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Abstract

The swift growth of artificial intelligence has led
to the development of large language models, rev-
olutionising various scientific domains and profes-
sional fields. This research explores collaborative,
cooperative, and competitive game designs, that en-
hance knowledge elicitation using LLMs in games
with a purpose. Through a systematic literature
review using the PRISMA workflow, we identify
that collaborative and cooperative game designs are
more effective for knowledge elicitation than com-
petitive designs. We also address the potential and
limitations of incorporating LLMs into GWAPs,
such as their use as Non-Player Characters to cre-
ate engaging interactions. This study provides de-
sign principles for GWAPs leveraging LLMs, of-
fering insights for researchers and developers, and
discusses ethical considerations and future research
directions.

1 Introduction

The rapid advancements in artificial intelligence have led to
the development of Large Language Models, significantly
impacting various scientific and professional fields. A
notable application of LLMs is their integration into games
with a purpose, which are designed to facilitate knowledge
elicitation. This category of games is particularly effective
in solving large-scale computational problems requiring
human involvement, without compensating the players’
enjoyment [1]. This research aims to explore the game
design paradigms for games with a purpose, which enhance
knowledge elicitation using LLMs.

For the GWAP to successfully help solve the underlying
computational problem, the game needs to be engaging
and entertaining for humans, so the largest amount of data
possible is gathered [1]. Therefore, we consider three of
the most common game designs (collaborative, cooperative
and competitive) and their applicability to GWAPs, seeking
the best practices that increase the chances of the game
eliciting large volumes of knowledge successfully. Next,
we investigate how LLMs can be integrated into GWAPs to
increase the collected data’s volume further. The dynamic
text generation capabilities of LLMs can be leveraged to
create more engaging games, while their ability to participate
in gameplay can enhance knowledge elicitation methods [2;
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To assist in conducting a literature survey with the research
question “What collaborative, cooperative, and competitive
designs can be used for knowledge elicitation using LLMs?”,
we have formulated the following sub-questions:

* What are the benefits of each game design (collabo-
rative, cooperative, competitive)? - Understanding the
benefits of different game designs helps identify which
design is most effective for knowledge elicitation.

* How can LLMs be incorporated into games? - Explor-
ing the integration of LLMs in games generally, provides
valuable insights into implementing them in GWAPs.

* What impacts the efficiency of knowledge elicitation? -
Investigating factors that affect the efficiency of knowl-
edge elicitation ensures that the chosen game design is
optimal for knowledge elicitation.

By addressing these sub-questions, we can help develop
effective game designs for knowledge elicitation using
LLMs, aligning with the primary research question. Answers
to the sub-questions are provided in Findings section.

Finally, this paper summarizes all of the necessary infor-
mation and provides a concise description of the design
principles useful for the creation of GWAPs for knowledge
elicitation using LLMs. It discusses how these models can be
adapted to fit the interactive nature of games. Additionally, it
addresses the ethical considerations of using human-centric
games for data collection. By investigating these areas, the
study aims to contribute to any domain that utilizes knowl-
edge collection tools. It intends to assist the researchers
by helping in the creation of games, that in turn help other
fields solve problems that are computationally expensive or
exclusively solvable by humans.

2 Methodology

To identify the relevant literature, the PRISMA workflow was
applied [4]. Tt introduces three key stages of the process:
identification - searching for relevant studies across various
sources; screening - evaluating the initial list of studies to
remove irrelevant records; inclusion - thoroughly reviewing
remaining studies to confirm their quality and including them
in the systematic review.
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Figure 1: Applied PRISMA flow diagram



We utilized the Google Scholar and Web of Science schol-
arly databases [5; 6] and identified 2416 records. The search
queries used were:

¢ (knowledge OR information) AND
(elicitation OR extraction) AND (1lm*
OR large language model* OR bert* OR
transformer*) AND -graph*

¢ (knowledge OR information) AND
(elicitation OR extraction) AND (survey
OR review)

¢ (knowledge OR information) AND
(elicitation OR extraction) AND efficiency

¢ (11m* OR large language model* OR bert* OR
transformer*) AND (game* with a purpose OR
serious game*)

¢ (collaborative OR cooperative OR
competitive) AND (game* design OR game*
category)

We screened the most relevant literature identified
through these search queries, assessed 36 reports as
eligible, and referenced 33 of them throughout the pa-
per. Queries more specific to the research topic, like
(knowledge OR information) AND (elicitation OR
extraction) AND (1lm* OR large language model*
OR bert* OR transformer*) AND (collaborative
OR cooperative OR competitive) AND (game*
design OR game* category) were also used, however,
they yielded no results or the returned results were com-
pletely irrelevant.

