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Abstract

With the growing adoption of artificial intelligence
in high-stakes decision-making, identifying the
causes of outcomes—particularly failures—and deter-
mining who is responsible has become a critical
concern. In this work, we examine how well formal
definitions of responsibility attribution, grounded
in the framework of actual causality, align with hu-
man judgments of responsibility. To this end, we
conduct a large-scale survey to elicit human judg-
ments of responsibility in multi-agent sequential
decision-making scenarios, using a modified ver-
sion of the card game Goofspiel. We evaluate mul-
tiple responsibility attribution methods, assess their
alignment with human judgments about responsi-
bility, and identify factors that significantly shape
responsibility judgments. While no single respon-
sibility attribution method consistently aligns with
human responses, our findings highlight key factors
that influence human responsibility judgments, in-
cluding agent-specific biases and amount of infor-
mation available to agents during decision-making.

1 Introduction

In high-stakes multi-agent sequential decision-making, at-
tributing responsibility when harm occurs is a central concern
for ensuring accountable outcomes. This task is inherently
complex due to several intertwined challenges. Uncertainty
about the consequences of individual and collective decisions
makes it difficult to assess causal links between actions and
outcomes. Furthermore, multi-agent settings face the prob-
lem of many hands [Van de Poel, 2015], where the actions
of multiple agents interact in ways that blur the lines of in-
dividual responsibility. Temporal interdependence between
decisions—where decisions made by one agent influence and
are influenced by the actions of others over time—further
complicates attribution. These factors imply that assigning
responsibility cannot rely on simple causal or temporal prox-
imity but instead requires careful modeling of agent interac-
tions and their evolving contributions to outcomes.

*Work performed during an internship at Max Planck Institute
for Software Systems.

Recent work attempts to tackle these challenges by pro-
viding a formal framework, grounded in actual causality, for
attributing responsibility in complex multi-agent sequential
decision-making environments - [Triantafyllou et al., 2022;
Triantafyllou and Radanovic, 2023]. This framework treats
the degree of responsibility as a quantitative measure of the
extent to which an agent contributed to an outcome. The
central idea is to-identify the actual causes of the outcome,
i.e., the specific decisions that were pivotal in bringing it
about, and then determine an agent’s responsibility based on
whether their decisions appear among these causes and how
significantly they contributed. This approach is axiomatic
and prescriptive: it begins with formal principles that de-
fine actual causation and derives responsibility assignments
by translating causal influence into measurable quantities.

However, these causal approaches to responsibility attri-
bution do not incorporate human factors: how well they align
with human judgments about responsibility is unclear. Yet, as
argued by Lima et al. [Lima et al., 2021; Lima ef al., 20231,
public opinion matters, particularly when decisions have sub-
stantial societal impact. Hence, in this paper, we ask:

1. How do responsibility attribution methods based on actual
causality align with human judgments of responsibility?

2. Which factors most influence how humans assign responsi-
bility in complex multi-agent scenarios?

To this end, we design and conduct a human-subjects study
(n = 640) to elicit human judgments about responsibility
in multi-agent sequential decision-making'. We use a team-
based version of the card game Goofspiel [Lanctot er al.,
2019; Triantafyllou er al., 2022] as a representative setting
for complex multi-agent scenarios. The game has two teams,
Team A and Team B, each with one human and one Al player,
making decisions over five rounds. Respondents are shown
game scenarios—vignettes—in which Team A loses and are
asked to assign a degree of responsibility to each player in
Team A for the team losing.

We use multiple treatments to 1) test alignment of human
judgments with responsibility attribution methods from the
literature, and 2) quantify the influence of different factors
that may affect human judgment. We study five responsibil-
ity attribution methods based on three definitions of actual

"The Ethical Review Board of the Faculty of Mathematics and
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causality and two definitions of the degree of responsibility.
We focus on three main factors that may influence judgments:

* Initial condition: Initial cards dealt to players were varied.
In some games, Team A, or a member of Team A, was dealt
worse cards than the other players, i.e., there was a bias
against them. Our hypothesis was that people would assign
a lower degree of responsibility to a player when they had
a disadvantageous initial condition. Moreover, by using
vignettes where only one of the players of Team A was
subject to bias, we test if respondents distinguish between
human and AI agents under unequal starting conditions.

» State observability: We ask respondents to assign respon-
sibility assuming games were either perfect-information
(i.e., players see each other’s cards) or imperfect-
information (i.e., players see only their own cards). Our
hypothesis was that coordination under partial observabil-
ity is more difficult, and thus, people would assign lower
responsibility in those scenarios.

