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Abstract

Do people make moral judgments about artificial intelli-
gence (Al) therapists differently from human therapists? How
does responsibility diffuse to its developer and recommend-
ing professionals in cases of negative outcomes? The present
study examined how participants (N = 298) assessed causal-
ity, blameworthiness, foreseeability, and counterfactuality of
an Al or human therapist, across three levels of empathy, in
comparison to their supervisor and a recommending clinician.
We found that participants judged the human therapist as more
causal and blameworthy than their supervisor when medium
or low empathy levels were displayed, whereas no difference
emerged between the judgments of the Al therapist and its su-
pervisor across all of the empathy levels. Additionally, par-
ticipants did not differentiate causality and blameworthiness
between the Al and human therapists, regardless of the em-
pathy level. However, they did perceive the human therapist
as foreseeing the outcome more than the Al therapist in the
medium and low empathy levels. Qualitative analysis revealed
that participants considered the directness of the causes to the
outcome, counterfactual reasoning, and inherent limitations of
Al when making judgments.

Keywords: causal responsibility; blame attribution; moral
decision-making; autonomous agents

Introduction

In 2016, the mental health chatbot (MHC) app *Wysa’ was
launched to support individuals experiencing anxiety, insom-
nia, and stress. It was rated suitable for children and recom-
mended as a mental health tool by the UK’s National Health
Service. However, a BBC investigation in 2018 revealed that
Wysa and similar MHC apps often provided inappropriate re-
sponses that ignored clear signals of distresﬂ Despite such
concerns, due to the affordability and accessibility compared
to human therapists, the supply of MHCs is increasing and
their user base is surging (Abd-Alrazaq et al.,[2019).

The rapid advancement of large language models (LLMs)
has also transformed the MHC market. Unlike earlier chat-
bots that operated on preprogrammed scripts, LLM-based
MHCs generate responses probabilistically based on training
data (Durdn & Jongsma, [2021). While this allows for more
dynamic interactions and novel outputs, it introduces chal-
lenges, including reduced predictability and control over re-
sponses (Ortiz-Viso et al., 2023).

These developments raise critical questions: how should
responsibility and blame be apportioned to an artificial in-
telligence (Al) system and its developer when it makes mis-
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takes? Do laypeople perceive Al systems as equally respon-
sible as humans when negative outcomes occur? Further-
more, should professionals who refer users to Al-based tools
also be held accountable? While prior research has exam-
ined moral judgments of Al and human agents in various
domains (e.g., Franklin et al., 2021; Gémez-Séanchez et al.,
2023)), there is a pressing need to explore these issues specif-
ically within the context of mental healthcare, where vul-
nerable users may make unexpected or adversarial queries
(Finlayson et al., |2019). This study, aims to address these
questions by examining the differences in causality, blame-
worthiness, foreseeability, and counterfactual judgments of
an Al or human therapist, its developer or their supervisor,
respectively, and the recommending clinician. Furthermore,
the study examines whether these judgments change depend-
ing on the level of empathy provided by the therapist.

Causal Responsibility in Autonomous Agents

Determining causal responsibility is complex when multiple
agents contribute to an outcome. This complexity is exacer-
bated by the involvement of Al agents. When humans make
decisions, the ascription of responsibility is typically con-
nected with agency. However, although tied to their devel-
opers, Al systems are increasingly acting independently and
becoming more able to generalise their training to novel tasks
(Gutierrez et al., [2023). Consequently, a ‘responsibility gap’
emerges, as no agent has enough control to take sole account-
ability for an outcome (Santoni de Sio & Mecacci, [2021).

The difficulty in retaining oversight of Al systems raises
serious implications for assigning culpability when Al agents
make mistakes—particularly as it is unclear whether Al can
be viewed as a moral agent capable of being blameworthy
(Banks, 2019). However, recent empirical studies demon-
strate that Al agents, specifically chatbots, are able to ab-
sorb responsibility (Hohenstein & Jung, 2020) by acting as
a ‘moral crumple zone’. For example, in an online inter-
action between individuals assisted by Al chatbots, humans
experiencing communication breakdown were able to retain
trust in their interlocutor by blaming miscommunication on
the AI chatbot. Importantly, the amount of blame attributed
in scenarios is not fixed: it is possible for laypeople to hold
users, developers, and Al agents responsible simultaneously
(Franklin, Awad, et al.,2023)).