The application of the PRISMA workflow, shown in Fig-
ure 1, ensured a systematic approach to identifying and
selecting relevant literature. By using compound search
queries, tailored to capture a wide range of studies re-
lated to knowledge elicitation, large language models, and
game design we ensured the inclusivity of the selected papers.

3 Background

In this section, we provide a concise overview of Games With
A Purpose, the concept of knowledge elicitation, different
game designs, and the specific terminology used throughout
this paper. We review related work that illustrates the
practical applications and effectiveness of these approaches,
highlighting the necessity for our research.

3.1 Games With A Purpose

Games with a purpose are a genre of games designed
primarily to “collectively solve large-scale computational
problems” as first described by Von Ahn [1]. The term arose
from the observation that the massive amount of time and
energy spent on playing video games by humanity, could
be turned into a form of distributed human computation.
GWAPs introduce a gamification element that frames tasks
more as games than problems, increasing players’ motivation

and making the challenges presented more engaging [7].
This approach focuses on players not being aware of their
contribution to the bigger problem. Examples include image
labelling, web search improvement, and language translation

[1].

In the context of this research, GWAPs offer a framework
where players’ interactions can be utilized for knowledge
elicitation. By incorporating GWAP principles into the
design of knowledge elicitation tasks, these activities can be
transformed into enjoyable and engaging experiences that
leverage the collective efforts of the participants.

3.2 Knowledge Elicitation

Knowledge elicitation is defined as the process of extracting
knowledge from individuals, to make it explicit and usable in
various applications, including artificial intelligence, expert
systems, and decision support systems [8]. This process
covers a range of techniques such as observations, interviews,
and task analysis [9]. A significant challenge in knowledge
elicitation is the tacit nature of expert knowledge, where
experts may not be aware of the knowledge they hold or may
find it difficult to articulate [10].

Another technique for knowledge elicitation involves the use
of GWAPs and this research aims to address this approach
by exploring how different designs can effectively capture
expert knowledge.

3.3 Game Designs

Game theory categories consist of collaborative, cooperative,
and competitive [11]. Each of these designs promotes distinct
types of player interactions and experiences.

Collaborative

A distinctive feature of collaborative game design is its focus
on team structure. In this setup, players share a unified goal,
with success determined by the team’s collective performance
rather than individual achievements [11]. Additionally, role
differentiation within the team is the primary characteristic.
Players typically have varying abilities or responsibilities,
ensuring that each member’s unique contribution is crucial
to the team’s collective success [12]. The complementary
nature of roles within these games encourages collaboration
by requiring players to share knowledge among themselves.

Cooperative

Cooperative games are often mistaken for collaborative
games, as the two terms are sometimes used interchange-
ably. However, the main distinction lies in the fact that “a
cooperative game does not always guarantee that cooperating
players will benefit equally or even benefit at all” [11]. This
means, that while cooperation is required to achieve common
goals, the rewards and benefits may not be distributed evenly
among the players. Cooperation is encouraged by making
the collective goal, which can only be achieved through



teamwork, more attractive than individual objectives. The
simplest form of such a game is illustrated by the Prisoner’s
Dilemma [13], where the shared goal is significantly more
appealing than the individual ones.

Competitive

Competitive games are fundamentally different from the
previous two types. They involve direct competition between
players, with the primary objective being to outperform or
outlast opponents, and feature Player vs Player dynamics,
as well as ranking systems to track individual performance
[14]. Unlike collaborative and cooperative games, com-
petitive games often create a zero-sum environment where
one player’s or team’s gain equates to another player’s or
team’s loss [15]. The appeal of competitive games keeps
players engaged as they strive to improve and ascend the
leaderboards [16].