* Aid in counterfactual reasoning: As responsibility attri-
bution methods are based on actual causality, counterfac-
tual reasoning plays a critical role. We tested how judg-
ments differ when counterfactuals are shown, i.e., when re-
spondents are shown what would have happened if players
from Team A had made different decisions. Our hypoth-
esis was that counterfactuals help align human judgments
more closely with attribution methods that rely on them.

Overview of results. Our findings show that human judg-
ments of agent responsibility are context-sensitive. Greater
information access and availability of counterfactuals in-
crease perceived accountability: respondents assigned higher
degrees of responsibility when players fully observed the
state of the game and when counterfactuals were provided
to the respondents. This suggests people calibrate their judg-
ments based on the information available to the players and
what they could plausibly do. Notably, under biased initial
conditions, respondents assigned higher degrees of responsi-
bility when the disadvantaged player was a human, but not
when it was Al This asymmetry suggests that people cali-
brate responsibility on the basis of a player’s actions as well
as the player’s identity. Alignment with formal models of
causal attribution was strongest under biased initial condi-
tions, especially when both players in Team A were dis-
advantaged, suggesting that visible structural asymmetries
prompt people to assess responsibility in ways that are more
consistent with formal models. Finally, self-reported con-
fidence was positively correlated with responsibility ratings
and stronger alignment with formal models, suggesting that
confidence reflects a sense of causal clarity.

Contributions. Our work contributes to the growing body
of literature on understanding human judgments about re-
sponsibility in multi-agent settings involving humans and Al
Unlike prior work, we examine the alignment of formal ap-
proaches to responsibility attribution grounded in causality
with human judgments, and we consider more complex en-
vironments, namely, sequential decision-making over mul-
tiple rounds. Our technical contributions are: 1) we intro-
duce the first evaluation framework that bridges formal re-
sponsibility models with empirical human-judgment data, en-

abling direct and systematic comparison between responsi-
bility assignments from formal models and human responsi-
bility judgments; 2) we decompose key contextual features
in multi-agent sequential decision-making settings, such as
state observability, into independent, controllable treatments,
allowing their effects on responsibility judgments to be stud-
ied systematically; and 3) we propose a new empirical frame-
work that uses visual, sequential scenarios to make concepts
related to actual causality (AC) and degree of responsibility
(DR) understandable to laypeople. Our modular pipeline en-
ables any DR method grounded in AC to be evaluated in the
future, as well as the addition of new contextual treatments.

2 Related Work

Actual causality. This paper relates to an extensive body
of literature on actual causality. Much prior work on actual
causality has focused on extending the But-For definition—
henceforth, the BF definition—which is based on the but-for
test [Hart and Honoré, 1985; Pearl, 1998; Hitchcock, 2001;
Hall, 2007; Halpern and Hitchcock, 2015]. Under this cri-
terion, a set of agents’ actions is considered a cause of an
outcome if the outcome would not have materialized had this
set of actions been altered. One extension of the BF defini-
tion was proposed by Halpern and Pearl (2015), henceforth,
the HP definition. The HP definition extends the classical BF
definition by introducing contingencies. We refer the reader
to the related work section of Triantafyllou (2022), which
provides a brief overview of these definitions and explains
how they relate to the HP definition and its variants [Halpern
and Pearl, 2005; Halpern, 2015; Halpern, 2016]. Our goal is
to study human perceptions in complex multi-agent sequen-
tial decision-making. Hence, we focus on definitions that
have been operationalized in one such setting (i.e., in Dec-
POMDPs) [Triantafyllou et al., 2022]. In contrast to past
work that studies the computational and structural proper-
ties of these definitions [Triantafyllou and Radanovic, 2023],
we examine how responsibility-attribution methods based on
these definitions align with human responsibility judgments
and the factors that contribute to this alignment.

