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Abstract
Large language models (LLMs) have demonstrated tremendous potential in game playing, while little attention has been paid to their ethical
implications  in  those  contexts.  This  work  investigates  and  analyses  the  ethical  considerations  of  applying  LLMs  in  game  playing,  using
Werewolf, also known as Mafia, as a case study. Gender bias, which affects game fairness and player experience, has been observed from the
behaviour of LLMs. Some roles, such as the Guard and Werewolf, are more sensitive than others to gender information, presented as a higher
degree of behavioural change. We further examine scenarios in which gender information is implicitly conveyed through names, revealing that
LLMs  still  exhibit  discriminatory  tendencies  even  in  the  absence  of  explicit  gender  labels.  This  research  showcases  the  importance  of
developing  fair  and  ethical  LLMs.  Beyond  our  research  findings,  we  discuss  the  challenges  and  opportunities  that  lie  ahead  in  this  field,
emphasising the need for diving deeper into the ethical implications of LLMs in gaming and other interactive domains.
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 ■ 1  Introduction
LLMs, such as deepseek [1], GPT-4 [2], and GLM-3 [3], have been
rapidly  integrated  across  various  domains,  enhancing  human
capabilities in fields such as question-answering [4], causal reasoning
[5],  recommender  system  [6],  and  content  generation  [2,7].  Their
adaptability  and  powerful  language  processing  capabilities  make
them  valuable  tools  for  increasing  productivity,  streamlining
workflows,  and  augmenting  human  decision-making  [8,9].  Beyond
those  applications,  LLMs  also  find  unique  use  cases  in  interactive
and  entertainment  contexts,  such  as  games  [7,10,11].  In  games  like
Werewolf and Avalon,  LLMs serve as intelligent agents that can use
contextual  understanding  to  interpret  player  dialogues,  infer  hidden
motives,  and  make  strategic  decisions  [10–13].  This  relatively  new
and promising field uses the structured nature of games to investigate
artificial intelligence (AI) capabilities within a controlled, rule-based
environment  [7,14,15].  Leveraging  LLMs in  game playing  not  only
enhances  user  engagement  but  also  serves  as  a  valuable  tool  for
understanding  how  AI  performs  and  interacts  in  social  contexts
[7,14].

However, the increasing use of LLMs raises crucial trustworthiness
concerns,  related  to  data  privacy,  potential  misuse,  and  the  risk  of
propagating  biases  [16–20].  Among  them,  ethical  implications  are

one of the most significant dimensions [18,20–22]. As LLMs become
more  deeply  and  widely  involved  in  human  activities  and  daily  life
[19,23],  it  is  essential  to  identify  and  mitigate  potential
discriminating behaviours or biases [24–28]. Otherwise, these biases
could reinforce harmful stereotypes, skew decision-making in subtle
but impactful ways, or lead to breaches of trust between AI systems
and users [20].

While  ethical  concerns  in  LLMs  have  been  studied  in  various
contexts  [19,23,29,30],  such  as  healthcare  [30],  their  behaviour  in
dynamic  and  decision-intensive  scenarios  remains  underexplored
[31].  Our  investigations  into  LLMs’ performance  and  behaviour  in
playing Werewolf identify  some  ethically  problematic  cases,  as
illustrated in Fig. 1. The deductive reasoning by LLMs demonstrates
a  strong  bias  toward  either  female  or  male  groups,  depending  on
context. This motivates us to dive deeper into ethical challenges and
biases  of  LLMs’ behaviour  in  socially  charged  and  decision-heavy
scenarios.
Werewolf,  a  popular  social  deduction  game,  is  selected  as  a  case

study  in  this  work. Werewolf requires  LLM-based  agents  to  make
complex inferences, align with or deceive other players, and navigate
social dynamics under specific rules based on contexts [10,12,32,33],
aligning  with  the  scenarios  we  intend  to  explore. Werewolf can  be
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performed  as  a  well-supported,  structured  and  controlled
environment, offering an ideal setting to analyse the ethical issues of
LLMs [7,14,15] mentioned above.  Moreover, Werewolf can provide
diverse scenarios to systematically analyse LLMs’ behaviour.

T1

T2

T3

In  this  work,  we  focus  on  exploring  whether  LLMs  exhibit
discrimination  or  bias  related  to  gender  during  their  reasoning  and
decision-making  processes  in  game  playing.  Specifically,  our  main
research question is how gender information affects the behaviour of
LLM-based  agents.  We  address  this  question  through  three  tasks:
( ) Without informing its gender information, does an LLM-based
agent  change  its  behaviour?  ( )  If  yes,  does  an  LLM-based  agent
exhibit behaviours more characteristic of males, females, or neither?
( ) How does changing the gender information of other players lead
to different decisions or reasoning by the LLM agent?

The  remainder  of  the  paper  is  as  follows.  Section  2  provides  an
overview  of  LLM  ethics  and  relevant  research  in  playing  games.
Section 3 explains our methodology, experimental design, evaluation
metrics, and technical details. Our three research tasks are addressed
and findings on LLM behaviour  and biases  are  reported in  Sections
4, 5, and 6, respectively. Section 7 further analyses the non-induced
gender cases. Section 8 discusses the broader ethical implications of
LLMs,  limitations  and  future  directions.  Section  9  presents  the
conclusions.

 ■ 2  Related work
In  this  section,  we  first  outline  the  ethical  considerations  of  LLMs
and  their  impact.  Then,  we  provide  a  review  of  LLM-based  agents
involved in Werewolf gameplay.

 2.1  Ethical considerations of LLMs
Although LLMs have demonstrated impressive capabilities in various
tasks,  more  attention  should  be  paid  to  the  ethical  issues  associated
with their use [17,23]. An important aspect of LLMs’ ethical issues is
discrimination [18–20], referring to the bias in algorithms or models
that  leads  to  prejudiced  outcomes  against  certain  groups  or
individuals  based  on  sensitive  attributes  such  as  race,  gender  or
religion [19,20,34,35].

Specifically,  LLMs  may  reinforce  stereotypes  and  social  biases,
which  can  lead  to  discrimination  and  substantive  harm  by  linking
specific  characteristics  to  particular  social  identities  [19,23,36].  If
LLMs  perform  inequitably  across  different  social  groups,  they  may
negatively  impact  disadvantaged  populations  [23].  For  instance,
young  users  who  encounter  biased  or  harmful  representations  may

experience  mental  health  issues,  potentially  leading  to  severe
psychological  effects  or  even  suicidal  thoughts.  Moreover,  the
generation of harmful language by LLMs can provoke hate, violence,
or cause offense [23,36]. Recently, there has been increased research
interest in exploring the use of LLMs in gameplay, highlighting their
potential  advantages  in  complex  dialogues,  adapting  to  dynamic
game scenarios, and learning from interactions [10]. Applications of
LLMs  in  gameplay  facilitate  more  immersive  and  responsive
interactions  between  players  and  AI  agents,  thereby  enhancing  the
gaming experience.

On the one hand, bias will greatly diminish the gaming experience
for players [33]. On the other hand, the inherent complexity of social
deduction  games,  requiring  intricate  social  interactions,  deception,
and nuanced group dynamics, offers a unique opportunity to evaluate
the  broader  ethical  implications  of  LLMs.  These  games  serve  as  a
valuable  testing  ground,  allowing  us  to  assess  whether  the  ethical
challenges observed in simpler applications extend to more complex
tasks demanding sophisticated social reasoning, mirroring real-world
scenarios [37,38].

To the best of our knowledge, no existing work investigates ethical
considerations  of  LLMs  as  game-playing  agents.  Only  related
research  includes  a  limited  number  of  recent  studies  [39,40]
highlighting  gender  bias  as  a  significant  issue  in  gaming  literature.
Zhou  et  al.  [39]  found  that  gender  bias  exists  in  online  gaming,
revealing that female players often prefer to select male avatars. This
choice  helps  them  avoid  gender  discrimination  while  allowing  for
greater freedom and fairer treatment. Another study by Rennick et al.
[40]  examined  the  dialogue  from  13,587  characters  across  50  role-
playing  video  games  and  uncovered  systematic  gender  biases.  It
reported  that  dialogue  from  male  characters  is  nearly  twice  as
frequent  as  that  from  female  characters,  creating  an  unbalanced
representation. Moreover, there is a noticeable imbalance in character
interactions,  as  female  characters  are  less  likely  to  engage  in
conversations  with  each  other.  This  gap  in  research  motivates  us  to
explore  the  ethical  considerations  of  LLM-based  agents  in  playing
games.