3.4 Related Work

Our work contributes to the growing field of human compu-
tation and knowledge elicitation through the usage of LLMs
and gamification. No literature surveys have been identified
that align with these goals. However, several papers do
exist that detail the implementation of GWAPs in different
domains.

One example is a game called “FindItOut” [17], which elicits
diverse types of knowledge from players through a “Guess
Who?” inspired game. It effectively generates valuable
knowledge for AI tasks and captures tacit knowledge,
enhancing Al systems with the information extracted.

A more direct approach was used at the University of Oulu in
Finland in an experiment to elicit requirements for software
development [18]. This experiment involved using games
to gather requirements from stakeholders. Participants,
including students from 14 nationalities, were divided into
teams and engaged in game-based elicitation sessions, which
proved effective in improving the quantity and quality of
requirements. The use of serious games facilitated better
communication and collaboration, particularly among less-
experienced participants, highlighting the potential of this
method in future software projects.

The absence of literature surveys on enhancing knowledge
elicitation from GWAPs using LLMs motivates the need
for our research. While the aforementioned implemen-
tations make effective use of GWAPs, they lack a clear
rationale for the chosen game design concerning the type of
knowledge being elicited. Additionally, they do not incor-
porate Large Language Models, which could significantly
improve the quality and quantity of the extracted information.

4 Findings

In this section, we present the main findings that address the
research questions outlined in the Introduction. We examine

the benefits of the three main game designs, explore ways of
incorporating Large Language Models into GWAPs, and an-
alyze the factors that impact the efficacy of knowledge elici-
tation.

4.1 Benefits of Different Game Design Approaches

The design choice is crucial for game development, therefore
in this section, we explore the benefits of various game de-
sign strategies. Each approach - collaborative, cooperative,
or competitive, offers unique advantages that enhance player
experience and development.

Collaborative

As stated in the Game Designs section, collaborative game
design emphasizes teamwork. According to Zagal et al. [11],
this design encourages players to improve their communica-
tion skills and collective problem-solving abilities. They note
that players’ focus shifts towards group success rather than
individual achievements, which tends to be more satisfying
and enjoyable. Additionally, collaborative games can foster
a sense of responsibility and selflessness among players.
However, the team structure, with its emphasis on group re-
sponsibility for success, can sometimes lead to issues where
one player dominates decision-making. Hamalainen et al.
[12] highlight the importance of clear role division in collab-
orative games, noting that a lack of defined roles can result in
one player assuming the responsibilities of all team members.

Cooperative

Cooperative and collaborative designs share similar benefits
when chosen for game development. Cooperative games
promote enjoyment by encouraging players to assist one an-
other in achieving goals that are difficult to solve individually
[19]. This cooperative element has been shown to enhance
players’ sense of accomplishment, engagement, and overall
enjoyment [20].

Hinitz et al. [21] conducted a study suggesting that coop-
erative games effectively enhance cooperative behaviours,
including sharing, assisting, and working together towards a
common goal. The study also found that such games led to
an increase in positive social behaviours and a decrease in
aggression among young children. These findings underscore
the potential of cooperative games to make use of a more
supportive and less competitive environment, which can be
particularly beneficial in GWAPs aimed at more sensitive
players.

Another example of the positive impact of cooperative
games is demonstrated by Morschheuser et al. [22]. Through
features such as communication tools, shared objectives,
and complementary abilities, players are encouraged to
discuss strategies, help each other, and build relationships.
These interactions can positively impact players’ social lives
outside of the game. The potential for transferring in-game
cooperative skills to real-life suggests further applications of
GWAPs in experimental studies involving players.



Competitive

Competitive games offer numerous benefits that differ
significantly from those provided by other game designs.
The competitive aspect greatly increases the motivation
of participants, which in turn positively impacts players’
performance and dedication to the game [23]. The motivation
in competitive games is closely tied to point-based systems
and leaderboards, which rely on comparisons to other players
[16]. Unfortunately, comparisons can have both positive and
negative impacts. Zuo [24] demonstrated that individuals
who compare themselves to others, particularly those they
perceive as better off, may experience lower self-esteem,
mental health issues, and dissatisfaction with their attributes.