Formal models of responsibility. The most relevant prior
work to ours concerns models of responsibility based on ac-
tual causality [Chockler and Halpern, 2004; Triantafyllou et
al., 2022; Triantafyllou and Radanovic, 2023; Halpern and
Kleiman-Weiner, 2018; Alechina et al., 2020], among which
we focus on those operationalized in Dec-POMDPs [Chock-
ler and Halpern, 2004; Tigard, 2021; Triantafyllou and
Radanovic, 2023]. However, we note that prior research has
also considered alternative approaches to responsibility attri-
bution. Baier et al. (2021) propose a game-theoretic frame-
work for responsibility attribution, distinguishing between
two notions of responsibility: forward (prescriptive) and
backward (retrospective). The latter is related to causal no-
tions of responsibility [Chockler and Halpern, 2004] and at-
tributes responsibility for a realized play, whereas the former
attributes responsibility based on all potential plays. Hence, it
is similar to the notion of blame in multi-agent Markov Deci-
sion Processes proposed by Triantafyllou et al. (2021), which
considers average performance rather than realized outcomes
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when attributing blame. Other works on causal responsibil-
ity distinguish between responsibility, blame, and blamewor-
thiness [Chockler and Halpern, 2004; Halpern and Kleiman-
Weiner, 2018], incorporating agents’ epistemic states and in-
tentions into formal models. Much prior work quantifies re-
sponsibility (or related concepts) using concepts from cooper-
ative game theory, such as the Shapley value [Shapley, 2016;
Shapley and Shubik, 1954] and Banzhaf index [Banzhaf III,
1964; Banzhaf III, 1968]. Other approaches explore compu-
tational models of responsibility judgments based on coun-
terfactual simulation [Tsirtsis et al., 2024]. Our contribution
to this line of work is to understand the alignment between
formal models of responsibility based on actual causality and
human responsibility judgments.

Moral responsibility. Work on morality goes back cen-
turies with philosophers such as David Hume and Jeremy
Bentham offering early systematic accounts of moral judg-
ments in the mid-18th century [Hume, 2023; Morris and
Brown, 2001]. Historically, normative philosophy centered
on the principle of harm avoidance—the idea that moral action
requires avoiding and preventing harm, often treating other
moral considerations, such as honesty, as secondary when in
conflict with this imperative [Mill, 2001; Bentham, 1988].

Along those lines, a fundamental aspect of morality in-
volves making judgments about when individuals are morally
responsible for their actions and holding them accountable for
the resulting consequences. While an agent’s moral respon-
sibility may differ from their causal responsibility (for exam-
ple, a toddler causing an adverse outcome may be causally
but not morally responsible), the two are typically closely in-
tertwined [Talbert, 2025]. This interplay between causal and
moral responsibility becomes especially salient in an era of
increasing human-machine interaction. As autonomous Sys-
tems take on greater roles in decisions that may affect peo-
ple’s lives, understanding how society perceives responsibil-
ity for adverse outcomes has become increasingly vital. Al-
though responsibility and blame are distinct, with interper-
sonal blame philosophically considered a response to moral
agents on the basis of their adverse actions [Tognazzini and
Coates, 2025], research on how people assign blame offers
valuable insight into broader perceptions of responsibility.

Human attitudes and perceptions. When harm is caused
by only one agent, prior work shows people blame machines
more than humans for the same mistake [Hong et al., 2020;
Franklin et al., 2021]. Similarly, robots are blamed more
than humans when they fail to make utilitarian decisions
[Malle et al., 2014; Lima et al., 2021]. This trend re-
verses in settings involving human-robot interaction under
human supervision (e.g., a semi-autonomous vehicle operat-
ing under the supervision of a human driver), where people
blame the human more than the machine [Awad et al., 2020;
Beckers et al., 2022]. Autonomous systems are judged more
harshly than non-autonomous agents that rely on human input
[Furlough et al., 2021; Kim and Hinds, 2006]. In both cases,
the human was blamed more than the agent. Recent work also
studies how people attribute blame and causal responsibil-
ity in settings where human and Al agents act independently
yet contribute jointly to an adverse outcome: in Meier et al.
(2025), when two agents perform identical actions but only

one violates an expected norm, the norm-violating agent is
consistently judged more blameworthy and causally respon-
sible, regardless of whether it was human or a machine.

We extend this literature by examining whether formal def-
initions of responsibility attribution align with human judg-
ments in multi-agent, sequential decision-making settings
where humans collaborate with Al agents. We study a more
complex setting than prior work: humans and Al agents make
sequential choices, rendering the attribution of responsibility
for an adverse outcome substantially more intricate. More-
over, our work is the first to study how formal causality-based
responsibility models align with human judgments.