In such cases, a causal chain structure also emerges: the de-
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veloper enables the Al system and the clinician recommends
the AI system, which then directly influences the outcome
(see Figure 1). Previous research indicates that people tend
to attribute greater causality to agents who are more proxi-
mal to the outcome (Cheung et al., |2024; Lagnado & Chan-
non, 2008). However, the involvement of Al agents poses a
unique challenge, as such agents make decisions without the
same moral conviction, empathy, nuance, and intentions as
are attributed to humans (Montemayor et al.,2021)). Notably,
the causal link between the developer and the Al system may
be perceived as stronger than the link between the clinician
and the Al system, since the developer is responsible for de-
signing the system’s decision-making processes, whereas the
clinician merely recommends its use. This difference in per-
ceived causal strength could lead to differential attributions of
responsibility for negative outcomes, depending on which in-
stigating agent—its developer or recommending clinician—is
seen as more directly tied to the AI’s behaviour. Nonetheless,
empirical findings on this issue are mixed, with some studies
suggesting that people tend to assign greater responsibility
to the developer (e.g. Schoenherr & Thomson, [2024), whilst
others find that the Al system is held more accountable (e.g.,
Chen et al., [2024; Franklin et al.,[2021)).

Designs Recommends

Al therapist

Figure 1: The model illustrates the causal relationship be-
tween the developer, the recommending clinician, the Al ther-
apist, and the outcome.

Moreover, there appear to be differences between scenar-
ios in how blame is assigned to humans compared to Al
agents. Humans are typically judged more harshly in situ-
ations based on their intentions and unfair behaviour; in con-
trast, Al agents are judged primarily based on outcomes, es-
pecially when involving physical harm or accidents (Franklin,
Papakonstantinou, et al., |2023; Hidalgo et al., [2021). Re-
search has yielded mixed findings regarding the moral judg-
ments of Al systems and their human counterparts when neg-
ative outcomes occur. For example, in domains such as au-
tomated vehicles, Al agents are often assigned greater blame
than humans (Franklin et al., 2021; Zhang et al., [2024). On
the other hand, studies in domains, such as aeroplane crashes,
have found that human agents are attributed more blame com-
pared to Al agents (Gomez-Sanchez et al.,[2023).

To better understand responsibility attribution in the con-
text of mental health, we can apply a causal framework of
artificial autonomous agent responsibility (Franklin et al.,
2022)). This framework posits that factors such as intentional-

ity and foreseeability influence the portion of blame attributed
to an Al system. Specifically, agents are blamed more for not
anticipating predictable events, where predictability is judged
both by how likely the outcome was irrespective of the agent’s
awareness and how likely the event was given the knowl-
edge the agent is reasonably expected to possess. Counter-
factual thinking further probes a causal model of Al agent
responsibility: by prompting individuals to consider an al-
ternative scenario in which the agent’s actions did not occur,
we can assess whether the outcome would have still taken
place, thereby clarifying the extent of the agent’s responsibil-
ity (Lagnado et al., 2013).

While previous studies have explored responsibility attri-
bution in human-Al interactions, to our knowledge, no stud-
ies have investigated how causal responsibility and blame
differ between human and Al agents in mental health con-
texts. Thus, our study seeks to address this gap by exploring
how causality and blameworthiness are assigned in such set-
tings, as well as how these judgments are influenced by the
perceived foreseeability of the agents and counterfactual al-
ternatives. Since higher expectations of an agent’s capabili-
ties increase blame for negative outcomes (Gerstenberg et al.,
2018), we also aim to understand how empathy—an essen-
tial aspect of a therapist’s expected capabilities—might af-
fect attributions of responsibility. The current literature on Al
and empathy indicates that MHCs are unable to, in principle,
convey empathy in the same way as human therapists (Mon-
temayor et al.,|2021)), on account of being unable to simulate
the emotions that elicit helping intentions. MHCs, however,
can be prompted to display varying levels of empathy (Lee et
al.,[2024])), which may lead to differences in perceived blame-
worthiness between Al agents of varying levels of empathy.