In addition to boosting motivation, competitive design
significantly enhances player engagement [23]. The thrill
of competition and the desire to outperform others pushes
players to invest more time and effort into the game. This
increased engagement not only improves players’ skills and
performance but also integrates them into the game’s com-
munity, creating a sense of belonging [25]. This increased
level of involvement can lead to a more enjoyable gaming
experience.

Apart from game categories, other factors influence player
experience, a crucial aspect of GWAPs. Grudpan et al. [19]
introduce the term game premise “which is the story behind
the game is one of the dramatic elements and impacts the
engagement of players”. The authors reported on a study
examining the influence of game premise on player experi-
ence in cooperative games. They concluded that choosing
a negative premise increases the sense of achievement and
excitement. Additionally, the negative premise led to a higher
number of cooperative actions, such as knowledge sharing,
indicating more active engagement in cooperative tasks.

There are also general pitfalls that can affect all game
designs. If the game’s outcome is not appealing and satis-
factory, players may become disengaged and lose interest
quickly [11]. Similarly, if the challenges presented through-
out the gameplay are repetitive, predictable, or too easy,
players may become bored and uninterested in continuing
the playthrough.

4.2 Incorporating LLLMs in Games

Large Language Models have numerous applications in
various fields, in this section however we will focus solely
on ways of incorporating them in games. Based on these
examples, their application could be translated to GWAPs as
well.

Rational players

Fan et al. [26] conducted an experiment analyzing the
rationality of three OpenAl LLMs across three different
games [27]. The LLMs participated in the Dictator Game to
test the ability to build desires, Rock-Paper-Scissors to assess

the ability to refine beliefs, and the Ring-Network Game to
evaluate the ability to take optimal actions.

From the first game, the authors concluded that LLMs are ca-
pable of forming desires based on common preferences (such
as equality) but struggle with uncommon preferences (like
altruism). This suggests that LLMs have difficulty applying
exceptional behaviour, potentially due to a lack of training
data. In Rock-Paper-Scissors, LLMs performed well with
familiar patterns but failed to adapt to new ones, likely also
due to limitations in the training data. In the Ring-Network
Game, the authors found that LLMs struggled to replicate the
decision-making processes and actions typical of humans in
game scenarios. As a result, they emphasized the necessity
“to decouple human behaviour from LLMs in game theory”
[26]. The authors also identified a research gap that needs
to be addressed before proper incorporation of LLMs as
rational players.

LLM-powered environments

Adekanye et al. [28] explore an innovative application
of Large Language Models in generating synthetic envi-
ronments for self-driving car scenarios. Their approach
involves using LLMs to dynamically create realistic driving
scenes within game engines like Unity and Unreal [29;
30]. The primary objective is to enhance the testing and
development of autonomous vehicles by providing them with
diverse and complex environments that reflect real-world
driving conditions.

The methodology includes: generating driving scenarios
based on user input or automatically, extracting configuration
parameters for game engine setup, dynamically configuring
game engines to replicate the scenarios, involving users in
the simulation for interactive feedback, and integrating these
synthetic environments into autonomous systems for training
[28]. This research underscores the potential of Large
Language Models in creating testing grounds for self-driving
technology. This application implies LLMs’ potential in
generating realistic and challenging game environments,
representing a significant advancement in the field. Such en-
vironments could be adapted for various gaming applications,
providing a rich and dynamic user experience. This research
is still ongoing and requires more time and investigation to
become fully validated and practically applicable.

Non-player character

Cox et al. [2] conducted a comprehensive analysis of
player feedback on the use of Large Language Models to
generate dialogue for Non-Player Characters in the video
game ‘“Vaudeville”. The incorporation of LLMs allows
NPCs to engage in open-ended, dynamic conversations
with players, enhancing immersion and realism. Players
reported enjoying the ability to converse freely with NPCs,
making the characters feel more lifelike and improving the
game’s replayability, as each interaction was unique and each
playthrough felt original.



However, several challenges were identified. One major
issue is the occurrence of LLM hallucinations, where NPCs
provide inconsistent or incorrect information. This has led to
player confusion, especially when the hallucinations involved
critical game details, breaking immersion by introducing
wrong or inappropriate elements. Another issue is the lack
of memory between interactions, which requires players to
repeat information, diminishing the immersive experience.

