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To avert criticism and losses of trust, robots that adopt social roles in the near future will have to be 
aware of and follow the norms of the communities in which they operate. However, norms often 
conflict with one another, and resolving such conflicts requires prioritizing one norm and violating 
the other, conflicting norm. As a result, robots will face moral disapproval from at least some of their 
human interaction partners. We investigate a powerful tool that humans use—and autonomous agents 
should use—to manage such moral disapproval and maintain trust: justifications, which explain not just 
why the agent acted but what norms and values the action upheld. In three experiments (N = 3,596), 
we demonstrate, replicate, and generalize that justifications, more than mere explanations, mitigate 
moral disapproval and recover robots’ perceived trustworthiness, even when the robot’s action is in 
direct moral disagreement with the human observer. We conclude that people simultaneously blame 
the robot for its specific norm-violating action and appreciate the robot’s integrity to make trustworthy 
decisions. Justifying norm-violating actions may allow robots to become better integrated into human 
communities and adopt social roles that will involve morally significant decisions.

Keywords  Justification, Human-robot trust repair, Moral judgment, Blame, Moral disagreement, Moral 
dilemmas

People are no longer asking if social robots will be part of human communities; they are wondering when 
robots will arrive, and in what roles and contexts. In fact, robots are beginning to appear not only as service 
personnel1, soldiers2, and astronauts3, but also as caregivers4, teachers5, and even companions and partners6–8. 
Autonomous machine decision making in these roles will require a blend of risk awareness, social skills, and 
moral appropriateness.

Previous standards for machine decision making have focused on reliability—consistent, repeated 
performance under known conditions9,10. However, reliability alone will not suffice to meet the demands of 
complex social domains. When humans interact in these domains, they do more than strive for reliability; they 
strive for socially and morally appropriate behavior in line with the norms of their communities11. But should 
robots have these skills? And if so, how should we equip them?

Some scholars have warned against designing moral robots, or robots that have significant autonomy and 
responsibility in human affairs of moral consequence12,13. Healthy skepticism is important, and a conservative 
position would be viable if we could collectively decide to keep robots out of militaries, schools, hospitals, 
and private homes. But that option may no longer be available. Robots are already entering those domains, 
where they advise or decide on significant issues such as firing missiles14 or providing triaging decisions when 
allocating medical care15,16. The best option is to make these robots as safe, beneficial, and socially and morally 
appropriate as possible, despite their obvious deficits17.

Norm competence and norm conflict for moral machines
One pathway to morally appropriate robots lies in designing machines that have norm competence—the 
capacity to be aware of, follow, and prioritize the norms of the communities in which they operate18. A norm is 
an instruction to perform, in a given context, a particular action that other community members also perform 
and, importantly, demand of each other to perform19–22. Researchers from many disciplines have recognized the 
unique role that normative considerations play in human rational choice23, economics24–26, legal foundations27,28, 
and in regulating institutions and cultures29. As such, norms are central tools of social influence and regulation 
in all human communities. They constrain individuals’ self-interest in favor of the group’s interest, they increase 
the mutual predictability of behavior for both individuals and groups, and, as a result, they can foster trust and 
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group cohesion. Thus, it would seem highly desirable if sophisticated, trustworthy artificial agents had norm 
competence.

But even if we succeed in implementing such norm competence in robots, a substantial challenge will 
inevitably arise: Norms often conflict with one another. Sometimes an answer to a person’s question must either 
be polite and dishonest or honest and impolite; sometimes being fair requires breaking a friend’s expectation 
of loyalty; sometimes only one of two candidates can receive a donor kidney. Recent literature has identified a 
number of potential norm conflicts for robots and other artificial agents—from self-driving cars to autonomous 
military drones, from home assistants to care robots30–33. For example, in space exploration, robots may make 
difficult choices between risks to material and mission focus; physical therapy robots may make choices between 
discomfort to a patient and effectiveness of an exercise. The more we see robots take part in human communities 
and take on significant social roles, the more they will face such norm conflicts. How they resolve them, and 
explain their decisions, will be critical for maintaining human trust in these machines and facilitating their long-
term integration into human communities.