The Present Study

This study investigates whether individuals judge Al and hu-
man agents differently in a mental health context involv-
ing a negative outcome. Participants were presented with a
scenario where a patient struggling with their mental health
engaged with an Al or human therapist before committing
self-harm. We asked participants to make judgments on the
causality, blameworthiness, foreseeability, and counterfactu-
ality of the AI or human agent, their supervisor (the designer
of the Al agent or the trainer of the human agent), and the pro-
fessional clinician who recommended this service to the pa-
tient. We also manipulated the empathy level displayed by the
therapist during their interaction with the patient. Finally, we
collected participants’ qualitative explanations of their judg-
ments to better understand their reasoning. Based on previ-
ous findings (e.g., Cheung et al., 2024} Franklin et al.,|2021)),
we hypothesise that participants will attribute more causality
and blame to the AI agent than the human agent, and will at-
tribute more causality and blame to the most proximate agent
(i.e., the therapist), compared to the more distal agents (i.e.,
the supervisor and the recommending clinician). All mate-
rials, data, and analyses are available at the OSF repository
(https://osf.i0/r487k/).
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Methods
Participants

We recruited 298 participants (Mage = 42.2, SDyee = 14.1,
Nremale = 150) from Prolific Academic (www.prolific.ac).
Participants were pre-screened for fluency in English and a
platform approval rate between 95-100%. All participants
gave informed consent and were reimbursed £0.90 for par-
ticipating in the 6-minute experiment.

Design

The study used a 2 (condition [AI vs. human]: between-
subject) x 3 (empathy level: between-subject) x 3 (agent:
within-subject) design. We measured participants’ perceived
causality, blameworthiness, and foreseeability of each agent,
and a counterfactual judgment about each agent, on scales of
0 to 100.

Materials and Procedure

We presented an original vignette in an online experiment on
Qualtrics (www.qualtrics.com). In the Al condition, the vi-
gnette describes Agent A (‘Alex’) as the founder and Chief
Al Officer of a company that develops a virtual mental health
assistant, Agent B (‘BeBetter’). The clinician, Agent C
(‘Carol’) recommends this service to a patient. In the human
condition, Agent A (‘Alex’) is the founder and lead trainer
of a mental health support helpline, while Agent B (‘Ben’)
works for the helpline. The patient calls the helpline after
being recommended the service by the clinician, Agent C
(‘Carol’), and Ben answers the patient’s phone call. In the
high empathy level, Agent B helps the patient to stabilise her
emotions and guides her through breathing exercises; in the
medium empathy level, Agent B’s answers do not dynami-
cally respond to the patient, instead following a script; and in
the low empathy level, Agent B does not act caringly. In both
scenarios, the patient uses the service and self-harms a few
hours later.

After reading the vignette, participants gave responses to
the questions ‘To what extent has the agent caused the out-
come?’, ‘To what extent is the agent blameworthy of the out-
come?’, ‘How foreseeable do you think the outcome is to the
agent?’, and ‘If it weren’t for the agent, how likely do you
think it is that the outcome would have still happened?’. Par-
ticipants responded to these questions separately for agents A,
B, and C on scales of 0 (not at all) to 100 (completely). Par-
ticipants then responded to three open text box questions to
explain their judgments for each agent. Finally, they judged
to what extent they felt Agent B expressed empathy toward
the patient on a scale of 0 (not at all) to 100 (completely).

Results

Quantitative Analysis

We conducted separate 2 (condition) x 3 (empathy level)
x 3 (agent) mixed ANOVAs for causality, blameworthi-
ness, foreseeability, and counterfactual judgments using afex

(Singmann et al.,|2022), and pairwise comparisons using em-
means (Lenth, [2024) with Tukey adjusted p-values (see Fig-
ure 2).