3 Methodology

Our survey was based on a version of the game Goofspiel
[Triantafyllou er al., 2022; Lanctot et al., 2019; Meng er al.,
2023], which we used to simulate interactions between two
competing teams, each comprising one human and one Al
player. We conducted a survey experiment with respondents
recruited via the Prolific platform. Respondents were asked
to evaluate agent responsibility across a range of carefully de-
signed Goofspiel vignettes. We first describe causal responsi-
bility attribution briefly, followed by an introduction to Goof-
spiel and the vignettes shown to respondents. We then detail
the treatments in the survey and our recruitment protocol.”

3.1 Responsibility Attribution Methods

We study responsibility attribution (RA) methods that first
identify actual causes of an outcome using one of the defini-
tions of actual causality from the Al literature [Halpern, 2016;
Triantafyllou et al., 2022]. We consider three definitions of
actual causation (AC): in addition to the BF definition [Hart
and Honoré, 1985] and the HP definition [Halpern and Pearl,
2005], we consider a definition introduced in Triantafyllou et
al. (2022), henceforth, the TR definition. Once the actual
causes of an outcome have been identified, the question be-
comes: how much responsibility should each agent bear for
that outcome? To answer this, we can define the degree of
an agent’s responsibility. We consider two definitions of the
degree of responsibility (DR): one by Chockler and Halpern
(2004) (henceforth, the CH degree of responsibility) and an-
other by Triantafyllou et al. (2022) (henceforth, the TR de-
gree of responsibility). Note that the CH and TR degrees
of responsibility are agnostic to the specific definition of ac-
tual causality—any definition can be used to determine ac-
tual causes. This gives six possible ACxDR combinations.
However, two combinations (BFxCH and BFxTR) yield
the same degrees of responsibility, thus, we have five distinct
responsibility attribution methods. We consider these defi-
nitions within the decentralized partially observable Markov
decision process (Dec-POMDP) framework. We refer the
reader to Triantafyllou et al. (2022) for more details.

3.2 The Goofspiel game

We consider a team-based variant of the card game Goof-
spiel, as in Triantafyllou et al. (2022), with five rounds. Two

% An extended version of the paper is available on arXiv with ad-
ditional implementation and analysis details (e.g., regression tables).



PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

The original game in Example 2

[2): 3]

TEAMA  TEAMB

Previous counterfactual game
(had AP-5 played 4 in round #1)

New counterfactual game
(had AP-5 played 4 in round #1 and
had Alex played 8 in round #2)

Figure 1: An example Goofspiel match with counterfactuals. The left panel shows the original game (gray cards); the middle and right panels
show counterfactual games with first and second interventions highlighted in light green and dark green respectively, and subsequent actions

shown in light and dark orange, respectively.

teams — Team A and Team B — compete, each with one hu-
man player and one Al agent (Figure 1). Team A includes
Alex (human) and AP-5 (Al); Team B has Billie (human) and
BB-8 (AI). The human players have gender-neutral names
[Brylla, 2009], and the AI players’ names were inspired by
droids from Star Wars [Disney, a; Disney, b].

We use “players” and “agents” interchangeably throughout
the paper. Figure 1 depicts our game setup: the original game
(left panel) and two counterfactuals (middle, right panels).

Description of Goofspiel. At the start of the game; each
player is dealt five cards from the standard 52-card deck. All
players are aware that any given player holds cards of only
one suit. Additionally, a separate deck of cards—called prize
deck—is shuffled and placed face down. The game proceeds
over five rounds. In each round, a prize card is drawn from
the prize deck and revealed to all players; its value is shown in
yellow between the players Alex and Billie. Upon observing
this prize card, each player simultaneously selects one card
from their hand to play. The selected card is shown in color,
while the remaining unplayed cards appear in white. The
team whose combined bid (i.e., the sum of the two selected
cards) is higher wins the round and receives the prize card,
which is added to the team’s score. If the teams have equal
sums, the prize card is discarded and no points are awarded
(i.e., the scores remain the same). All cards played in that
round are discarded, and a new round begins. The game ends
after round 5, and the team with the highest cumulative score
wins. If the teams have equal scores, then the game is a draw.

Counterfactual Games. The left panel of Figure 1 depicts
the actual sequence of play, while the middle and right panels
present counterfactual versions of the game. In the counter-
factual in the middle panel, AP-5 selects a different card in
Round 1. This alternative card AP-5 plays in the counter-
factual is highlighted in light green, while the card originally
played by AP-5 in that round is shown in gray. Following
the literature on causality, we refer to this as an intervention

[Halpern and Pearl, 2005; Triantafyllou ef al., 2022]. This al-
ters the composition of AP-5’s hand, influencing subsequent
rounds, where AP-5 may sometimes choose the same card as
in the original sequence and at other times a different one.
Cards played after the initial intervention are shown in light
orange, signaling both the counterfactual nature of the game
and the intervention itself. At its core, a counterfactual game
poses the question: What would have happened if AP-5 had
played card #4 in Round 1?