 2.2  LLM-based agents in Werewolf gameplay
Werewolf is a complex mixed cooperative-competitive game of social
deduction games [12,32,41]. This game features an engaging process
that  encourages and promotes interactions among players. Werewolf
centres  around  intentional  deception,  requiring  players  to  conceal
their identities and mislead others. This aspect creates a rich context

 

 
Fig. 1    Four indicative examples demonstrating ethical issues in Werewolf gameplay
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for  exploring  LLMs’ reasoning  abilities,  in  particular  how  they
interpret  and  generate  deceptive  strategies  [10,42].  Recent  research
has  shown  significant  progress  in  using  LLMs  as  agents  in  the
Werewolf game [11,13,41,43–45].

Efforts  have  primarily  focused  on  improving  LLM  reasoning
capabilities  and  strategic  gameplay.  Reinforcement  learning  is
employed to develop strategic LLM-based agents that are capable of
deductive reasoning and generating diverse action candidates [11,41].
Studies  [43,44]  focus  on  enhancing  the  reasoning  capabilities  of
LLMs.  Then,  the  work  [45]  demonstrated,  through  self-play  game
log  analysis,  that  their  agent  maintained  contextual  consistency  and
character consistency, including tone, throughout the game.

Figure 2 illustrates  an  efficient  and  widely  used  deductive
reasoning  process  [11,13,41].  A  prompt  consisting  of  game  rules,
contextual  information,  and  task  description  is  given  to  the  LLM
[11,13,41]. First, based on this prompt, the LLM generates reasoning
results for each alive player. The reliability score is derived from the
confidence  score  in  these  results,  which  aids  in  classifying  the
statements  made  by  other  players  into  potential  truths  and  potential
falsehoods.  By  clearly  distinguishing  these  statements,  the
classification can update the contextual information and facilitate the
LLM  to  make  more  informed  and  effective  decisions,  thereby
enhancing its overall decision-making capability [11,41].

Once  the  contextual  information  is  updated,  the  new  prompt,
enriched with the revised contextual details, is sent back to the LLM.
Through  this  iterative  process,  the  LLM  continues  to  refine  its
understanding  and  deduction  of  the  game  situation.  Finally,  the
actions  performed  during  the  night  and  day  phases  are  derived  by
recording  the  outputs  generated  by  the  LLM,  which  reflect  its
reasoning  and  strategic  decisions  throughout  the  game.  This
structured  approach  enables  the  LLM  to  effectively  navigate  the
complexities  of  the Werewolf game  and  enhance  its  deductive
reasoning capabilities.

A recent study by Du and Zhang [13] expanded the scope beyond

deductive reasoning, incorporating the concept of opinion leadership
(i.e., Sheriff role in Werewolf game). Opinion leadership refers to the
ability  of  an  individual  or  entity  to  influence  the  opinions,  beliefs,
and  behaviours  of  others  within  a  specific  social  context  or
community  [42,46].  This  investigation  opens  avenues  for  creating
more  strategically  and  socially  influential Werewolf AI  agents.  The
study  highlights  the  crucial  role  that  opinion  leadership  plays,  as  it
not  only  affects  decision-making  processes  but  also  shapes  player
interactions and group dynamics.

However, these works primarily focus on enhancing the analytical
capabilities of LLMs, such as reasoning, when playing different roles
while neglecting the potential ethical issues. In practical applications,
ethical  considerations  are  particularly  important.  If  not  addressed,
they  could  significantly  diminish  the  player  experience  and  even
affect  the  fairness  and  enjoyment  of  the  game.  In  addition,  the
harmful  stereotypes  and  biases  brought  by  LLMs  may  negatively
impact  players,  particularly  children  and  teenagers,  potentially
shaping  their  worldviews  and  social  perceptions  of  the  real  world.
Moreover,  the  social  pressure  and  decision-intensive  situations
within Werewolf provide  valuable  insights  into  how  LLM-based
agents  can  exhibit  ethical  behaviours.  Therefore,  our  work
emphasises exploring potential ethical considerations of using LLM-
based  agents  in Werewolf,  which  have  been  overlooked  in  existing
research.

 ■ 3  Methodology
This  section  first  presents  the  basic  rules  of Werewolf.  Then,  to
address our research tasks (cf.  Section 1),  we present in Section 3.2
three critical scenarios in Werewolf used in this work for evaluating
ethical  considerations  and  biases  in  LLM  agents’ behaviours.  Our
research  methods  for  addressing  research  tasks  and  how  those
scenarios  assist  are  presented  in  Section  3.3.  Section  3.4  details
experimental settings.

 

 
Fig. 2    Deductive reasoning and decision-making process of LLMs in Werewolf gameplay, including contextual updates and action phases
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 3.1  Basic roles and rules of Werewolf
The entire process of Werewolf is illustrated in Fig. 3, as detailed in
studies  on  LLM-based  agents  for  playing Werewolf [11,13,41].
Typically played with several players, the roles include Werewolves,
Villagers, Seer and Guard, with a moderator facilitating the game. In
the setup stage, each player is assigned a hidden role, dividing them
into  two  teams,  a  Werewolve  team  of  Werewolves  only  and  a
Villager  team  composed  of  Villager,  Seer,  and  Guard.  Then,  these
players determine a Sheriff as the opinion leader, who moderates the
order of making statements and concludes the opinions.

The game alternates between night and day rounds until one team
wins. In the night, the Werewolves identify each other and select one
player of the other team to be killed, and then the Seer chooses one
player to detect their role, and the Guard protects one player from the
Werewolves, including themselves. In a day, first, the outcome of the
previous night will be announced, indicating who was killed or if no
one  was  killed.  Players  then  take  turns  stating  their  statement  in  an
order  determined  by  the  Sheriff.  After  this,  players  vote  to  kill  a
player  or  choose  not  to  vote.  The  result  is  then  announced.  If  the
number  of  Werewolves  equals  to  the  size  of  combined  remaining
Villager  team,  Werewolves  team  wins.  Conversely,  the  other  team
wins  if  all  the  Werewolves  are  killed,  making  the  game  a  strategic
battle of deception and deduction.

 3.2  Considered ethical scenarios in Werewolf
We explore  whether  LLM agents  incorporate  ethical  intentions  that
should  not  influence  game  decisions,  leading  to  biased  gaming
actions.  Three  distinct  scenarios  are  considered  for  addressing  each
of  the  aforementioned  research  tasks,  each  with  its  own  ethical
consideration  aspects.  This  helps  to  provide  a  comprehensive
analysis  of  the  ethical  implications  of  LLM-based  agents  in  the
context of Werewolf.

s1The  first  scenario,  denoted  as ,  occurs  at  night,  when  the
Werewolves,  the  Seer,  and  the  Guard  utilize  their  own  skills.  The
choices of those roles, including determining who is killed, who gets
protected  and  who  is  seen,  can  directly  affect  the  number  of
remaining players and alter the balance of power between the teams
of  the  Werewolf  and  the  Villager.  For  example,  if  the  Werewolves
consistently  choose  to  kill  players  of  a  certain  demographic  group
due to biases in their decision-making logic, or if the Guard tends to

prioritize protecting players of a certain demographic group based on
assumptions of their perceived importance in the game (cf. examples
shown in Fig. 1), such pattern could result in a game dynamic where
certain  players  feel  disproportionately  targeted  or  overlooked,
undermining the overall experience. By allowing such gender biases
to persist, the game inadvertently reinforces stereotypes and disrupts
the balance critical to a fair and engaging gameplay experience.

s2The second scenario, denoted as , takes place during the daytime
when  each  surviving  player  assesses  trust  in  other  players,
influencing  subsequent  decisions.  If  a  specific  demographic  group,
such as male players,  consistently receives lower trust scores due to
biases  in  how  their  behaviour  or  statements  are  interpreted,  their
contributions  may  be  unfairly  overlooked  or  labelled  as  falsehoods.
This  could  lead  to  unfair  killings  based  on  perceived  rather  than
actual  behaviour,  raising  ethical  concerns  about  fairness  and
inclusivity in game.

s3The third  scenario,  denoted as ,  involves  voting to  kill  a  player
based  on  information  gained  during  daytime,  which  could  possibly
include  the  facts,  potential  truth,  and  potential  falsehood.  The
presence  of  biases  in  interpreting  potential  truths  and  potential
falsehoods  may  lead  to  skewed  reasoning  and  decision-making,  as
demonstrated  by  the  reasoning  process  illustrates  in Fig. 2.  Ideally,
LLM-based  agents  participating  in  this  process  should  evaluate  the
evidence objectively and base their decisions solely on the merits of
the  information  provided.  However,  if  an  LLM-based  agent  takes
into  account  a  player’s  sensitive  attribute  while  making  voting
decisions,  despite  that  player’s  behaviour  is  appropriate  and
consistent  with  the  evidence,  it  could  result  in  certain  demographic
groups being systematically targeted for elimination.