Cox et al. [2] provided several guidelines for integrating
LLMs into games as NPCs. Developers must ensure that
crucial details remain consistent throughout interactions to
avoid player confusion. NPCs should have an incorporated
memory to remember previous interactions. The evasiveness
of NPC’s answers must be well-balanced. To improve
accessibility, both text and voice inputs should be supported.
Additionally, NPCs should have conversational freedom
to engage in a wide range of topics, not just game-related
ones. By following these insights, developers can maximize
player experience and immersion, creating more engaging
NPC interactions that leverage the full potential of LLM
technology in games.

4.3 Knowledge Elicitation Efficiency Factors

In 1990, Burton et al. [31] published an article evaluating the
efficacy of various knowledge elicitation techniques through
a series of experiments. The main results indicated that
the choice of knowledge elicitation technique significantly
influences its efficiency. The authors found that protocol
analysis was the least efficient among the techniques tested,
due to its time complexity and lower information yield.
Laddering and card sorting, labelled as contrived techniques,
exhibited better performance by taking less time and pro-
viding more comprehensive data. Additionally, the study
revealed that different techniques might elicit different types
of knowledge, suggesting that a combination of them could
be the most effective approach for knowledge elicitation.

The time required to conduct the knowledge elicitation
session and the subsequent time needed to transcribe and
analyze the data played a significant role in the quality of
the data elicited. Furthermore, the quality of transcription
and analysis of the raw data from the sessions was identified
as crucial for the latter stages of the process. An intriguing
factor highlighted by the authors was the context in which
the knowledge elicitation process occurs. They emphasized
that the efficiency of knowledge elicitation varies, depending
on whether the process takes place in real-world settings
or controlled laboratory environments. They also identified
expert-specific factors such as familiarity with the elicitation
technique, articulation and interaction skills, and level of
expertise. However, these factors were not the focus of our
research. Understanding and optimizing these methodologi-
cal factors can lead to more effective and efficient knowledge
elicitation processes.

5 Discussion

In this section, we discuss the findings from the reviewed lit-
erature, place them in a broader context, and reflect on the
conclusions.

5.1 Implications

In the Findings section, we presented material on the main
topic of this research. Here, we reflect on these findings and
discuss the existing implications of the work.

In subsection 4.1, we explored the benefits of collabora-
tive, cooperative, and competitive game designs. Competi-
tive games may be particularly useful when the knowledge
to be elicited is derived from the game’s premise, such as in-
dividual behaviour during a pandemic or decision-making in
a hostage situation. Collaborative and cooperative game de-
signs incorporate elements of teamwork, making them suit-
able for eliciting knowledge from both the game’s premise
and the interactions and group behaviour of players.
Additionally, regardless of whether a competitive or one
of the casual designs is chosen, player motivation does not
change significantly. Therefore, the choice of design may not
heavily impact player engagement and playtime if the goal is
to maximize these factors [32].

In subsection 4.2, we identified the LLM’s current limitations
in acting as rational players. We also highlighted the existing
research gap in LLM-powered environments. Due to these
limitations and the unsuitability of NPCs for competitive
games, we believe that LLMs currently lack practical ap-
plications in this category. Unfortunately, these limitations
also affect the application of LLMs in collaborative and
cooperative games. However, the use of NPCs remains
promising in these games due to their adventurous nature and
less competitive environment.

For the development of GWAPs, these findings provide
valuable guidelines. They suggest that developers can focus
on selecting game designs based on the type of knowledge
they wish to elicit rather than on player motivation. This
approach can simplify the design process and lead to more
effective and targeted GWAPs.

5.2 Research Process

Reflecting on the literature review process, several aspects
were crucial to the success of this research. Using the
PRISMA workflow established a systematic and thorough ap-
proach to finding relevant literature, ensuring that the study
was built on a solid foundation of current knowledge. The
search queries were carefully formulated to cover a broad
spectrum of topics related to game design, integration of
LLMs, and knowledge elicitation. These queries helped in
capturing a wide range of relevant studies, making sure that
the review was extensive.