Counterfactual games may include multiple interventions.
Consider the right panel of Figure 1. AP-5 plays a different
card in Round 1, while Alex chooses a different card in Round
2. This scenario effectively asks: What would have happened
if AP-5 had played card #4 in Round 1 and Alex had played
card #4 in Round 2? In such cases, the first intervention is
highlighted in light green and the second in dark green. Cards
played after the first intervention are shown in light orange,
while those played after the second intervention are shown in
dark green. As with simpler counterfactuals, in later rounds
players may either replicate the card they played in the orig-
inal game or select different cards. When both interventions
occur in the same round, they are jointly highlighted in light
green, and all subsequent plays are marked in light orange.

Intervention(s) in counterfactual games can lead to a deci-
sive shift in outcome. Comparing the original game and its
counterfactuals shows how different decisions by one or both
agents can causally alter the game’s final result: in Figure 1
(right panel), the result is reversed—Team A wins instead.

Game Scenario Generation. We generate Goofspiel
games by rolling out policies from Triantafyllou et al. (2022).
For Team A, we use their policy of agent Ag0, while for Team
B, we use their stochastic Opponents’ policies. The initial
configuration of each game depends on the initial condition
treatment (see Sec 3.4). The generation process otherwise fol-
lows that of Triantafyllou et al. (2022): (1) before the game
starts we shuffle the prize deck; (2) in each round we sample
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Team B’s actions. With this process, we obtain 1000 games
per initial configuration in which Team A did not win.

Like Triantafyllou et al. (2022), we further identify ac-
tual causes and degrees of responsibility for each of the orig-
inal games under each combination of actual causality defi-
nitions and responsibility attribution methods. In contrast to
Triantafyllou et al. (2022), we limit the number of interven-
tions in counterfactual games to 2 instead of 4. In treatments
with counterfactual scenarios, the set of actual causes for a
given game defines the counterfactual scenarios shown to re-
spondents. For example, in a treatment where we present one
counterfactual scenario per game relevant to calculating the
degree of responsibility of AP-5, we use the actual cause most
relevant for determining AP-5’s degree of responsibility. In a
treatment where we present two counterfactual scenarios rel-
evant to calculating the degrees of responsibility of AP-5 and
Alex, we analogously use the actual causes most relevant for
determining their respective degrees of responsibility. Tuto-
rials for some treatments include counterfactual games that
are not based on actual causes but serve as illustrative exam-
ples for explaining counterfactuals (middle panel of Figure
1). Counterfactual games generated by actual causes change
the outcome of the original game (right panel of Figure 1).

3.3 Survey Design: Vignettes

The respondents first complete a tutorial explaining the rules
of Goofspiel, counterfactual games, and the evaluation task to
be performed. Respondents were not given a description of
the game scenario generation process. After the tutorial, each
respondent viewed five Goofspiel game vignettes in which
Team A loses. Each vignette included none, one, or two dif-
ferent counterfactual games, depending on the aid in counter-
factual reasoning treatment (Sec 3.4). These counterfactual
games, generated using actual causes as explained above, lead
to Team A winning. For each vignette, the respondent rated
the degree of responsibility of each Team A player (Alex and
AP-5) for Team A losing the original game on a 3-point Lik-
ert scale (Low, Medium, or High Responsibility), and also
provided confidence in their judgments on a second 3-point
Likert scale (Low, Medium, or High Confidence).

3.4 Survey Design: Treatments

To study factors that shape human judgments of responsibil-
ity, we vary four key features of the decision-making context:

1. Responsibility attribution method, i.e., the definitions of
actual causality and degree of responsibility used to gener-
ate counterfactual scenarios for respondents and reference
values for degrees of responsibility of Alex and AP-5;

2. Initial condition, i.e., whether there is any bias in the ini-
tial hands of different players;

3. State observability, i.c., the information available to play-
ers during the game;

4. Aid in counterfactual reasoning, i.e., the amount of coun-
terfactual information shown to respondents.

We use between- and within-subjects manipulations across
these dimensions to isolate their individual and combined
effects on responsibility judgments. The first treatment is
within-subjects, the rest are between-subjects (see Table S2).

