose from, a dialogue system commonly found in RPGs.

C. GPT-version

The GPT version employed a concept previously described
in related research [5] with a human-written story and an AI-
generated dialogue. The main mechanic was the free text input
feature, which allowed the players to ask any questions they
wanted to (see Figure 1). This was implemented by sending
one large initial prompt, containing the rule framework, to
the GPT-API at the beginning of each game. Using prompt-
engineering techniques recommended by OpenAI [27], the rule
framework contained a short introduction to the game design
and mechanics, followed by a short synopsis. Each NPC was
described with information about them, their backstory and
motives, their relationship to other NPCs as well as the murder
victim. In addition, a list of independent instructions was
added in the course of the development phase, which addressed
undesired responses of the model.Appended keywords or numbers at the end of user inputs
and API outputs were used to monitor triggered game events
and the dialogue partners of the player. For example, if the



Fig. 1: Screenshot illustrating the GPT-version prompt inter-
action available to players in the game.

player started a chat with NPC 1, the number ‘1’ would be
appended to the user input to inform the model which NPC it
should respond as.

D. Human-written version

The design of the dialogue in the HW version was based on
the choice selection system commonly found in RPGs. Players
could ask questions about what the NPCs were doing the night
of the murder, what they know about the other NPCs and their
relationship to the murder victim (see Figure 2). As this game
was meant to be more of a demo than a full-fledged game,
the choices were mostly kept to a maximum of two to avoid
overly complex dialogue trees.

Fig. 2: Screenshot illustrating the dialogue choices available
to players in the game.

However, to encourage exploration, some choices would
be invisible until the player learned information from another
NPC that would unlock them. Once a choice had been selected,
it would be greyed out the next time the user would click
through the dialogue.

E. Task

Participants were asked to play a murder mystery RPG
where they needed to engage in conversation with NPCs
to solve the mystery. They were free to explore the small
map and interact with the NPCs in any order. They were
given instruction on the objective of finding the murderer, and
informed of the tools available to them (cell phone, notepad).
The task was finished when the participant had entered a guess
for the identity of the murderer or 20 minutes had passed.

F. Procedure

Before the study commenced, participants provided in-
formed consent. They were told that the study aimed to
investigate the effects of GPT-generated dialogue in a game
and received a brief explanation of the two game versions.
However, they were not informed that they might be playing
a different version than the one described to them.

The experimenter told participants which game version
they would play, disclosing only their assigned description
type (DT). Participants then completed a questionnaire on
demographics, their gaming habits, and prior experience with
AI-driven dialogue in video games.

Next, they were reminded of the study’s purpose and their
assigned game version before answering questions about their
expectations towards the game using a revised version of the
iExpect scale [28].

Following this, participants received a brief explanation of
the game’s objective, controls and user interface. They were
then instructed that they had a maximum of 20 minutes to
play. If they had not finished by then, they were given one
final opportunity to guess the murderer before proceeding to
the main section of the questionnaire, which focused on their
overall player experience.

Finally, participants took part in a short semi-structured
interview to provide further insights into their experience.

G. Measures

To measure Overall PX, we used the miniPXI [29]. This
version was shown to a reliable measure of overall PX and
chosen over the regular PXI to reduce participant burden. The
inventory consists of 11 Likert scale questions, each represent-
ing a subscale of the original PXI, which is used to measure
an overall gaming experience. Due to the importance of this
variable for the study, we also included the “immersion”-
subscale of the full PXI to measure player Immersion.

To measure Perceived Autonomy we used two subscales,
Autonomy Satisfaction and Autonomy Frustration, from the
BANGS (Basic Needs in Games Scale) [30] – a psychometric
tool that measures satisfaction and frustration of basic psycho-
logical needs (including relatedness and competence, which
were not used in this study) in the context of gaming.

Lastly, for measuring Emotional Challenge we used one of
the subscales from the CORGIS (Challenge Originating from
Recent Gameplay Interaction Scale) [31] – a questionnaire
measuring perceived challenge in games. The emotional chal-
lenge subscale contains nine questions.