 3.3  Overview in addressing research tasks
To improve readability, an overview of how our three research tasks
are addressed using the aforementioned scenarios is given below. In
addressing  each  of  the  tasks,  we  employ  all  three  scenarios
introduced in Section 3.2 to provide a comprehensive framework for
our  analysis.  Detailed  measurements,  experimental  methods  and
results will be discussed in Sections 4, 5, and 6, respectively.

T1In tackling , we focus on analysing the responses of LLM-based
agents  when  they  receive  prompts  that  either  include  or  exclude
gender  information,  i.e.,  prompt  templates  1  and  2  in Fig. 4.  A
significant  difference  between  these  two  responses  can  highlight
whether changes in decisions are caused solely by introducing gender
information or not.

T2

s1

s2 s3

For ,  we  examine  the  behaviour  of  LLM-based  agents  under
three cases: one where agents’ self-gender information is hidden (cf.
prompt  template  1  in Fig. 4),  and two where they are  assigned self-
male  or  self-female  attributes  (cf.  prompt  templates  2  and  3  in
Fig. 4).  By  analysing  behaviour  similarities  across  the  scenarios ,

,  and ,  we aim to determine whether LLM-based agents show a
bias more towards male or female characteristics or remain neutral in
their reasoning processes.

T3

s1 s2 s3

In  addressing ,  we  analyse  response  differences  after  reversing
gender information of other players (cf. comparing prompt templates
1 vs. 4 in Fig. 4) within the scenarios , , and . This approach is

 

 
Fig. 3    Overview  of  the Werewolf gameplay  process,  including  role
assignment, nighttime actions, and daytime interactions
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considered  a  causality-based  fairness  metric,  commonly  used  to
evaluate  model  fairness  [47,48].  LLM-based agents  should not  alter
their  decisions  to  kill  one based solely  on others’ gender  in  playing
games.

Furthermore,  we  compare  statistical  observations  of  male  and
female  characters  across  all  game  states,  assuming  fair  decision
processes of LLMs imply similar game results.

 3.4  Experimental settings
This  outlines  the  parameters  set  for  the  experiments  conducted  to
address  the  research  questions.  In  each  game,  there  are  a  total  of
seven  players  [13],  consisting  of  three  Villagers,  two  Werewolves,
one Seer, and one Guard. All seven LLM-based agents are played by
LLMs,  a  widely  used  approach  in  this  field  [13,49].  GLM-3  is
selected  as  the  base  model  since  GLM-3  performs  well  not  only  in
typical  roles  but  also  demonstrates  stronger  leadership  capabilities
when  playing  the  Sheriff  role  [13],  thereby  aiding  our  analysis  of
potential unfairness within Sheriff. We maintain consistency with the
prompt templates used for the model as outlined in [13,41].

To  analyse  the  gender  bias  of  the  large  model  in  the Werewolf
game  fairly,  we  ensure  that  each  role  covers  all  possible  gender
identities  with  equal  representation of  male  and female  players.  For
instance,  in  the  case  of  the Werewolf role,  when  there  are  two
players,  there  are  three  possible  configurations:  both  players  are
male, both players are female, or one player is male and the other is
female. Thus, to maintain a balanced gender ratio for different roles,

2×2×3×4
the  number  of  males  and  females  must  be  a  multiple  of  48  (i.e.,

). To obtain sufficient experimental data and conclusions,
we simulated a total of 96 experiments.

 ■ 4  Addressing task one
T1

s1 s2 s3

This  section introduces  the  measurements  utilised in  addressing ,
including  the  specific  settings  in  scenarios , ,  and ,  and  then
presents the experimental results according to the measurements and
their scenarios.

 4.1  Measurements
T1

s1 s2 s3

To  address ,  we  aim  to  compare  the  responses  of  LLM-based
agents  in  processing  the  prompts  that  either  include  or  exclude
gender  information  (i.e.,  prompt  templates  1  and  2  in Fig. 4),
specifically considering the scenarios , , and .

Freqs(p)
p

s ∈ {s1, s2, s3}
s1 s2 s3

The  measurement  calculates  the  frequency  of  the
behaviour  changes  exhibited  by  a  player  given  a  scenario

 in  the  game.  For  convenience,  we denote  scenarios  as
1, 2, and 3 to represent , , and , respectively, within notations.
It  measures  how  inconsistently  a  player  responds  to  the  unknown
gender information by averaging the outcomes over all game states in
each scenario.
 

Freqs(p) =
1
T

T∑
t=1

∆s(St, p,unknown), (1)

S T

∆s(S, p,unknown)

s1, s2, s3 Freqs

s
s1 s2 ∆1 ∆2

s3 ∆3

s1 ∆1

s2 ∆2

s3 ∆3

where  is  the  game  state  and  is  the  number  of  rounds
encompassing  all  possible  gender  configurations  for  each  role,  as
mentioned  in  Section  3.4.  The  term  is  derived
from Table 1,  outlining  specific  behavioural  metrics  for  different
scenarios,  i.e., .  A  larger  value  of  indicates  a  greater
degree of behavioural change exhibited by players in scenario . For
scenario  (or ),  (or ) is a binary value indicating whether a
player  makes  a  different  skill  decision  (or  tracks  inconsistency  in
voting) when their gender is changed. For scenario ,  reflects the
consistency  in  assigning  reliability  scores  to  others  when  gender
changes.  For  scenario ,  is  a  binary  value  indicating  whether  a
player makes a different skill decision when their gender is changed.
Similarly, considering scenario ,  tracks inconsistency in voting
after gender-related changes. For scenario ,  reflects consistency
in assigning reliability scores to others under gender swap.

 4.2  Experimental results
p

g
s1 s2 s3

Freqs

Figure 5 presents  the frequency at  which decisions made when  is
set to their initial gender  differ from those made when the gender
information  is  omitted,  considering  scenarios , ,  and ,
respectively, based on the : To facilitate a more comprehensive

 

 
Fig. 4    Four prompt settings for LLM-based agents when playing Werewolf,
showcasing variations in gender visibility and reversals for player roles

  
T1 s1 s2 s3Table 1    Measurements used in addressing  for scenarios , , and 

Scenarios Formulation of metrics

s1Skill ( ) ∆1(S, p,g′) = 1 p
S p.g g′ ∆1 = 0

 if player  makes the different skill decision (i.e., selects the different target to kill, see, or protect) at
game state  after its gender is changed from  to , otherwise, .

s2Vote ( ) ∆2(S, p,g′) = 1 p p.g g′ S 0 if player  votes for different target after its gender is changed from  to  at game state ,  otherwise.

s3Reliability ( ) ∆3 =
1
|P|−1

∑
p′∈P/p

Dp′ Dp′ = 0 p p′ 1, where  if player  assigns the same reliability to others  if its gender is changed,  otherwise.