Responsibility attribution method (ACXxDR). This
treatment varies the logic used to generate counterfactual
games and reference degrees of responsibility, using five dis-
tinct responsibility attribution methods, i.e., ACx DR combi-
nations, detailed in Section 3.1. This treatment enables us to
study the alignment between responsibility attribution meth-
ods based on actual causality and human judgments about re-
sponsibility. Respondents viewed one scenario per ACxDR
combination, enabling a within-subjects comparison across
possible ACxDR combinations. The order of the combina-
tions was randomized for each participant.

Initial condition. This treatment introduces asymmetries
in strategic advantage by manipulating the initial distribution
of card values across players, simulating real-world inequities
in resource access and opportunity. Over four conditions,
players begin with stronger or weaker hands, affecting their
ability to act effectively. In the unbiased condition, all play-
ers receive the same cards (of value 3-7), ensuring a level
playing field. The three biased conditions introduce targeted
disadvantages. In bias against Alex, Alex receives low-value
cards (2-6), while other players receive cards (3—7). In bias
against AP-5, AP-5is disadvantaged and receives low-value
cards (2-6), while other players receive cards (3—7). In bias
against both, both Alex and AP-5 receive low-value cards
(2-6), while their opponents receive the default cards (3-7).

This treatment enables us to study how biased resource
allocations shape human responsibility judgments in multi-
agent sequential decision-making, particularly in mixed hu-
man—Al teams, and whether respondents distinguish between
human and Al agents under unequal starting conditions. Re-
spondents were randomly assigned to one condition.

State observability. This treatment manipulates the per-
ceived information structure of the game by varying what
respondents are told about the information available to the
players. There are two conditions: imperfect-information and
perfect-information games, which depict common settings in
multi-agent systems [Shoham and Leyton-Brown, 2008].

In the imperfect-information condition, respondents are
told players can see only their own hand, implying they must
decide which card to play without knowing the other play-
ers’ cards. In the perfect-information condition, respondents
are told all players see every player’s hand, implying players
are more certain about the state of the game. A note in each
vignette explicitly states the information structure.

This treatment offers a natural testbed to examine how the
amount of information the players had access to during the
game affects people’s perceptions of responsibility in human-
Al teams. It enables us to study if the uncertainty introduced
due to imperfect information affects responsibility attribu-
tion. Respondents were randomly assigned to one condition.

Aid in counterfactual reasoning. This treatment varies
the amount of counterfactual information shown to respon-
dents. Respondents were randomly assigned to one of the
four conditions below. In the Factual-only condition, respon-
dents see only the original game, i.e., the players’ original ac-
tions and the outcome (Team A losing). In other conditions,
one or more counterfactuals are shown with the original:

* Counterfactual for Alex: respondents additionally see a
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counterfactual game generated from the actual cause that
is most relevant for determining the degree of Alex’s re-
sponsibility using the underlying AC x DR condition;

» Counterfactual for AP-5: respondents additionally see a
counterfactual game generated from the actual cause that
is most relevant for determining the degree of AP-5’s re-
sponsibility using the underlying AC x DR condition;

» Counterfactuals for both: respondents additionally see two
counterfactual games from the previous two conditions
(counterfactual for Alex and for AP-5).

Varying the counterfactual(s) shown (Alex’s, AP-5’s, both, or
none) tests if judgments shift from what did occur to what
could have occurred, based on each agent’s perceived capac-
ity to act otherwise. Respondents were randomly assigned to
one treatment. See Figures S4-S6 in supplementary materials
for vignettes of different treatment conditions.

This treatment studies how explicit counterfactuals influence
perceptions of responsibility, probing two key questions:

1. How sensitive are humans’ responsibility judgments to the
presence and extent of counterfactual comparisons?

2. Do these effects differ based on whether the counterfactual
of the agent in question is human or AI?

3.5 Survey Design: Recruitment Protocol

An a priori power analysis determined the sample size to de-
tect medium effects (Cohen’s d = 0.5) with 80% power at
a = 0.05. The ACxDR treatment’s within-subjects design
(five vignettes per participant) increased statistical power by
reducing individual variability. Between-subjects treatments
needed 20 respondents per condition, yielding a target sample
of 640 across 32 treatment combinations. Respondents were
recruited on Prolific: U.S.-based users with > 95% approval
and > 100 completed tasks for data quality. Each was ran-
domly assigned to a treatment combination and paid US$3.41
(over U.S. federal minimum wage).