Resolving norm conflicts
The only way to resolve conflicts between norms (even just two) is by adhering to the norm one considers more 
important and violating the other, less important norm34,35. This implies that any norm conflict resolution will 
involve an inevitable norm violation, which can result in moral disapproval and loss of trust36,37. Therefore, even 
norm-competent robots will intentionally violate some norms some of the time. How can they handle the likely 
resulting moral criticism and loss of trust?

One possibility is to make robots more transparent38–41. However, transparency primarily combats the 
challenge of machine opaqueness by offering information about what the system is doing and how it arrived at its 
decisions38,42–44. When human collaborators face an artificial agent that violates a norm, they want to know not 
just how but why the agent violated the norm—its reasons for the chosen action against alternative actions45–47. 
It therefore becomes imperative to design agents that can explain why they acted the way they did, and why 
any member of the community should act in this way, something that has been emphasized of late as a critical 
demand on social robots and AI in general48–50.

Explanations for machine decisions, and especially faults, are typically conceptualized as reports of the causal 
antecedents to the event or behavior in question51,52 (for reviews see53,54). But causal reports may not suffice 
to mitigate the negative moral judgments and lost trust that ensue from an agent’s norm violation55. A given 
explanation for a norm violation must clarify not only what caused the behavior, but also what made it justified 
in light of applicable norms56–59.

The power of justifications for maintaining trust and mitigating negative moral judgment
Justifications are a special type of explanation and therefore retain the benefits of explanations, such as 
transparency, understandability, and trust regulation38,59,60. But justifications do more: They aim to make 
a questionable intentional norm violation morally acceptable by specifying a normatively good reason for 
why the agent acted56. They highlight the norms that a given decision serves and thereby attest to the agent’s 
understanding and appreciation of its community’s norms. As a result, justifications may restore trust even 
when an agent violates a norm and morally disagrees with their interaction partner. Very little work, however, 
has explored whether justifications, better than explanations (causal reports), could recover human trust in an 
autonomous agent that violated a norm. Such research has been sparse in part because justifications have been 
subsumed under explanations and in part because “trust” in machines has been treated primarily as a matter of 
reliability and capability, when in fact it also involves a moral dimension, which justifications invoke.

Morally trustworthy machines
Much of the existing work on trust in machines is centered on automated systems and focuses on the mitigation 
of physical risks by assuring the systems’ capable, reliable, and safe performance, e.g.,61,62. In addition to these 
elements of “performance trust,” trust relations between humans also involve questions of sincerity, benevolence, 
and ethical integrity, which constitute “moral trust”63–66. For robots on factory floors and loading docks, these 
moral dimensions do not come into play. Once machines take on human tasks, however, are embedded in social 
relations, and face norm conflicts, their behavior will raise questions of moral trust. Recent evidence indeed 
shows that people consider some robots trustworthy not only with respect to being competent and reliable 
(the performance dimension of trust) but also with respect to moral dispositions of being sincere, ethical, and 
benevolent (moral dimension of trust)63,66,67.

An agent’s justification of a norm conflict resolution has the potential to provide critical evidence for the 
agent’s moral trustworthiness. Such a justification reveals why the agent decided to resolve the conflict one 
way rather than the other way; thus, it has the potential to show sincerity. Such a justification also directly 
relates the agent’s decision to the system of norms it endorses; thus, it has the potential to show ethical integrity. 
Finally, such a justification often highlights who benefitted from the decision (e.g., several people were saved 
even though one died); and that has the potential to show benevolence. All in all, justifications should raise trust, 
not just performance trust but especially moral trust.