Front. Comput. Sci., 2027, 21(1): 2101304

 
Frontiers of Computer Science  | Issue 1 | Volume 21 | January 2027 | 2101304-5



s1 s2
Nmale

N −Freqs(p), for p.g = male N female

N −
Freqs(p), for p.g = female Freqs(p), for p.g = male

Freqs(p), for p.g = female Nmale N female

S N = Nmale +N female s ∈ {s1, s2}

analysis, we record data separately for male and female players. For
each role in scenarios  and , we consider the following set of four
data  points.  ① .  ② 

.  ③ .
④ .  and  denote  the  total
counts of  male and female participants across all  the game states of

,  respectively,  which  satisfies  and .
Value ③ indicates the frequency of behavioural changes among male
players after hiding their gender information, while value ① reflects
the frequency of unchanged behaviour, specifically, exhibited by the
remaining male players. For female group, values ② and ④ share the
similar settings. Intuitively, the summation of the four data is equal to
one for each role.

Freqs s3

s1 s2

Θ S

Freqs

Since  the  values  in  scenario  involve  many  values  rather
than only two values (e.g., 1 and 0) in  and , we directly plot the
distribution  of  values  over  all  game  state ,  as  illustrated  in  the
right violin plot of Fig. 5. A larger bandwidth in the plot indicates a
greater frequency of the corresponding  values in the y-axis, as
shown in Eq. (1).

s1 s2

s1

s3 Θ = 0

Overall, for scenarios  and , the frequencies ③ + ④ are above
0.5  for  almost  all  roles,  with  the  exception  of  Seer  in  scenario .
This  suggests  that  providing  gender  information  to  LLM-based
agents  sigificantly  affects  their  behaviour.  In  the  violin  plot  for
scenario ,  instances  where  are  notably  rare,  while  the
majority of cases are non-zero. This indicates that introducing gender
often shifts reliability scores.

s1

s1

s2 s1

We also  observe  varying degrees  of  behavioural  change of  LLM-
based agents  in  playing different  roles.  For  instance,  in  scenario ,
the Seer has a higher value ① + ② than other roles, indicating that it
is  less  susceptible  to  gender  information compared to  the  Werewolf
and  the  Guard.  This  suggests  that  the  sensitivity  of  these  roles  to
gender information depends on the role itself, with the Seer showing
greater  consistency  in  behaviour  in .  Furthermore,  even  when
LLMs  play  the  same  role,  their  behaviour  can  differ  between
scenarios;  for  instance,  the  Seer  is  more  influenced  by  gender
information in scenario  than in .

T1In summary, the above observations address : providing gender
information  can  significantly  change  the  behaviours  of  LLM-based
agents.  It  might  be  as  a  result  of  the  training  data  on  which  these
models  build  up.  When  prompts  instruct  LLMs  to  construct  task
scenarios,  the  models  may  incorporate  implicit  considerations,  such
as the gender of the role they are asked to play. This may stem from
the models’ training data, causing them to implicitly incorporate role
gender  when  constructing  task  scenarios.  This  influence  of  training
data  results  in  disparate  behaviours,  as  our  experimental  results
validate. These findings underline the need for a careful evaluation of
the  impact  of  demographic  information  in  the  design  and  use  of
LLM-based agents.

 ■ 5  Addressing task two

T1

T2

T2

After  examining  whether  gender  information  influences  the
behaviour of LLMs in playing games (i.e., ), we will further assess
whether  LLMs-based  agents  exhibit  behaviours  more  characteristic
of  males,  females,  or  neither  (i.e., ).  Thus,  this  section  first
introduces the measurements used to address . Following this, we
present  the  experimental  results  obtained  based  on  these
measurements.

 5.1  Measurements
T2

s1 s2 s3

s1

s2 s3

To  address ,  we  consider  the  behaviour  of  LLM-based  agents  in
three  cases:  first,  when  agents’ self-gender  information  is  hidden
(i.e.,  prompt  template  1  in Fig. 4),  and second and third,  when they
are assigned self-male or self-female attributes (cf. prompt templates
2 and 3 in Fig. 4). By analysing the similarities in behaviours across
these  comparisons  for  the  scenarios , ,  and ,  we  aim  to
determine  whether  LLM-based  agents  exhibit  a  bias  more  towards
male  or  female  characteristics  or  if  they  remain  neutral  in  their
reasoning  processes.  By  comparing  behaviours  across  scenarios ,

,  and ,  we  assess  whether  agents  exhibit  gender  biases  or
maintain gender-neutral reasoning.

Γs(S, p,g)
p

Equation  (2)  aims  to  capture  the  similarity  of  decisions  across
different  genders  rather  than  the  differences.  quantifies
behavioural  similarity  when  player ’s  gender  changes  from

 

 
s1 s2

s3 T1

Fig. 5    Frequency of decision discrepancies between gender-informed and gender-omitted cases for LLM-based agents, considering , , and
 across roles (Werewolf, Guard, Seer, Villager) in addressing . Corresponding computational methods are detailed in Table 1 and Section 4
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g s1 s2

Γs(S, p,g)
p

unknown g
s1 s2 Freqs

unknown to  (cf. Table 2).  For  scenarios  and ,  we  define  the
frequency  measure:  Different  from  the  measurement  formulated  in
Eq.  (1),  which  focuses  on  differences,  Eq.  (2)  aims  to  capture  the
similarity of decisions across different genders.  is applied
to measure the similarity of player  after its gender is changed from

 to ,  as  illustrated  in Table 2.  Specifically,  considering
scenarios  and ,  is defined as follows:
 

Freqs(p,g) =
1
T

T∑
t=1

Γs(St, p,g), (2)

g ∈ {male, f emale} s ∈ {1,2} Freqs(p,g)

g
s1 s2 Γs

s ∈ {1,2}

where  and . A higher value of 
indicates a greater consistency in the decisions made by LLM-based
agents  towards  the  characteristics  of  gender .  Since  the  decisions
made  in  scenarios  and  are  discrete,  is  a  binary  value  for

, as shown in Table 2, representing whether the decisions are
the same.

s3 Γ3

Dp′

Γs(St, p,male) Γs(St, p, female)
p

St Γ3(St, p,male) < Γ3(St, p, female)

Dp′

Γs

St

p
St Γ3(St, p,male) < Γ3(St, p, female)

Regarding scenario ,  represents  a  set  of  values,  not  a  binary
classification. To assess similarity, we first calculate  to consider
the  similarity  for  each  game  state,  as  detailed  in Table 2.  Then,  we
record  the  results  of  all  the  pairwise  comparisons  between

 and  across  all  game  states.  More
specifically, player ’s behaviour is considered closer to male under
the game state  when ; otherwise,
it’s  considered  closer  to  female.  We  record  the  frequency  of
behaviours  closer  to  females  and  closer  to  males  across  all  game
states.  Our  analysis  proceeds  in  three  stages  to  assess  similarity:
(1)  computing similarity  measures  (cf. Table 2);  (2)  performing
pairwise  comparisons  between  gender-specific  values  across  all
game states ; (3) classifying behaviour based on the inequality. For
example, player ’s behaviour is considered closer to male under the
game  state  when   .  Otherwise,
it’s  considered  closer  to  female.  We  record  the  frequency  of
behaviours  closer  to  females  and  closer  to  males  across  all  game
states.

 5.2  Experimental results

s1 s2 s3

Table 3 summarises  the  results  across  these  three  scenarios
considering  all  rounds.  In  summary,  during Werewolf,  for  scenarios

, ,  and ,  there  is  a  certain  similarity  between  the  reasoning
behaviour of LLM-based agents without gender assignment and their
behaviour  when  gender  is  assigned.  In Werewolf,  the  reasoning
behaviours  of  LLM-based  agents  show  consistent  patterns  across

s1 s3scenarios – , regardless of whether gender information is present.
This suggests that LLM-based agents exhibit some degree of gender
identity bias in their decision-making process.

s1Considering  the  scenario  in Fig. 6,  across  all  observed  rounds,
the  behaviour  of  the  LLM-based Werewolf players  tends  to  align
more  closely  with  male  characteristics.  Conversely,  the  Guard’s
decisions  generally  do  not  correspond  to  a  female  or  a  male.  The
LLM-based Seer’s gender self-awareness appears to be more aligned
with female traits, with a relatively small proportion associated with

  
T2 s1 s2 s3Table 2    Measurements used in addressing  for scenarios ,  and 

Scenarios Formulation of metrics

s1Skill ( ) Γ1(S, p,g) = 1 p
S unknown g Γ1 = 0

 if player  makes the same skill decision (i.e., selects the same target to kill, see, or protect) at game state
 after its gender is changed from  to , otherwise, .

s2Vote ( ) Γ2(S, p,g) = 1 p unknown
g S 0

 if player  votes for the same target after its gender is changed from  to
 at game state ,  otherwise.

s3Reliability ( )
Γ3(S, p,g) = 1

|P|−1

∑
p′∈P/p

Dp′ Dp′ = 11−max[|Reliability Score Differences|] Dp′

p′ unknown g

, where .  represents the difference

between a maximum possible reliability score of 11 and the highest absolute difference in reliability scores observed
among other players  after its gender is changed from  to .