Causality Overall, participants judged agents in the Al
condition to be more causal of the outcome than agents in
the human condition, F(1,292) = 15.99,p < .001. We also
found a main effect of empathy level, where agents in the
low empathy level were judged the most causal to the out-
come, and those in the high empathy level to be the least,
F(2,292) = 67.34,p < .001. We further found a main ef-
fect of agent, where Agent B judged significantly more causal
than agents A and C, F(1.90,554.74) = 52.63,p < .OOIEI

Pairwise comparisons revealed that participants’ causal
judgment for Agent B did not differ between conditions
across empathy levels. Furthermore, in the medium and low
empathy levels in the human condition, participants judged
Agent B as significantly more causal than Agent A (medium:
$(292) =3.71,p = .028; low: #(292) = 12.04, p < .001), and
Agent C (medium: #(292) = 4.70,p = .001; low: 7(292) =
13.22, p < .001). However, no differences were found in the
high empathy levels in the human condition. In the AI condi-
tion, participants judged Agent B as more causal than Agent
C in the medium, ¢(292) = 3.75, p = .024, and low empathy
levels, 1(292) = 3.73, p = .025. However, participants did not
judge agents B and C differently in the high empathy level in
the Al condition; they also did not judge agents A and B dif-
ferently in all empathy levels in the AI condition.
Blameworthiness Participants judged the agents in the Al
condition to be more blameworthy than the agents in the hu-
man condition, F(1,292) =22.66, p < .001. A main effect of
empathy level was found, where agents in the low empathy
level were the most blameworthy and those in the high empa-
thy level were the least, F(2,292) =77.13, p < .001. We also
found a main effect of agents, where Agent B was judged as
more blameworthy than agents A and C, F(1.93,562.46) =
24.37,p < .001f]

Again, pairwise comparisons revealed no difference in the
blame judgment for Agent B between Al and human condi-
tions across all empathy levels. Further, in the low empa-
thy level in the human condition, participants judged Agent
B as significantly more blameworthy than Agent A, 1(292) =
10.35,p < .001, and Agent C, #(292) = 12.47,p < .001. In
the medium and high empathy levels in the human condition,
participants did not judge Agent B differently than Agent A or
C. In the AI condition, participants did not judge the blame-
worthiness of Agent B differently from Agent A or C across
all empathy levels.

2Mauchly’s test indicated that the assumption of sphericity for
the variable ‘agent’ (p < .001) had been violated, and therefore de-
grees of freedom were corrected using Huynh-Feldt estimates of
sphericity (¢ = 0.95).

3 Assumption of sphericity was violated, so degrees of freedom
were corrected (€ = 0.96).
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Foreseeability For the foreseeability of the outcome, we
found a main effect of empathy level, where the agents in
the low empathy level were judged to have the highest fore-
seeability, and those in the high empathy level the lowest,
F(2,292) = 15.76,p < .001. We also found a main effect of
agent, F(1.99,581,41) = 6.10, p = .00 However, we did
not observe a main effect of condition, F(1,292) =0.08,p =
775.

Pairwise comparisons showed that in the Al condition, par-
ticipants judged Agent A to have higher foreseeability than
Agent B in the medium, #(292) = 5.03,p < .001, and low
empathy levels, #(292) = 4.72, p = .001. Foreseeability judg-
ments did not differ between agents A and B in the high
empathy level in the AI condition; however, Agent C was
judged to have higher foreseeability compared to Agent B,
1(292) = 4.46,p = .002. In the human condition, Agent B
was judged to have higher foreseeability compared to Agent
A, 1(292) =7.98,p < .001, and Agent C, 7(292) =7.23,p <
.001, in the low empathy level. However, participants did not
judge Agent B’s foreseeability differently from agents A and
C in the high and medium empathy levels in the human con-
dition. Moreover, participants judged Agent B in the human
condition to have higher foreseeability than in the Al condi-
tion in the medium, #(292) = 3.63, p = .035, and low empa-
thy levels, #(292) = 5.23,p < .001; however, the judgment
did not differ in the high empathy level.