The present experiments
To test these questions of norm conflict resolution, moral judgment, trust, and the possible ameliorative impact 
of justifications, we conducted three experiments. The experiments included a total of 3,596 participants who 
self-reported as: 1,797 males, 1,660 females, 122 non-binary individuals or persons who reported multiple 
gender identities, and 17 persons who did not report or preferred not to disclose their gender. Participant ages 
ranged from 18 to 93 (Mage=39 years, SDage=13.78 years).
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We briefly review the main assumptions and hypotheses and then describe how we measured the central 
constructs in the experimental flow (see Fig. 1). Next we report the major results across the three experiments. 
Additional details on each individual experiment can be found in the Supplementary Materials (SM).

To implement norm conflicts we created several narrative moral dilemmas, defined as situations that require a 
difficult choice between two actions, each of which violates a moral principle34,68,69. Because either action choice 
prioritizes one norm over the other, resolving the dilemma constitutes a norm violation. If a research participant 
prioritizes one norm (prefers one action to solve the dilemma) but the agent in the narrative prioritizes the 
other norm (chooses the other action to solve the dilemma), a situation of moral disagreement ensues between 
participant and agent.

In each narrative, a robot (and in Experiment 3, a human) was introduced as the agent who needs to resolve 
the dilemma by making one of two choices—for example, resuscitating a patient or not. We developed the 
narratives such that the conflicting norms were of comparable strength, thus rendering each of the two choices 
in principle justifiable (see Table 1. for short descriptions of the dilemmas and see Methods for the full text). 
To design actual justifications for each dilemma, we asked pretest participants to justify each choice. We then 
selected the most frequently mentioned justifications—hence, those endorsed by the community—for use in the 
Experiments. (See SM for more details and a listing of all justifications and explanations).

Participants were first asked for their normative recommendation: what the agent should do. Then, by random 
assignment, the agent’s actual decision was revealed. Next, people were asked to provide a moral judgment of 
the agent’s decision. Blame judgments are most appropriate in this context because they probe moral evaluations 
of the agent (“How much blame does X deserve?”) and are sensitive to justifications70,71. Right after the blame 
judgment, participants provided a verbal clarification of their judgment. In line with previous practice33,72 and 
our preregistration procedures (https://osf.io/pt82j/registrations), we identified and excluded participants who, 
in their blame clarification responses, explicitly disqualified the robot agent as a target worthy of blame (e.g., “a 
robot doesn’t have a moral compass”) or transferred blame to another agent (e.g., the programmer or designer; 
see SM for details).

Given that pretests showed comparable numbers of normative recommendations for either choice (action 
path) to resolve each dilemma (see Table  2), random assignment of the agent’s choice ensured that roughly 
half of the sample experienced a moral disagreement with the agent, and hence perceived the agent’s decision 

Moral Dilemma Used in Synopsis

Action path 

Action Inaction

Hunger Strike Experiment 1 
Experiment 2

A prisoner is on a hunger strike protesting prison conditions. He is at risk of dying and too weak to communicate. 
A medical robot needs to decide whether to feed the prisoner to save his life. Feed Not Feed

Do Not 
Resuscitate 
(DNR)

Experiment 2 
Experiment 3

A patient has informally expressed interest in a “Do Not Resuscitate” (DNR) order but, when the patient’s heart 
stops, a medical robot (or a human) needs to decide whether to resuscitate the man, who has also declared a desire 
to see a family member one last time.

Resuscitate Not 
Resuscitate

Toxic Gas Experiment 3 Either a human or robot agent needs to decide whether toxic gas emanating from one hospital room should be 
diverted into a different hospital room, which would result in fewer lives lost. Divert Gas Not Divert 

Gas

Table 1.  Short descriptions of moral dilemmas and action paths to resolve the dilemmas. 