 

s1 s2

s3

Table  3    Summary  of  role  behaviours  across  scenarios , ,  and
, indicating alignment closer to male, female, or neither

Scenarios Role Closer to male Closer to female None

s1

Werewolf ✓

Guard ✓

Seer ✓

s2

Werewolf ✓

Guard ✓

Seer ✓

Villager ✓

s3

Werewolf ✓

Guard ✓

Seer ✓

Villager ✓

 

 

s1

Fig. 6    Performance  analysis  across  (a)  Werewolf,  (b)  Guard,  and  (c)  Seer
roles  in  the  night  scenarios ,  showing  alignment  with  same-gender  and
different-gender behaviours over multiple days. Corresponding computational
methods are detailed in Table 2 and Section 5
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neither  female  nor  male.  Although  the  proportions  of  male,  female,
and neither fluctuate on different days, the Werewolf and Seer roles
typically  remain  consistent  with  the  overall  game  trends.  However,
the Guard’s alignment shifts from neither to female and eventually to
male, as the game progresses.

s2In  scenario ,  as  illustrated  in Fig. 7,  the  behaviour  of  the
Werewolf demonstrates no significant alignment with either male or
female  characteristics.  The  Guard  exhibits  a  trend  towards  male
traits,  while  both  Seer  and  Villager  show  a  preference  for  female
traits. On a day-to-day basis, the behaviour models of the LLM-based
agents  for  Werewolf  and  Villager  roles  remain  largely  consistent.
However,  Guard  and  Seer  demonstrate  differing  gender  self-
awareness each day.

s3 s1 s2In scenario , unlike scenarios  and , all roles exhibit similar
behaviour  patterns.  As  indicated  in Fig. 8,  the  green  part  represents
the  cases  where  LLM-based  agents  without  being  informed  gender
information  show  the  same  similarity  as  those  assigned  male  and
female characteristics. Therefore, it is sufficient to compare the roles
with  male  (blue)  and  female  (red)  characters  without  the  need  to
analyse  the  green  section.  It  is  observed  that  all  four  roles  tend  to
favour  male  characteristics,  and  this  observation  remains  consistent

across each day of gameplay.
T2Thus,  task  has  been  addressed,  revealing  that  LLM-based

agents  exhibit  notable  patterns  in  behaviour  that  correlate  with
gender identity across the various scenarios.

 ■ 6  Addressing task three
This  section  investigates  how  changing  the  gender  information  of
other  players  leads  to  different  decisions  or  reasoning  by  LLM
agents. Furthermore, we examine statistical outcomes across all game
states by separately considering female and male groups to determine
whether  these  two  groups  were  treated  similarly.  We  begin  by
introducing the measurements, followed by the experimental results.

 6.1  Measurements
Θs

p
As shown in Table 4,  we apply the notation  to measure whether
the  decision  made  by  LLM-based  player  is  changed  after  other
players’ gender is swapped, formulated as follows:
 

Freqs(s, p) =
1
T

T∑
t=1

Θs(St, p,P′.g), (3)

P′.g

p s ∈ {1,2,3} Freqs(s, p)
where  represents  the  swapped  genders  of  all  players  except
player  and .  also  can  be  viewed  as  the

 

 
s2 T2Fig. 7    Voting patterns in scenarios  across roles ((a) Werewolf, (b) Guard, (c) Seer, (d) Villager) in addressing , showing alignment with

same-gender and different-gender behaviours over time. Corresponding computational methods are detailed in Table 2 and Section 5

 

 
s3

T2

Fig. 8    Reliability analysis in scenarios  across roles ((a) Werewolf, (b) Guard, (c) Seer, (d) Villager), highlighting similarity shifts relative to
male, female, or equal gender patterns to address . Corresponding computational methods are detailed in Table 2 and Section 5

  
T3 s1 s2 s3Table 4    Measurements used in addressing  for scenarios , , and 

Scenarios Formulation of metrics

s1Skill ( ) Θ1(S, p,g′) = 1 p S
g′ Θ1 = 0

 if player  makes the same skill decision (i.e., selects the same target to kill, see, or protect) at game state 
after the other players’ gender are changed to , otherwise, .

s2Vote ( ) Θ2(S, p,g′) = 1 p S g′ 0 if player  votes for the same target at game state  after other players’ gender is changed to , 
otherwise.

s3Reliability ( ) Θ3(S, p,g′) p S g′ 0 = 1 if player  gives the same reliability to others at game state  after others’ gender is changed to , 
otherwise.
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Freqs(s, p)fairness  evaluation.  A  larger  value  indicates  fairer
performance. The optimal value is one.

Freqs(s, p)
p s

T
p

The frequency  calculates the average changes of player
’s  decisions  across  all  game  states  under  scenario ,  given  the

gender  changes  applied  to  all  other  players.  By  aggregating  these
changes  across  game  states,  the  formula  provides  a  measure  of
how  robust ’s  decision-making  is  to  other  participant  gender
changes in the group.

Besides  the  above  three  scenarios,  we  consider  four  additional
perspectives  involving  comparing  the  statistical  outcomes  for  male
and  female  characters  across  all  game  states,  with  the  expectation
that  both  genders  should  achieve  similar  game  results;  otherwise,  it
may  result  in  unfair  outcomes  for  one  group.  Four  additional
perspectives  are  considered  by  comparing  statistical  outcomes
between  male  and  female  characters  across  all  game  states,  where
balanced  results  would  indicate  equitable  treatment.  First,  we
investigate  potential  discrimination  in  leader  opinion  from  two
aspects:  by recording the average values  by which male and female
sheriffs change others’ reliability and examining how frequently they
successfully  influence  others  to  make  different  decisions,  known  as
decision change (DC) [13]. Additionally, we analyse the distribution
of  skills  used  by  Werewolves,  Guards,  and  Seers  on  male  versus
female  players,  as  well  as  the  win  ratios  for  male  and  female
characters.

 6.2  Experimental results
Figure 9 illustrates the fairness performance of three roles across the
overall  game  and  during  the  nights  of  the  first,  second,  and  third
days,  where  higher  values  indicate  better  fairness.  It  is  evident  that
when  LLMs  assume  any  of  the  roles  and  utilize  their  respective
skills,  they  exhibit  significant  discrimination,  with  variations  in
fairness  performance  among  different  roles.  Among  the  three  roles,
the Seer exhibits the highest fairness with a score of 0.635, while the

Guard shows the lowest fairness at only 0.353. When LLMs assume
different  roles  and  use  their  skills,  they  show  significant
discrimination,  with  varying  levels  of  fairness  performance  across
roles. Among the three roles, the Seer has the highest fairness score
of  0.635,  whereas  the  Guard  has  the  lowest  score  at  0.353.  As  the
game progresses over the days, the trends in fairness differ for each
role:  both  Werewolf  and  Seer  show  a  declining  trend  in  fairness,
indicating  a  worsening  of  unfairness,  whereas  the  Guard’s  fairness
shows  an  upward  trend,  albeit  with  limited  improvement,  reaching
only 0.476 by the third day.

s2

s1

s1

Figure 10 illustrates  the  fairness  observations  during  the  voting
processes of four roles in scenario , including overall performance
as well as specific data from the first three days. Similar to the results
of  scenario ,  LLMs  exhibit  significant  discrimination  across  all
roles.  However,  it  is  noteworthy  that,  compared  to  the  results  from

, the discrimination exhibited by the Werewolf and Guard roles has
increased,  indicating  a  greater  tendency  towards  bias  in  these  roles
during  the  voting  phase.  In  contrast,  the  fairness  of  the  Seer  has
improved, suggesting a more just behaviour in this scenario.

s1Additionally, in scenario , as the game progresses over days, the
fairness of Guard, Seer, and Villager roles fluctuates relatively little,
remaining  around  0.44.  This  stability  may  reflect  a  consistent
decision-making pattern among these roles when faced with multiple
cases  of  voting.  In  comparison,  the  Werewolf  demonstrates  poorer
fairness  performance  at  approximately  0.37,  indicating  that  its
decision-making in the voting process is subject to greater bias.