The methodologies and approaches used in this research were
effective in several ways. Listing the benefits of collabora-
tive, cooperative, and competitive game designs provided a



solid foundation for understanding how different game de-
signs can impact player engagement and the efficiency of
knowledge elicitation. Focusing on LLMs offered valuable
insights into the current capabilities and limitations of these
models in game environments. This focus highlighted the po-
tential of LLMs in enhancing GWAPs and identified critical
gaps in current research, guiding future studies. Listing the
factors affecting knowledge elicitation efficiency underscored
the importance of selecting appropriate methods for efficient
data collection. Understanding how different techniques vary
in terms of time required, data quality, and context empha-
sized the necessity of choosing and potentially combining
methods based on the specific goals and settings of the re-
search.

6 Responsible Research

In this section, we consider the ethical aspects of the research
and the reproducibility of our methods.

6.1 Bias and Representation

To mitigate the bias, we considered work from sources across
various fields, including psychology, computer science, soci-
ology and gaming. These sources come from diverse regions
and institutions, ensuring a wide range of geographical and
institutional perspectives. Additionally, we included research
from both established and emerging scholars to represent a
variety of viewpoints.

By diversifying our sources in these ways, we aimed to
reduce potential bias in our literature selection and analysis.
Unfortunately, we were unable to address the bias introduced
by selecting only English-language literature, due to the
unreliability of translation methods.

6.2 Integrity and Plagiarism

During the research, we ensured that academic integrity
remained a top priority, consistently guiding our method-
ology and analysis. We critically evaluated each source
for credibility, and relevance and transparently documented
our methods. In the process of screening, we utilized Ope-
nADl’s ChatGPT' to efficiently assess reports for eligibility.
Additionally, we used it to rephrase and help formulate
certain sentences during the writing process. We avoided
direct pasting and carefully checked the credibility of the
information provided. We acknowledged all contributions
with proper citations, adhering to the IJCAI style [33]. These
practices contributed to high standards of academic integrity,
making our work more credible and reliable.

7 Conclusions and Future Work

In this review, we delved into the topic of incorporating Large
Language Models into Games With a Purpose for enhanced
knowledge elicitation. We introduced the research question,

"https://chatgpt.com/

which focused on identifying collaborative, cooperative, and
competitive designs suitable for knowledge elicitation using
LLMs, and provided all necessary background information.
The methodology of the research was clearly explained,
detailing the frameworks and queries used.

To aid understanding of the findings, we explained the crucial
concepts behind them. We discovered that collaborative
and cooperative game designs share similar benefits for
knowledge elicitation, while competitive game design is less
effective due to its lack of an adventurous nature and more
vying environment. We identified the current limitations
of LLMs in acting as rational players or powering game
environments while underlying their promising application
as Non-Player Characters. Main efficiency factors for
knowledge elicitation were listed, including the choice of
technique, time required for the elicitation session, and the
context of the elicitation process.

We concluded that the choice of game design for a Game
With A Purpose is less important, as long as the primary
focus is on player engagement rather than the type of
knowledge being elicited. Furthermore, we believe that
Large Language Models can currently be incorporated only
into collaborative and cooperative Games With a Purpose as
Non-Player Characters, due to the aforementioned limita-
tions.

We reflected on the research process, explained the existing
biases in the research and justified the chosen mitigation
strategies. Additionally, we emphasized the importance of
academic integrity.

Through the research process, we have identified potential di-
rections for future work. The main issues that remain unre-
solved relate to the field of Incorporating LLMs in Games.
As explained, LLMs are not yet reliable enough to serve as
rational players and further development is needed. Cur-
rently, they struggle with forming desires based on uncom-
mon preferences, adapting to new patterns, and replicating
the decision-making processes and actions typical of humans.
Furthermore, the research concerning LLM-powered envi-
ronments by Adekanye et al. [28] is still ongoing, with no
results available yet. This indicates a substantial gap in the
field, presenting numerous promising opportunities for fur-
ther exploration.

Acronyms

GWAP Game With A Purpose. 1,2, 3,4,5,6
LLM Large Language Model. 1, 3,4, 5, 6
NPC Non-Player Character. 4, 5, 6

PvP Player vs Player. 3
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