 

Fig. 1.  Event flow in three experiments testing the power of justifications (compared to explanations) for 
mitigating blame and maintaining trust. Stimuli are shown shaded in blue (squares), measures are shown in 
yellow (circles). The top portion of the figure shows the procedures in Experiments 1 and 2, where trust was 
measured once. The bottom of the figure shows the procedures in Experiment 3, where trust was measured 
three times to capture both trust loss and trust recovery as a result of the impact of justifications.
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as a norm violation. This disagreement should manifest as significantly higher blame judgments for agents that 
made a decision opposite to the participants’ normative recommendation. Verifying this “moral disagreement 
assumption” constitutes the first test in our analyses (https://osf.io/pt82j/registrations).

Next in the narrative, the agent was asked to clarify its decision to a supervisor and, randomly assigned, offered 
a response of a mere explanation or a justification. In turn, participants provided an updated blame judgment, 
and we analyzed, in a repeated measures ANOVA, the change from initial blame (after the agent’s decision) to 
updated blame (after the agent’s explanation or justification). We expected stronger blame mitigation for agents 
that offered justifications, compared to mere explanations. Verifying this blame mitigation hypothesis constitutes 
the second test in our analyses.

In Experiments 1 and 2, participants then indicated their trust in the agent, which we assessed with the 
Multi-Dimensional Measure of Trust (MDMT, v273). Following a review of dozens of definitions of trust from 
the human-human and human-machine literature65, we treat trust as expectations of trustworthiness, which 
includes expectations of performance (e.g., reliable, capable) and morality (e.g., ethical, benevolent). Based on 
this conception, the MDMT measures expectations of trustworthiness by directly asking participants about how 
trustworthy they perceive the agent to be, both in regard to its performance and its moral capacities.

 Thus, we measure trust not as its own subjective state but by one of its core causes, namely expectations of 
trustworthiness. Impactful work in the human-human trust literature74 has similarly argued that trust—a state 
of accepting vulnerability—is caused by expectations of trustworthiness, and some studies in that literature 
try to measure trust states and expectations of trustworthiness separately. In the human-robot interaction 
literature, however, common practice is to measure trust directly as expectations of trustworthiness75,76, in part 
because a “state of vulnerability” toward a machine is difficult to create and subsequently measure, and in part 
because that literature is more concerned with distinguishing between, on the one hand, the person’s subjective 
perceptions (trust states and/or trustworthiness expectations) and, on the other hand, behavioral reliance. In the 
present experiments, we follow the human-robot interaction community, where trust is measured as perceived 
trustworthiness (as the MDMT does) and from here on out treat expectations of trustworthiness as a proxy for 
trust. But future research will need to design experimental paradigms where all three constructs—trust as a state 
of vulnerability, expectations of trustworthiness, and behavioral reliance—are distinguished.

In the present experiments, we analyzed the MDMT’s Total trust score, Performance trust score, and Moral 
trust score. In Experiments 1 and 2, we predicted greater trust for agents that offered justifications, compared to 
mere explanations, which constitutes one test of the impact of justifications on trust. Further, in Experiment 3, 
we assessed trust three times: at baseline (after participants learned about the dilemma but before they learned 
about the agent’s decision); after the decision; and after the response (i.e., justification or explanation). This 
repeated-measures design allowed us to test the “trust loss assumption”—a claim often made in the literature but 
rarely verified: that an agent’s norm-violating decision causes people to lose trust in the agent. Finally, we tested 
the impact of justifications on the recovery of trust that was lost following the agent’s norm-violating decision. 
We predicted recovery to be higher for agents that provided justifications than those that provided explanations 
(https://osf.io/pt82j/registrations).

In Experiment 1, we examined one moral dilemma (Hunger strike; see Table 1.), and in each subsequent 
experiment, we replicated the previous dilemma and added a new one. In Experiment 3, we also added human 
agents as a comparison condition in both dilemmas. In all three experiments, participants always evaluated only 
one moral dilemma. In total, we tested moral disagreement, blame mitigation, and trust dynamics five times, in 
three moral dilemmas and across robot and human agents, aiming for strong generalizability.