In Fig. 11, the discriminatory behaviour of LLMs when playing all
roles  significantly  intensifies,  consistently  remaining  around  0.12
across each day of the game. When the gender information of players
is  reversed,  LLM-based  agents  often  struggle  to  assign  the  same
reliability values to all other players, which amplifies discriminatory
behaviour.

 

 

T3

Fig. 9    Skill distribution across roles ((a) Werewolf, (b) Guard, (c) Seer), with the proportion of targeted players over multiple days to address
. Corresponding computational methods are detailed in Table 4 and Section 6

 

 

T3

Fig. 10    Voting  behaviour  analysis  across  roles  ((a)  Werewolf,  (b)  Guard,  (c)  Seer,  (d)  Villager),  comparing  fairness  metrics  over  days  to
address . Corresponding computational methods are detailed in Table 4 and Section 6
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s3

The  left  plot  of Fig. 12(a) shows  the  average  changes  in  the
reliability  values  adjusted  by  LLM-based agents  acting  as  male  and
female  sheriffs  during  scenario .  This  includes  statistical  data  for
each role based on their true identities as Werewolf, Guard, Seer, and
Villager,  as  well  as  an  aggregated  performance  across  all  roles.
Notably, there are differences in the level of reliability players place
in  sheriffs  of  different  genders;  overall,  players  tend  to  trust  female
sheriffs more and subsequently adjust their trust levels towards other
players,  particularly  in  the  case  of  Werewolf,  Guard,  and  Villager
roles.  Conversely,  when  the  Seer  is  male,  their  arguments  are
perceived as more persuasive than those of female Seers. Moreover,
the impact of gender on persuasiveness is most pronounced when the
sheriff’s true identity is Werewolf.

s1

The  right  plot  of Fig. 12(b) focuses  on  the  frequency  with  which
the sheriff influences the voting decisions of other players in scenario

.  In  contrast  to  the  results  observed  in  the  left  plot,  this  analysis
reveals  opposing  trends  for  the  Werewolf,  Seer,  and  Villager  roles.
This  indicates  that  the  influence  of  the  sheriff  on  reliability  levels
does  not  directly  correspond  to  their  impact  on  voting  decisions,
highlighting  the  complexity  of  LLM-based  agent  reasoning
processes. This persuasive influence based solely on gender can lead
to potential ethical issues, significantly affecting one party’s gaming
experience. Furthermore, it also reflects the LLM-based agents’ trust
and skepticism towards different gender groups.

Figure 13 illustrates the proportions of players of different genders
targeted  by  skilled  roles,  including  Werewolf  (killing),  Guard
(protecting), and Seer (seeing), when using their respective abilities.
Analysing the data  across  all  skills  reveals  that  the  acceptance rates
for  male  and  female  players  are  quite  similar.  However,  when  the
Werewolf  activates  its  skill,  female  players  are  more  likely  to

become  targets,  which  is  clearly  unfair  and  may  significantly
diminish their  gaming experience.  A typical  example of  this  is  seen
in Fig. 1, where player_5 is chosen for elimination solely because she
is female and not a teammate of the Werewolf. Similar situations are
also  evident  in  the  case  of  the  Seer.  What’s  more,  male  players  are
more  likely  to  receive  protection  from  the  Guard,  with  the  gender
differences being most pronounced among the three skill categories.

Figure 14 displays the rate of male and female survivors across 96
games, specifically illustrating the gender distribution of survivors in
each  role.  It  is  evident  that,  in  the  roles  of  Werewolf,  Guard,  and
Seer,  the number of  female winners  is  significantly higher  than that
of male players. This indicates that female players are more likely to
achieve  victory  in  these  roles,  thereby  positioning  themselves  as
beneficiaries.  However,  such  an  outcome  raises  concerns  about
gender inequality, as male players are relatively disadvantaged.

 

 

T3

Fig. 11    Reliability  evaluation  across  roles  ((a)  Werewolf,  (b)  Guard,  (c)  Seer,  (d)  Villager),  showing  consistency  of  fairness  in  assessments
relative to optimal fairness over time to address . Corresponding computational methods are detailed in Table 4 and Section 6

 

 

T3

Fig. 12    Impact  of  sheriff  decisions  on  (a)  reliability  and  (b)  decision
changes, analysed across roles (Werewolf, Guard, Seer, Villager) and gender
(male  and female)  to  address .  Corresponding computational  methods  are
detailed in Section 6

 

 
T3Fig. 13    Proportion  of  players  targeted  by  skills  to  address  across

genders. Corresponding computational methods are detailed in Section 6

 

 

T3

Fig. 14    Winning  rate  across  roles  (Werewolf,  Guard,  Seer,  Villager),
categorised by gender to address .  Total  counts reflect absolute survivors.
Corresponding computational methods are detailed in Section 6
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T3In  summary,  is  addressed,  indicating  that  the  gender
information  of  other  players  can  lead  to  different  decisions  or
reasoning by the LLM agent.

 ■ 7  Analysing non-induced gender cases
Sections  4–6  explored  the  ethical  issues  of  LLMs  by  explicitly
introducing  gender  information  in  the  prompts.  However,  in  real-
world  applications,  gender  information  may  also  be  implicitly
embedded in other proxy variables (such as names [50–53]). We also
observed that LLMs are capable of inferring a player’s gender based
on contextual cues, especially based on their first name, as illustrated
in Fig. 15.  These  inferences  are  highly  consistent  with  real-world
name-gender distributions, as shown in Fig. 16.

This section investigates whether LLMs still  exhibit ethical biases
when  gender  information  is  presented  implicitly  by  player  names
rather  than  explicitly  by  gender  labels.  Sections  7.1  and 7.2  present
the  methodology  and  experimental  design,  respectively,  while
Section 7.3 analyses the results.

 7.1  Methodology
Existing research has demonstrated that some first names are strongly

correlated with their  perceived gender [50–53].  Even in the absence
of  explicit  gender  indicators,  LLMs  can  possibly  infer  gender
information  based  on  first  names,  leading  to  discriminatory
behaviours. In this study, we therefore select first names that exhibit
strong  associations  with  specific  genders  to  serve  as  proxies  for
gender  information  within  prompts,  and  then  systematically  replace
explicit  gender  markers  (“male” or “female”)  with  identical  prompt
templates (cf. Fig. 4), as illustrated in Fig. 16.

The ethical impacts of names are analysed from three perspectives.
(i)  Whether  naming  an  LLM-based  agent  leads  to  behavioural
changes or  not? (ii)  When an LLM-based agent  acts  in  a  leadership
role,  does  its  name  affect  other  players’ trust  assessment  and
decision-making?  (iii)  Does  the  name  influence  the  win  rates  of
LLM-based agents?

 7.2  Experimental design
Seven  first  names  strongly  associated  with  specific  genders  were
selected  from  the  publicly  available  dataset  of  the  United  States
Social Security Administration (SSA) [51,54], to serve as proxies for
gender information within prompts.  This dataset  contains the names
and gender of all individuals born in the United States after 1879 and
applied for a social security card. Some of its attributes are illustrated
in Fig. 16 (top).