Counterfactuality For the counterfactual judgments, we
found a main effect of empathy level, F(2,292) =53.7,p <
.001, in which participants judged that the outcome would
have been most likely to happen if the agents had not been in-
volved in the high empathy level. We also found a main effect
of agent, F(1.93,562.57) =4.88,p = .Ooqﬂ Pairwise com-
parisons indicated that participants’ counterfactual judgments
were higher for Agent A than Agent B, 1(292) = 2.36,p =
.050, and Agent C, 1(292) = 2.94, p = .010. Moreover, we
found an interaction between condition, empathy level, and
agent, F(4,584) = 3.78, p = .005. However, we did not find
a main effect of condition, F(1,292) = 1.54,p = .216.

Empathy judgments We conducted a 2 (condition) x 3
(empathy level) ANOVA. We found a main effect of condi-
tion, F(1,292) =56.98, p < .001, empathy level, F(2,292) =
196.41,p < .001, and an interaction effect, F(2,292) =
12.62, p < .001. Participants perceived the empathy level of
Agent B to be significantly higher in the high empathy level
compared to medium empathy level, #(292) = 11.77,p <
.001; and medium empathy level to be significantly higher
than low empathy level, #(292) = 7.98,p < .001. Notably,
participants perceived the human agent to be more empa-
thetic than their Al counterpart in both the high empathy
level, #(292) = 7.68,p < .001, and the medium empathy

4 Assumption of sphericity was violated, so degrees of freedom
were corrected (€ = 1.00).

3 Assumption of sphericity was violated, so degrees of freedom
were corrected (€ = 0.96).
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Figure 2: Mean ratings of each measure for each agent in the
Al and human conditions at each empathy level.

level, 7(292) = 4.70,p < .001; but no difference was found
in the low empathy level (see Figure 3).
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Figure 3: Mean empathy ratings in the Al and human condi-
tions for agent B in each empathy level.

Qualitative Analysis

To further explore participants’ judgment processes, we con-
ducted qualitative analysis on their open responses to the
questions ‘Please explain the process behind your reasoning
on your judgements of cause, blame, and foreseeability that
you made about agent A/B/C’. The analysis adhered to Dewitt
et al. (2024)’s guide for open text box analysis. After famil-
iarisation with the data, the first author developed a coding
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scheme and coded the responses blindly to conditions. The
coding scheme, including definitions and examples of each
code, was shared with a second coder for independent analy-
sis. The coding scheme can be found at the OSF repository
(https://osf.io/r487k/). High inter-rater reliability, with over
95% agreement between coders, was achieved. Discrepan-
cies were resolved through discussion to ensure consistency.
Responses where coders expressed uncertainty were assigned
the code “Unclassified/other”, which was mutually exclusive
from the main codes.

Directness to the outcome. Participants frequently empha-
sised the directness of the agents’ involvement in the outcome
as a key factor in their judgments. Agents who were perceived
as more indirect to the outcome (i.e., agents A and C) were
attributed less causal responsibility and blame. This pattern
was evident in comments like:

P105: “I don’t think his [sic] to be blamed because his
[sic] the founder of the company who wasn’t directly
involved in the care of the lady.”

Conversely, participants frequently attributed greater causal-
ity and blame to Agent B, who was perceived as the most
proximate to the outcome:

P229: “Ben is more closely responsible. He is the direct
contact and at the very least should have showed [sic]
complete empathy.”

Participants also mentioned the directness to the outcome
when the therapist was Al, such as:

P69: “BeBetter directly caused the enhanced feelings
of hopelessness and despair from listening to the unem-
pathetic script, and so can be blamed for triggering the
need to self-harm at that time.”

However, this code was more frequently mentioned in the hu-
man condition (19.6%) compared to the Al condition (8.0%).
These findings suggest a strong effect of the perceived direct-
ness to the outcome on judgments of causality and blame,
especially when all agents are humans.