Experimental procedures were approved by George Mason and Brown University Institutional Review 
Boards and the U.S. Air Force Human Rights and Protections Office, protocol #FWR20220047X. The research 
was conducted and approved in accordance with the Common Rule, U.S. federal policy that protects human 
research participants. Participants were provided informed consent information prior to agreeing to participate.

Exp Agent Dilemma

Share of the Sample who 
Recommended each Action 
path

Moral Disagreement
Effect size η2

p

Do not feed Feed

1 Robot Hunger Strike 46.5% 53.5% 0.22

2 Robot Hunger Strike 50.4% 49.6% 0.40

Do not resuscitate Resuscitate

2 Robot Dot Not Resuscitate (DNR) 34.4% 65.6% 0.38

3 Robot DNR 28.8% 71.2% 0.35

3 Human DNR 25.8% 74.2% 0.32

Do not divert Divert

3 Robot Toxic Gas 46.7% 53.3% 0.27

3 Human Toxic Gas 59.3% 40.7% 0.24

Table 2.  Normative recommendation distributions and moral disagreement effects for each dilemma, 
experiment, and agent.
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Results of three experiments
Normative recommendations
Across experiments, we assessed people’s normative recommendation for resolving the given dilemma (i.e., 
what the agent should do in the dilemma). The distribution of people favoring one or the other action varied 
somewhat across dilemmas, replications, and agents (see Table 2).

Testing the moral disagreement assumption
We predicted that people’s blame judgments would be higher when the agent made a decision opposite to the 
participants’ normative recommendation. Table 2 (last column) shows the effect sizes of moral disagreement 
across experiments and dilemmas, and Fig. 2 illustrates the cross-over pattern for four of the samples. There is 
convincing evidence of a strong disagreement effect, ranging from η2

p = 0.22 to 0.40, all statistically significant 
at p <.001. We also see that, in Experiment 3, the effect sizes of moral disagreement were very similar for human 
agents (lower left panel) and robot agents (lower right panel).

We should note that blame judgments are not normally distributed. We detail in the SM why this is the case 
and why there are no transformations or nonparametric alternatives available for the present designs. However, 
the SM offers robustness checks for the reported findings by analyzing the better-behaved portions of the 
distribution and shows that the patterns hold strongly.

As predicted, blame for disagreement was consistently strong. Even though high norm conflict should make 
either choice seem at least reasonable to justify, people defended the action path that they themselves favored. 
The other choice, they insisted, deserved a lot of moral criticism. This substantial moral disagreement—hence 
people’s negative perception of the agent’s norm violation—provided a stringent test for the main hypotheses: 
that justifications are able to mitigate this criticism and repair assessments of trustworthiness.

Testing the blame hypothesis: justifications mitigate blame judgments
To test the blame hypothesis, we conducted 2 × 2 × 2 mixed between-within ANOVAs, with the agent’s Decision 
(one or the other of the agent’s choice in the given dilemma) and Response (justification vs. mere explanation) as 
between-subjects factors and participants’ Blame change (from before to after the agent’s response) as a within-
subjects factor. The primary test of the blame hypothesis is a Blame change × Response two-way interaction with 

 Fig. 2.  The moral disagreement effect: (divergence between participant’s recommendation and agent’s actual 
decision in the dilemma) on initial blame, for four dilemma/agent combinations, representative of all seven 
combinations across Experiments 1 through 3.
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a means pattern such that agents that offer a justification (rather than an explanation) receive less blame. We see 
in Table 3 (column “For both decisions”) that this test yielded at least small effect sizes in three out of five robot 
samples and both human samples. For robots, in the two cases that did not show a statistically significant two-
way interaction pattern, a significant three-way interaction of Blame change × Response × Decision emerged, 
such that the blame mitigation held for one of the decisions (each time the inaction path) but not the other. 
Figure 3 illustrates the basic pattern (two-way interaction) of blame mitigation for two of the robot samples 
(panels a and b) and the decision-specific mitigation pattern (three-way interaction) for one of the robot samples 
(panel c).