All of the questions the dependent variables were presented
on a 7-point Likert scale from 1=“Strongly Disagree” to
7=“Strongly Agree”.

H. Data Analysis

A two-way ANOVA was used for the 2x2 factorial de-
sign. To assess normality and homogeneity of variances,
the Shapiro-Wilk test and Levene’s test were performed on
the residuals. In one case, these assumptions were violated,



necessitating the use of the Mann-Whitney U test – a non-
parametric alternative for comparing two independent groups.

A one-way ANOVA tested the hypothesis H3: The descrip-
tion AI will have a higher X than description Scripted, in
both game types. As with the two-way ANOVA, normality and
homogeneity of variances were tested with the Shapiro-Wilk
and Levene’s tests. When normality assumption was violated,
a Kruskal-Wallis test with Dunn’s test for the post-hoc analysis
were used instead.

For statistically significant results in both two-way and one-
way ANOVA tests, Tukey HSD identified pairwise differences.
Spearman’s Rank correlation assessed the influence of expec-
tations from the revised iExpect scale.

Interviews were recorded and transcribed with the help of
Turboscribe (https://turboscribe.ai/). The transcribed data was
then analysed using content analysis.

IV. RESULTS

A. Influence on Overall Player Experience

Although the average player experience (PX) was scored
slightly higher in the GT AI group (AI: M=5.6, sd=0.56; HW:
M=5.4, sd=0.54), this difference was not significant. There
was no interaction effect between GT and DT.

The type of description had a statistically significant effect
on the Overall PX: (F(1,48)=6.79, p=.012). The Tukey HSD
post-hoc test indicated a significant difference in the means
of the DTs (p=.013) (as shown in Figure 3), with participants
interacting with the game in the DT HW condition having
more positive overall PX.

Fig. 3: Average overall PX for Description Types

The one-way ANOVA showed a significant influence of
the experimental conditions on Overall Player Experience:
(F(1,48)=3.64, p=.019). The Tukey HSD post-hoc test con-
firmed that Group 2 (GT AI, DT AI) had a significantly higher
influence than Group 1 (GT AI, DT HW) (p=.046). Further,
Group 2 also had a significantly higher influence than Group
3 (GT HW, DT AI) (p=.021) (see figure 4).
B. Influence on Immersion

The DTs also had a significant effect on Immersion
(F(1,48)=4.44, p=.040), while the GTs did not. There was no
interaction effect. The Tukey HSD post-hoc test on the DTs
showed that the difference between immersion ratings in the
HW and AI conditions was statistically significant (p=.038),

Fig. 4: Average group-wise Player Experience

where the human-written (HW) DT was perceived as more
immersive (see figure 5).

Fig. 5: Average Immersion for Description Types

None of the experimental conditions had a significant effect
on Immersion.

C. Influence on Perceived Autonomy

Perceived Autonomy was comprised of the sub-categories
Autonomy Satisfaction and Autonomy Frustration. As the
two-way ANOVA assumptions were violated for Autonomy
Satisfaction, the Mann-Whitney U test was performed on both
the GTs and DTs. There was a significant difference between
the two GTs (z=3.26, p=.001), with GT AI resulting in higher
Autonomy Satisfaction than the HW condition (see Figure 6).

Fig. 6: Average Autonomy Satisfaction for Game Types



The effect of DTs on Autonomy Satisfaction was also
significant: (z=-1.69, p=.009) with the DT HW having a more
positive effect this time than the AI condition (see Figure 7).

Fig. 7: Average Autonomy Satisfaction for Description Types

For the experimental condition, the Kruskal-Wallis test
showed a significant influence on Autonomy Satisfaction:
(H(3)=15.5, p=.001). The Dunn’s test revealed, that there was
a significant difference between Group 1 (GT AI, DT AI) and
3 (GT HW, DT AI) (p=.007), with Group 1 experiencing
higher Autonomy Satisfaction as can be seen in figure 8.
Further, Group 2 experienced significantly higher Autonomy
Satisfaction than Group 3 (p=.002).

Fig. 8: Group-wise means for Autonomy Satisfaction

The results for Autonomy Frustration were analogous to
those of Autonomy Satisfaction.