4 Results

We discuss how each treatment affected responsibility ratings
for Alex and AP-5, followed by the alignment of the respon-
dents’ judgments with formal ACxDR assignments.

4.1 Human Responsibility Judgments

We fit a multi-variate linear mixed-effects regression model
designed to predict respondents’ responsibility ratings for
the human (Alex) and Al (AP-5) players, allowing us to
test whether the experimental treatments systematically in-
fluenced the degree of responsibility respondents for each
agent. The model includes fixed effects for all key treat-
ments (ACxDR combination, initial condition, state observ-
ability, aid in counterfactual reasoning), and self-reported
confidence. To account for repeated-measures—each respon-
dent rated five distinct Goofspiel vignettes—we include ran-
dom intercepts for respondent ID and vignette ID, capturing
individual- and scenario-level variability. All p—values re-
flect tests using the standard significance threshold, oo = 0.05.
Effect of actual causality and responsibility definitions.
We evaluate how different ACxDR combinations affect re-
spondents’ responsibility ratings; as noted earlier, ACxDR

Mean Responsibility Rating by Treatment Level (with 95% CI)
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Figure 2: Mean responsibility rating. Colors represent treatment
types; bars within each color indicate levels of that treatment.

determine counterfactuals shown to respondents. While no
AC xDR combination showed a statistically significant main
effect, some (e.g., HPXTR, p ~ 0.09) exhibited marginal
trends. This suggests that certain formalisms may exert a
greater effect on human judgments than others, implicitly
through the choice of counterfactuals shown to human raters.

Effect of biased initial condition. Bias in initial hands
produced a nuanced but noteworthy effect on responsibil-
ity attributions. Responsibility ratings increased significantly
when the human player, Alex, was disadvantaged by holding
worse cards (p = 0.0182) and when both the human player,
Alex, and the Al player, AP-5, were disadvantaged with worse
cards (p = 0.0111), relative to the unbiased baseline in which
all players began with identical cards (left plot in Figure 2).
By contrast, bias against Al player, AP-5, alone did not yield
a significant shift from the baseline (p = 0.3257).

These findings reveal an asymmetry in how biased resource
allocation affects responsibility attribution: human players
(Alex) are held more accountable under disadvantaged con-
ditions than their AI teammate. This suggests responsibil-
ity judgments are sensitive to fairness in resource distribu-
tion and who the disadvantaged party is (human or Al). This
is consistent with past research that perceptions of fairness,
agency, and obligation are differentially applied to human and
Al agents [Awad er al., 2020; Lima et al., 2023].

Effect of information available to players. Next, we eval-
uate how state observability shapes responsibility judgments.
Respondents assigned significantly greater responsibility in
the full-information condition than in the partial-information
condition (p = 0.025) (Fig 2, right plot). These findings
indicate responsibility judgments are sensitive to the amount
of information available to players at the time of decision-
making, with access to more information leading to harsher
judgments of responsibility. This suggests laypeople expect
heightened accountability when agents are better informed
and better positioned to act effectively, consistent with prior
research linking transparency and access to more information
to increased perceptions of accountability[Awad et al., 2020].

Effect of number of counterfactuals shown. Showing
counterfactuals significantly increased responsibility ratings,
with the strongest effect when both agents’ counterfactuals
were presented (p < 0.001). Compared to the factual-only
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baseline, responsibility ratings increased with a counterfac-
tual for Alex (p = 0.0312) or counterfactual for AP-5 (p =
0.0126), and were highest when counterfactuals for both
were shown(p < 0.001) (middle plot, Fig. 2). This demon-
strates counterfactual framing strongly shapes perceived re-
sponsibility, underscoring the importance of how explana-
tions are framed in human—AlI systems. In other words, what
is shown or omitted can systematically bias responsibility at-
tributions, highlighting the need for careful consideration of
how hypothetical alternatives or explanations are communi-
cated, especially when accountability is critical.

Effect of confidence. We observe a strong positive correla-
tion between self-reported confidence and responsibility rat-
ings (p < 0.001): respondents with greater certainty in their
judgments were more likely to assign higher levels of respon-
sibility. This suggests subjective confidence may serve as a
useful proxy for perceived causal clarity—when individuals
feel more confident they may perceive the causal structure of
the scenario as more determinate or interpretable.