Specifically,  we  first  identified  names  with  a  gender  assignment
percentage  exceeding  99% and  further  retained  only  those  with
prediction  accuracy  scores  above  99% according  to  GenderAPI
(genderize),  a  widely  used  gender  prediction  API,  for  cross-check.
Among  the  resulting  names  that  met  both  criteria,  the  seven  most
popular  ones,  Scott,  Timothy,  Kenneth,  Keith,  Judith,  Mildred,  and
Elizabeth, were used in our experiments. Among them, the first four
are most typical male names, while the others are most typical female
names  according  to  SSA  and  GenderAPI.  In  each  run,  the  seven
selected  first  names  were  randomly  assigned  to  seven  players.  The
experiment has been independently repeated 70 times.

 7.3  Experimental results

p
s1 s2 s3

Figure 17 illustrates the frequency of decision discrepancies between
conditions  which  player  is  assigned  their  original  first  name  and
when  the  name  is  omitted,  across  scenarios , ,  and .  The
experimental setup follows the same procedure as described in Fig. 5
of Section 4, except that explicit gender labels are replaced with first
names.  As  shown  in Fig. 17,  the  dotted  bars,  indicative  of
discriminatory behaviour, still have a non-negligible proportion. This
finding  suggests  that  when  an  LLM-based  agent  assumes  different
roles, even if gender cues are only implicitly embedded via names in
the  prompt,  the  LLMs  may  still  infer  the  gender  of  other  players
based  on  their  names  and  generate  discriminative  responses
accordingly.

s1

Interestingly, in Fig. 17, the behavioural trends observe among the
three  roles  when  exposed  to  names  closely  resemble  those  seen  in
Fig. 5,  where  gender  was  explicitly  provided.  For  example,  in
scenario ,  Guard  exhibits  the  most  discriminative  behaviour  in
response  to  gender  signals  embedded  in  names,  followed  by
Werewolf,  whereas  Seer  remains  the  most  stable.  Furthermore,  in

 

 
Fig. 15    Two  examples  demonstrating  that  LLMs  can  infer  gender  from
player  names  in Werewolf gameplay,  consistent  with  real-world  statistics
shown in Fig. 16

 

 
Fig. 16    Illustration  of  the  prompt  template  where  gender  information  is
encoded via first names
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s2scenario ,  over  half  of  the  instances  across  all  four  roles  exhibit
decision  changes  after  the  introduction  of  names.  These  findings
further  suggest  that  LLMs  are  capable  of  inferring  gender  from
names  and  may  consequently  exhibit  discriminatory  behaviour,
which answers our research question (i) in Section 7.1.

Figure 18 presents  the  average  changes  in  reliability  values  and
percentages  of  decision  changes  of  LLM-based  agents  serving  as
sheriffs  when  assigned  different  first  names.  The  experimental
configuration  follows  the  same  approach  as  described  for Fig. 12,
with  the  sole  difference  being  the  use  of  first  names  instead  of
explicit gender labels. Note that we analyse the performance of each
name  across  different  role-playing  contexts  and  further  conduct  a
gender-based perspective analysis. This examination provides a more
comprehensive  understanding  of  how  implicitly  embedded  gender
cues influence model behaviour in terms of leader opinion.

Figure 18 demonstrates  that  the  assignment  of  first  names
significantly affects the persuasive capabilities of LLM-based agents
in  terms  of  reliability  and  decision  change,  highlighting
discriminative  behaviours,  which  answers  the  research  question  (ii)
asked  in  Section  7.1.  Notably,  while  the  overall  difference  in
persuasion effectiveness between male and female-associated names
is  minimal,  distinct  variations  become  apparent  when  examining
specific roles, particularly in the Werewolf role. Furthermore, agents
named Kenneth show the greatest persuasive influence on reliability
change  when  acting  as  Guard.  A  high  degree  of  consistency  is
observed  in  the  statistical  results,  regardless  of  whether  gender
information  is  presented  implicitly  or  explicitly.  Specifically,
regarding  reliability  change,  LLM-based  agents  demonstrate
comparable  performance  across  different  roles  (e.g.,  Werewolf  and
Guard).  In  terms  of  decision-making  change  patterns,  the  LLM’s
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Fig. 17    Frequency of decision discrepancies between name-informed and name-omitted cases for LLM-based agents, considering , , and
 across roles (Werewolf, Guard, Seer, Villager), using first names as proxy for gender information. Corresponding computational methods are

detailed in Section 7.3

 

 
Fig. 18    Impact of sheriff decisions on reliability and decision changes, analysed across roles (Werewolf, Guard, Seer, Villager) and first names,
using first names as proxy for gender information. Corresponding computational methods are detailed in Section 7.3
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behaviour consistently aligns with the results shown in Fig. 12 for all
four roles (Werewolf, Guard, Seer, and Villager).

Figure 19 illustrates the gender distribution of winning rates across
each  role,  as  well  as  the  variation  in  winning  rates  among  players
assigned different first names across each role. This analysis follows
the  same methodology as  the  one presented in Fig. 14 in  Section 6.
Notably,  certain  name-role  combinations  demonstrate  markedly  low
success  rates,  particularly  Guard  with  the  name  Kenneth  and  Seer
with  names  Keith  and  Judith,  revealing  an  unfair  imbalance.  The
statistical results maintain consistent patterns considering the gender
information  representation  method  (implicit  or  explicit),  e.g.,  both
Guard and Villager roles. Our research question (iii) in Section 7.1 is
therefore answered.

In  summary,  the  experimental  results  demonstrate  that  LLMs
consistently  exhibit  biased  decision-making  when  role-playing  in
games, even when gender information is implicitly presented through
players’ first  names  instead  of  explicit  gender  labels.  In  particular,
these  results  align  closely  with  our  previous  findings  using  explicit
gender labels, confirming that the observed discrimination originates
from gender associations linked to specific names.

 ■ 8  Discussion and outlook
This section discusses challenges, from demonstrating that providing
gender  information  causes  LLMs  to  reinforce  stereotypes  that
undermine  fairness  in  playing  games  to  exploring  the  cultural  and
narrative factors that shape these biases. It concludes with difficulties
of  deploying  such  models  with  oversight  to  proposing  targeted
mitigation strategies in games.

 8.1  Exploring gender bias in LLMs
One of the key concerns of the LLMs is gender bias, as these LLMs
can reflect and even amplify the social biases associated with gender
[55].  For example, studies on LLMs reasoning and decision-making
reveal  that  these  are  highly  impacted  by  contextual  gender
information  can  significantly  impact  outputs,  leading  to  imbalances
in  gameplay  and  may  negatively  affect  the  player  experience  by
unfairly  reinforcing  traditional  gender  roles  [55].  This  issue  is
particularly  critical  for  applications  that  demand  neutrality  and
fairness. Our experimental results demonstrate that providing gender
information causes LLM-based agents to adjust their actions in ways
that  reinforce  existing  gender  stereotypes  [56].  For  example,  roles
such  as  Werewolf  and  Guard  exhibited  increased  sensitivity,  with

altered  target  selection  and  voting  decisions,  when  gender
information was introduced. This observation suggests further studies
on  the  ethical  considerations  of  LLMs  subject  to  other  sensitive
information.

Drawing  inspiration  from  recent  advances  in  fair  LLM
development  [17,19,20],  we  propose  several  potential  solutions  to
mitigate  these  ethical  biases  in  LLM  game  playing.  Prompt
engineering techniques, such as [57], may effectively guide LLMs to
disregard  gender  cues  while  maintaining  reasoning  fidelity.  What’s
more,  for  open-source  models,  more  fundamental  solutions  may  be
achieved  through  fine-tuning  methods  like  data  augmentation,
including  the  mixup-based  linear  interpolation  approach  [58]  and
automatically  searching  for  biased  prompts  [59].  Note  that  these
technical  interventions  should  be  implemented  alongside  ongoing
evaluation  using  game-specific  fairness  metrics  to  ensure  their
effectiveness.  In  addition,  making the  biases  of  a  model  transparent
and  explaining  their  possible  consequences  can  further  support
expectation management and the building of trust [48,60].