D. Influence of Expectations

Participants were asked to rate several statements of the
Anticipated Enjoyment subscale of the revised iExpect scale
[28] to gauge their expectations towards the game after being
assigned their description type (DT). The Spearman’s rank
correlation coefficient showed a moderate negative correlation
between Autonomy Frustration and expectations for the game
(ρs=-0.40, p=.045), with participants rating their expectation
for the game high (M=5.3, sd=0.84). For DT HW a near-
significant moderate positive correlation was observed between
participants’ expectations and Overall PX (ρs=0.36, p=.070),
which indicated that participants with higher expectations
tended to report better overall PXs.

E. Qualitative Results

Qualitative results were obtained from short, semi-structured
post-questionnaire interviews. While most of the data gathered
with this method was inconclusive, some important findings
could be extracted, which will be presented in the following.
The reported factors that contributed to immersion as well
as major factors that contributed to enjoyment indicated that
the narrative played a more deciding role for players of GT
HW (62%) than those of GT AI (27%). Participants in the
latter group felt the narrative and realistic NPC responses
contributed to their feeling of immersion in approximately
equal measure (31% and 23%, respectively). More participants
in GT HW (73%) and DT HW (77%) were motivated to
keep playing because they wanted to solve the riddle when
compared to their AI counterparts (GT AI: 62%, DT AI: 58%).
The rated difficulty deviated only by 0.1 points in a 3-point
Likert scale rating across all DTs and GTs (sd≤0.7). The
only noticeable difference between the groups with regards
to the reasoning behind this result was a higher number of
participants citing the lack of more clues or more definitive
clues in DT HW (27%) compared to DT AI (4%). Concerning
the influence on play-time, 35% of all the participants stated
that 20 minutes was not sufficient time to solve the riddle, 46%
of them said that they spent more time because they wanted
to be sure to report the right subject. 46% of the participants
in GT AI added that they would have liked to play longer, as
opposed to none in GT HW.

V. DISCUSSION

Our findings show that the description type (DT) HW group
reported significantly higher Overall PX, Immersion as well as
Perceived Autonomy compared to the DT AI group, suggesting
a strong influence of player expectations. The GT AI was
associated with significantly higher Autonomy Satisfaction and
lower Autonomy Frustration.

A. Overall Player Experience

Contrary to what was hypothesised in H1, Overall PX
was rated higher in the DT HW group, which meant that the
hypothesis for Overall PX could not be supported.

When comparing the average expectations between the DT
groups, participants with DT HW also had significantly higher
expectations than those with DT AI. The moderate positive
correlation between the participant’s expectations towards the
game and their Overall PX in the DT HW group was, however,
not significant. This meant that participants not only had a
more positive playing experience in the DT HW group but
also had correlating higher expectations once they were told
their description type, regardless of which version they ended
up playing. This is in contrast to the previous research, where
players reported higher immersion and enjoyment when they
expected adaptive AI technology to be present [11]. The
DT HW group in this study had higher expectations and
a more positive experience without the expectation of AI.
This suggests, that the placebo effect observed in previous
studies may not apply uniformly across all contexts of games.



Possible reasons for higher expectations in the DT HW group
include a preference for familiar game formats, the belief that
a human-written narrative would be of higher quality or simply
scepticism towards the use of AI.

The results of the qualitative analysis suggest that partic-
ipants in DT HW were more engaged because they were
actively searching for additional clues, which would be in
alignment with prior research which emphasised the impor-
tance of challenge to enable flow [9]. This is further supported
by the fewer number of participants in DT HW struggling with
the time constraint and stating that they would have preferred
to play longer.

Contrary to expectations of H2 the GT AI group did not ex-
perience significantly higher PX. The qualitative data suggests
that the free text input feature might not have had as strong
of an impact on the player experience as expected. Moreover,
participants may have perceived the level of autonomy as more
overwhelming than desired, which could have diminished their
enjoyment due to the lack of guidance. These findings portray
a somewhat more positive outlook than previous work that
showed that while the technology showed potential, it was
not yet comparable to human-written narrative [32], [33].
However, for Overall PX H2 was also not supported.