Counterfactual reasoning. Counterfactual reasoning
emerged as another prominent theme, with participants
evaluating hypothetical alternatives to the agents’ actions.
This code was particularly common when Agent B exhibited
a medium (30.6%) or low (34%) level of empathy compared
to when it exhibited a high level of empathy (13.0%).

Despite Agent A being indirect to the outcome, participants
frequently argued that the event would not have occurred if
not for their inadequate design of the Al system. For example,
one participant noted:

P20: “It seems the founder should have trained the soft-
ware better before playing with people’s lives.”

Participants also identified specific alternative actions that
Agent B could have taken to prevent the outcome, even when
it was an Al system:

P6: “The assistant should have recognised the extreme
nature of the mental health crisis and reacted with more
soothing language.”

Agent C was also criticised for insufficient diligence in rec-
ommending the service, as exemplified by the response:

P36: “Although she is not completely accountable for
what happened but she should’ve at least went [sic] and
put on some more research about BeBetter on how they
treat their patients and how their process goes.”

Patient’s action. Another recurring theme was the attribu-
tion of responsibility to the patient. This perspective was par-
ticularly salient when Agent B exhibited a high level of em-
pathy (23.9%) compared to when Agent B exhibited medium
(10.3%) or low (4%) empathy levels. Despite Agent B being
the closest to the outcome in the scenario we depicted, par-
ticipants often reasoned that the action of the patient was the
most direct to the outcome and she ultimately retained agency
over her actions. One participant articulated this sentiment:

P131: “I think the founder should be to blame to some
extent for making the tool, however I don’t think it’s fair
to say that she caused someone to hurt themselves as i
[sic] believe it would have happened with or without the
be better [sic] tool.”

These responses highlight the external accountability and per-
sonal agency in participants’ moral reasoning, as well as their
ability to identify causes that are more proximate to the out-
come.

Al limitations. A distinctive theme in the Al condition was
the recognition of fundamental differences between Al and
human agents. Many participants argued that because Al
lacked sentience and emotional capacity, it cannot bear the
same level of responsibility or blame as its human counter-
part. One participant stated:

P70: “BeBetter is a computer program! It is not a sen-
tient, living being capable of any sort of human emotion.
As such, it cannot carry ANY culpability.”

These responses underscore a broader scepticism about AI’s
suitability for high-stakes scenarios requiring nuanced emo-
tional judgments.

Discussion

This study examined how people attribute causality and
blameworthiness to multiple agents involved in a negative
outcome experienced by a mental health patient after interact-
ing with an Al or a human therapist. We also assessed partici-
pants’ perceived foreseeability and counterfactual judgments
of each agent, perceived empathy level of the therapist, along
with the rationale behind their judgments.

The findings revealed that while agents in the Al condi-
tion were judged as generally more causal and blameworthy
for the outcome than those in the human condition, there was
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no significant difference in these judgments for the Al and
human therapists across all empathy levels. This result con-
tradicts our hypothesis and previous studies suggesting that
machines are more likely to be blamed for errors compared
to humans (e.g., Franklin et al.,[2021; Zhang et al.,|[2024).

Although participants did not assign causality and blame-
worthiness differently to Al and human therapists, they at-
tributed greater foreseeability of the outcome to the human
therapist than to the Al therapist, particularly in the medium
and low empathy levels. This finding challenges the claim
that agents are blamed more when their mistakes are judged
as more foreseeable (Franklin et al., [2022). It suggests a po-
tential bias against Al agents, where they may still be held
accountable even when judged as lacking sufficient knowl-
edge to anticipate a negative outcome.

In the medium and low empathy levels in the human con-
dition, participants attributed significantly more causality and
blameworthiness to the most proximate agent—the thera-
pist—compared to the more distal agents, such as their super-
visor or the recommending clinician. However, this pattern
did not extend to the Al condition: participants judged the Al
therapist as more causal than the recommending clinician in
the medium and low empathy levels but did not differentiate
between the developer of the Al and the Al therapist across
empathy levels. These findings support our earlier argument
that the causal link between the developer and the Al system
may be perceived as stronger than the link between the clin-
ician and the Al, potentially leading to a greater transference
of responsibility through this stronger causal chain.