4.2 Alignment with Formal Responsibility Models

We study the extent to which respondents’ responsibility
judgments align with the responsibility assignments produced
by different ACxDR combinations. For each respondent-
vignette pair, we compute an agreement score quantifying
how closely respondents’ ratings of Alex and AP-5 match
the responsibility levels prescribed by the ACxDR combina-
tion used in the vignette. Agreement scores range from O (no
alignment) to 1 (full alignment), with an intermediate score
of 0.5 indicating agreement for one player but not the other.
To capture how well respondents’ judgments reflect the
ACXxDR combinations presented in the vignettes, we es-
timate a multivariate linear mixed-effects regression model
with the agreement score as the dependent variable. Fixed ef-
fects include experimental treatments (ACxDR combination,
initial condition, state observability, aid in counterfactual rea-
soning), and respondents’ self-reported confidence. Random
intercepts are included for respondent ID and vignette ID to
account for repeated measures and scenario-specific varia-
tion. This framework allows us to isolate the impact of each
treatment on alignment with formal models of responsibility
attribution while appropriately modeling the nested structure
of the data. (Regression tables in supplementary materials.)
Effect of biased initial condition. We find that biased
hands drive alignment. Respondents in the bias against both
agents condition showed significantly higher agreement with
the ACxDR treatment-prescribed responsibility attributions
(p = 0.0027), while those in the unbiased condition were
significantly less aligned (p = 0.0033). This suggests peo-
ple not only take structural disadvantage into account when
assessing responsibility, but are also more aligned with for-
mal models of responsibility attribution when visible bias is
present. In contrast, when no visible bias is present, respon-
dents may rely more on intuitive or heuristic judgments.
Effects of ACxDR combination, available informa-
tion, and number of counterfactuals presented. We
found no significant effects on respondents’ alignment with
the AC xDR treatment-prescribed responsibility assignments
across these three treatments— ACxDR combination, state

observability, aid in counterfactual reasoning. Limiting
agents’ access to information did not significantly affect
agreement, nor did the selective presentation of counterfac-
tuals meaningfully shift agreement. Finally, we found no
significant differences in agreement scores across ACxDR
combinations—that is, no particular ACxDR combination
consistently aligned more closely with respondents’ respon-
sibility ratings for Alex and AP-5. This suggests respon-
dents did not systematically favor one responsibility attribu-
tion method over another, underscoring the difficulty of cap-
turing human moral intuitions through formal causal frame-
works. This highlights the need for further research to under-
stand how structural, informational, and conceptual factors
interact to shape human agreement with formal causal frame-
works in collaborative human-Al decision-making contexts.
Effect of confidence. Self-reported confidence was also a
significant predictor of agreement (p = 0.0015). More confi-
dent respondents were more likely to align with the ACxDR
treatment-prescribed responsibility assignment, further sup-
porting the idea that confidence reflects a sense of causal clar-
ity or coherence with one’s internal model of responsibility.

5 Discussion

This work presents the first independent evaluation frame-
work for ‘assessing degree-of-responsibility (DR) models
grounded in actual causality (AC). Using this framework, we
systematically study how human perceptions of responsibility
align with formal responsibility attribution methods grounded
in actual causality. Through a large-scale survey based on
a team-based version of Goofspiel, we examined how peo-
ple assign responsibility to human and Al agents in collabo-
rative, sequential decision-making settings. We found a bi-
ased initial hand selectively increases perceived responsibil-
ity for the human agent, Alex, but not for the Al agent, AP-5;
full-information settings yield higher responsibility ratings;
and the presence of counterfactuals substantially amplified
perceived responsibility, especially when counterfactuals are
shown for both agents. Alignment between human judgments
and formal responsibility attribution models was strongest
when structural asymmetries were present in the players’ ini-
tial hands, although no responsibility attribution model sig-
nificantly matched human judgment across all contexts.

Our results reveal important gaps between current formal
models of responsibility attribution and human judgments. In
particular, our findings highlight that existing models do not
capture several factors that humans consider when assigning
responsibility, including initial conditions, information avail-
ability, and agent type (human vs. AI). These observations
suggest the need for more sophisticated formal models of re-
sponsibility attribution, and present a promising direction for
future research. Finally, while we chose Goofspiel because it
is a standard benchmark in multi-agent reinforcement learn-
ing and enables controlled manipulation of contextual fea-
tures that are general across multi-agent systems (e.g., ini-
tial conditions), we acknowledge that it may not capture all
aspects of a multi-agent interaction. Therefore, exploring
orthogonal aspects, including those which may be domain-
specific, also represent an important avenue for future work.
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