H3 could not be supported as well. The combination of DT
AI and GT AI (Group 1) and DT AI and GT HW (Group 3)
had a significantly lower average than Group 2 (GT AI, DT
HW). These findings further support the possible explanation
for why H1 was not supported.

B. Immersion

Participants reported on average a high level of immersion,
however, only those in the DT HW group experienced signifi-
cantly higher Immersion compared to DT AI (p<.001). These
findings again contradict the original expectations, therefore,
H1 for Immersion is rejected. As mentioned in the previous
section, an increased feeling of immersion could be attributed
to the slightly higher rated difficulty and the possibly resulting
engagement in the DT HW group, which could have enabled
flow [9], which in turn is related to immersion [34]. Previous
research offered two explanations for the increased immersion
in their studies. The first one was that the search for adaptive
elements caused increased engagement and, therefore, immer-
sion. The second was that the players’ belief in the supposed
AI-technology was enough to cause an increase in immersion.
The findings of this paper provide further evidence that while
the belief in a certain game feature might be enough to elicit
immersion, the differentiating factor appears to be the system
in question. As with Overall PX, only a small disparity in
Immersion could be observed between GT AI and HW, causing
H2 to be rejected for Immersion as well. Again, most likely
the free text input feature of the GT AI version had less of an
impact on Immersion than the narrative. H3 is rejected as well,
as none of the experimental conditions influenced Immersion
in a significant way.

C. Perceived Autonomy

Participants in GT AI and DT HW experienced both signif-
icantly higher Autonomy Satisfaction and significantly lower
Autonomy Frustration than their respective counterparts. The
qualitative results did not provide any insights as to why
DT HW influenced Perceived Autonomy at this level. The
most likely assumption is that participants, not expecting AI,
but then playing a game with high autonomy, would rate
Perceived Autonomy higher than participants who expected a
high autonomy in the first place. This leads to the rejection
of H1 for Perceived Autonomy. However, in alignment with
the expectations of H2, GT AI rated Perceived Autonomy
significantly higher than GT HW, therefore, the hypothesis
holds. Lastly, H3 is rejected, Group 1 (GT AI, DT AI)
could not be observed to have a significantly higher Perceived
Autonomy than Group 2 (GT AI, DT HW). In fact, Group 3
(GT HW, DT AI) experienced significantly lower autonomy,
which was again, probably due to the unmet expectations for
autonomy.

D. Limitations

To obtain a higher reliability of the findings, further re-
search with a higher sample size should be considered. Future
research could add additional pre-game questions pertaining
to a possible bias towards AI or their thoughts on the use
of AI in games. It might also be of interest to learn whether
participants have used ChatGPT previously and are possibly
more skilled in writing high-quality prompts. Additionally,
questions could be asked about the value participants place on
high-quality dialogue in games. The pre-game questionnaire
should also include questions about the expected autonomy, to
enable a comparison with the perceived autonomy and identify
any discrepancies. In general, a more detailed examination
of the participants’ expectations could greatly improve the
understanding of DT results. Further, more clarifying questions
in the post-game interview might shed more light on the
unexpected non-significant results for GT AI in Overall PX
and Immersion.

VI. CONCLUSION

This paper highlights the strong influence of player expecta-
tions on gaming experiences. It suggests that in story-focused
games, human-written narratives may shape expectations more
strongly than the promise of dynamic AI features. Future work
should explore potential biases towards the quality of human-
written content or scepticism of AI-generated narratives to
validate these findings. Additionally, it should be investigated
whether these findings generalise to other game genres.

The results further indicate that the narrative, as well as the
difficulty level, could be the main factors for immersion in
these types of games. While the higher level of autonomy
in the AI version led to an increase in player experience,
future research needs to investigate the evolving role of AI
in gaming. Designers should carefully evaluate whether AI-
driven features align with the game’s goals and add meaningful



value to the gameplay experience. Understanding how ex-
pectations influence player experience could provide insights
for integrating AI in ways that resonate with players. This
way, game designers can ensure that AI enhances, rather than
detracts from, the overall gaming experience.
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