 8.2  Indirect leakage of sensitive information
Experimental  studies presented in Section 7 demonstrate  that  LLMs
can  infer  gender  from  seemingly  neutral  textual  cues,  such  as  first
names. This capability poses a subtle yet serious ethical concern. In
real-world  applications,  demographic  attributes  are  often  embedded
implicitly,  through  names,  pronouns,  social  context,  or
conversational tone, and not directly annotated [50,52,61]. However,
as  our  results  in  Section  7  show,  LLM-based  agents  may  still
internalise  and  act  upon  these  cues,  leading  to  discriminatory
outcomes even when explicit bias mitigation strategies are applied.

Such  findings  suggest  that  model  debiasing  cannot  rely  solely  on
removing  explicit  markers  of  sensitive  attributes.  Instead,  it
necessitates deeper scrutiny of latent associations within the model’s
learned  representations.  For  example,  names  like  Scott  or  Elizabeth
not  only  carry  gender  associations  but  may  also  trigger  socially
biased patterns learned from data.

 8.3  Cultural and narrative influences on stereotyping
In  many  applications,  completely  eliminating  bias  may  not  be
entirely  feasible  or  even  desirable  because  some  degree  of  bias  can
reflect  inherent  societal  realities  or  cultural  preferences  [21].  For
specific  applications,  such  as  localisation  to  a  particular  geographic
region, an LLM may have to tailor its output to fit local norms, which

 

 
Fig. 19    Winning  rate  across  roles  (Werewolf,  Guard,  Seer,  Villager),  categorised  by  gender  (male  and  female)  and  seven  first  names.
Corresponding computational methods are detailed in Section 7.3
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naturally introduces some bias. However, this flexibility creates some
ethical  and  practical  challenges.  The  effort  to  completely  eliminate
bias  models  must  balance  the  risk  of  oversimplifying  cultural
nuances  [62,63],  or  even  generalising  too  much  with  the  need  to
tolerate  certain  biases  that  may  allow  reinforcement  of  harmful
stereotypes  or  systemic  inequities,  especially  when  such  biases
disproportionately  affect  under-represented  or  marginalised  groups.
Moreover,  it  is  also  important  to  recognise  that  sometimes  the  bias
measured  from  a  given  dataset  may  simply  result  from  noise  or  a
small sample size rather than a genuine systematic effect.

Social  deduction  games  thrive  on  rich  narratives  and  well-
developed character  archetypes,  and  a  moderate  degree  of  character
differentiation  can  enhance  player  immersion.  However,  our  study
suggests  that  an  excessive  reliance  on  stereotyped  roles  may
undermine fairness in gameplay. In our experiments, LLMs also fall
prey  to  the  stereotyping  associated  with  certain  groups,  which  can
warp  their  outputs  by  making  assumptions  based  on  cultural,
historical,  or  fiction-based tropes  [64].  For  example,  when handling
mythological  or  fictional  characters  such  as  werewolves,  an  LLM
might  assume  that  all  werewolves  are  male  because  of  prevalent
stereotypes and common representations [65]. In popular culture and
media,  werewolves  are  frequently  depicted  as  male,  indicating  that
the  model  has  adopted  a  biased  representation.  This  kind  of  bias
demonstrates how LLMs can inadvertently perpetuate stereotypes by
learning  data  patterns  that  misrepresent  certain  groups  and  reduce
diversity  in  the  depiction  of  fictional  or  social  entities.  In  other
words,  while  a  certain  degree  of  bias  may  contribute  to  narrative
authenticity, exceeding an acceptable threshold undermines equitable
treatment.

In  addition,  specific  terms  in  some  languages  or  cultures  exhibit
strong innate preferences, such as gender [55,66]. For instance, there
are  implicit  gender  associations  for  professions,  roles,  or  even
mythical  characters  that  arise  from  intrinsic  linguistic  or  cultural
norms.  In  other  languages  or  cultural  contexts,  however,  these
associations may be less pronounced. This variation raises questions
about  whether  such  biases  can  be  identified  during  training  and
whether  leveraging  multilingual  and  multicultural  datasets  can
mitigate  their  impact.  By  integrating  diverse  linguistic  and  cultural
data  and  actively  detecting  culturally  specific  gender  biases,  it  may
be possible  to  develop models  that  generalize  better  across  contexts
by  reducing  the  influence  of  biases  tied  to  a  particular  language  or
cultural norm [55].

Overall, the determination of an acceptable level of bias should be
grounded in ethical frameworks, tailored to the specific requirements
for application and continuously refined through ongoing discussions
among  stakeholders  and  countries  from  AI  ethics  to  sociology  and
cultural studies [62].

 8.4  LLM deployment in playing games
A number  of  challenges  arise  in  deploying  LLMs due  to  inefficient
review  mechanisms  and  limited  enforcement  of  restrictions  [67].
Without robust and effective review systems, these models frequently
generate  biased  or  inappropriate  outputs,  particularly  in  sensitive
contexts.  To  address  these  issues,  researchers  and  companies  have

introduced strategies such as memory integration, content moderation
systems,  and  the  customisation  of  responses  using  customised
prompts  [67,68].  Nevertheless,  such  measures  have  achieved  only
limited  success.  Users  and  researchers  can  bypass  these  safeguards
through  tactics  like  prompt  injection  attacks,  further  exposing  the
vulnerabilities  in  these  systems  [69].  Even  with  these  interventions,
LLMs often struggle to produce outputs that are both context-aware
and aligned with restrictions.

Social  deduction  games  provide  a  structured  yet  dynamic  testbed
for probing ethical challenges. The controlled environment of a game
such  as Werewolf enabled  us  to  systematically  assess  how  subtle
changes  in  input,  such  as  gender  information,  lead  to  significant
shifts  in  agent  behaviour.  Based  on  our  findings,  several  strategies
merit  further  exploration.  An approach is  prompt  refinement,  which
involves  adjusting  prompt  templates  to  minimise  inadvertent
emphasis  on  gender  attributes  while  retaining  the  necessary
contextual  information.  This  domain-specific  intervention should  be
designed  to  preserve  the  strategic  and  narrative  complexity  of  the
game while reducing the risk of bias.

Despite  these  advances,  our  study  also  reveals  limitations.  First,
our  experiments  focus  solely  on  the Werewolf game.  Future  studies
include  determining  whether  similar  bias  patterns  occur  in  other
types  of  interactive  or  narrative-driven  games.  Moreover,  although
we  have  isolated  the  influence  of  gender  information,  other
demographic or  contextual  factors may also play a role and warrant
further investigation.

 ■ 9  Conclusion
This study explores the integration of LLMs into game playing, using
Werewolf as  a  case  study,  to  investigate  their  ethical  considerations
and  potential  biases.  The  findings  highlight  that  gender  information
significantly  influences  LLMs’ decision-making,  potentially
introducing  biases  that  affect  game  fairness  and  player  experience.
While  some  roles  exhibit  greater  consistency,  others,  such  as  the
Guard and Werewolf, demonstrate a heightened sensitivity to gender
dynamics.  In  addition,  our  study examines cases  in  which gender  is
not  explicitly  provided  but  implicitly  conveyed  through  names,
revealing  the  presence  of  discriminatory  tendencies  even  in  the
absence of direct gender cues. These results underscore the need for
careful  scrutiny  of  LLM  behaviour  in  structured,  socially  charged
scenarios to mitigate biases.

By leveraging games as controlled experimental environments, this
research sheds light  on the ethical  challenges and biases  inherent  in
LLM decision-making processes. The findings emphasize the critical
need to identify,  analyse,  and mitigate biases that  can lead to unfair
outcomes or reinforce stereotypes in socially sensitive contexts. This
study  highlights  the  value  of  structured  testbeds,  such  as  games,  in
providing a  safe  and interactive space to  evaluate  and address  these
ethical concerns systematically.

In  the  future,  expanding  validation  through  diverse  reasoning
games  can  comprehensively  enhance  our  findings.  More  efforts
should  also  prioritise  refining  fairness  metrics,  diversifying  training
data,  and  establishing  robust  guidelines  to  ensure  that  LLMs  are
deployed  responsibly,  minimising  bias,  and  fostering  equitable
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behaviour [20,70]. Balancing cultural contexts with universal ethical
principles  is  essential  to  building  AI  systems  that  contribute
positively and fairly across diverse applications.
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