Additionally, this pattern may imply that the role of prox-
imity in responsibility attribution, as suggested by previous
theories (Cheung et al., 2024), may only apply when all in-
volved agents are humans. However, the developer of an
Al system may be perceived as more directly connected to
the AI’s action than a ‘lead trainer’ is to a human therapist,
thereby altering the intuitive sense of causal distance. Fur-
thermore, although participants did not differentiate between
the causality and blameworthiness of the Al and human ther-
apists, responsibility may have diffused to other agents when
Al systems were involved. It also confirms previous research
suggesting that the amount of blame attributed to the user, the
developer, and the Al system is not fixed (Franklin, Awad,
et al., [2023). We also did not find differences in judgments
between agents in the high empathy level in the human con-
dition, possibly due to a floor effect.

The qualitative analysis further underscores that partici-
pants were sensitive to the directness of an agent’s involve-
ment in the causal event when making moral judgments, and
this was more prominent when all involved agents were hu-
mans. Participants frequently noted that agents A and C were
distant or indirect to the outcome and, as such, should bear
less responsibility. In contrast, they judged Agent B to hold
the greatest responsibility, as this agent was seen to have di-
rectly caused the outcome. Additionally, some participants
identified the patient as the most direct cause of the outcome,

especially when the therapist displayed a high level of em-
pathy, which may have led them to mitigate or even dismiss
causal and blame attributions to agents A, B, and C. While
previous research has quantitatively examined responsibil-
ity attribution to users or operators in human-Al interactions
(e.g., Brailsford et al., 2025} Franklin, Awad, et al., |2023)),
we chose not to include this measure due to the sensitive
mental health context adopted in this study. Future research
should balance ethical considerations and the need to under-
stand how people make causal and moral judgments about the
end-user in such contexts.

Empathy emerged as a significant factor when participants
attributed causality and blame: participants uniformly judged
agents in the high empathy level to be the least causal and
blameworthy of the outcome, whereas agents in the low em-
pathy level were judged to be the most. Additionally, par-
ticipants believed that the negative outcome was more likely
to occur in the absence of agents in the high empathy level
and less likely in the absence of agents in the low empathy
level. This suggests that participants inferred the patient’s
state of mind during counterfactual reasoning: despite receiv-
ing high-empathy therapy, the patient still chose to self-harm,
indicating a strong pre-existing intent. Qualitative explana-
tions reinforced this interpretation, as participants often men-
tioned that the patient’s action was independent of the therapy
provided. Follow-up studies could further investigate this by
measuring baseline perceptions of the patient’s likelihood to
self-harm before therapy and comparing these against post-
therapy judgments.

An unanticipated finding was that the analysis of empa-
thy ratings revealed that the human therapist was perceived as
more empathetic than their Al counterpart—despite deliver-
ing the same action—particularly in the high and medium em-
pathy levels. This may reflect an underlying bias against Al
systems’ capacity to display empathy in emotionally charged
contexts, which is further supported by open responses where
participants stated that Al systems lack sentience and emo-
tional capability. Such a bias might emerge from the AI’s
absence of anthropomorphic features, which have previously
been shown to make stimuli appear more predictable and
understandable, thereby possibly influencing the attributions
of blame and foreseeability (Waytz et al., 2010). Interest-
ingly, however, some open-ended responses did imply a de-
gree of anthropomorphisation, as individuals referenced the
Al agent’s ability to ‘listen’; to gain a more precise evalu-
ation of the role anthropomorphisation plays in attributions
of blame within mental health contexts, future studies could
apply measures like Anthroscore to more systematically eval-
uate anthropomorphisation (Cheng et al., [2024). Measuring
participants’ initial attitudes toward Al and Al-based therapy
could also provide further insights into how predispositions
shape perceptions and moral judgments in human-AlI interac-
tion.
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