Testing the trust hypotheses
Trust judgments are not normally distributed, primarily left skewed. In transformations, skewness improves but 
kurtosis deteriorates, so we conducted all analyses with untransformed scores. The SM shows that analyses with 
transformed variables show almost identical results.

The Performance trust and Moral trust scores had high internal consistencies (see SM Tables S13, S17, and 
S21), with Cronbach’s α values ranging from 0.74 to 0.92 for Performance trust (average α = 0.84) and 0.84 to 
0.96 for Moral trust (average α = 0.91). Further, Performance and Moral trust consistently separated into two 
(correlated) factors in exploratory and confirmatory factor analyses in all experiments (see SM, pp 23–30).

Trust gain: justifications elevate trust
The trust hypothesis stated that justifications of norm-violating decisions would elicit higher trust in robots, and 
in particular higher moral trust, than mere explanations of those decisions. In Experiments 1 and 2, we conducted 
2 x 2 ANOVAs with the robot’s Decision (e.g., resuscitate or not) and the robot’s Response (justification vs. mere 
explanation) as between-subjects factors and participants’ trust scores as the dependent variable. Table 4 shows 
that a robot that offers a justification elicits consistently higher trust than one that offers a mere explanation. The 
effect ( η2

p , shown in percentages) is stronger for Moral trust than Performance trust in two of the three samples 
(see Table 4).

Justifications elevate trust even under moral disagreement
We also examined whether the trust gains following justifications are moderated by moral disagreement. The real 
power of justifications would lie in their ability to increase trust even when the agent’s decision disagreed with 
the perceiver’s recommendation. To test this possibility, we formed a categorical variable indicating whether the 
agent’s decision and the participant’s recommendation agreed (e.g., to feed the prisoner) or disagreed (e.g., the 
participant recommended feeding the prisoner, but the agent did not feed him). We then conducted ANOVAs to 
model the effect of Response on trust while controlling for this moral disagreement. As Table 5 shows, aside from 
a strong moral disagreement effect (average η2

p = 14.9%), the Response effects were largely unchanged from 
the original ones reported in Table 4. The average change of the corresponding effect sizes across Experiments 
1 and 2 was η2

p = 0.3%. Figure 4 illustrates that people naturally trust an agent more when it agrees with their 
recommendation, but Moral trust in particular is elevated when the agent offers a justification, rather than a 
mere explanation, to account for its decision.

Justifications alter temporal trust dynamics—from loss to recovery
In Experiment 3, we tracked the step-by-step changes across three trust measurement points, from a trust 
baseline (time 1) to presumed trust loss after learning about the agent’s norm-violating decision (time 2), and 
finally to presumed trust recovery after receiving a justification (time 3). We first introduce the results of trust 
loss, then of trust recovery, and finally the full trust change dynamic over the three points in time. Experiment 3 
tested this temporal dynamic for both robot and human agents.

Experiment—Dilemma Agent

Justifications mitigate blame

For both decisions For one decision

η2
p Significance test η2

p Significance test

1— Hunger Strike Robot 0.3% F(1,339) < 1, p =.86 2.8% F(1,339) = 10.1, p =.002**

2— Hunger Strike (c) Robot 3.3% F(1,355) = 12.3, p =.001* 2.6% F(1,355) = 9.6, p =.002**

2— DNR Robot 0.2% F(1,406) = 0.8, p =.373 2.7% F(1,406) = 11.4, p =.001**

3— DNR (a) Robot 2.6% F(1,389) = 10.2, p =.002* 0.6% F(1,389) = 2.3, p =.13

3— DNR (b) Human 4.8% F(1,488) = 24.4, p = < 0.001* 0.1% F(1,488) = 0.3, p =.58

3— Toxic Gas Robot 2.2% F(1,332) = 7.5, p =.006* 0.0% F(1,332) = 0.1, p =.72

3— Toxic Gas Human 1.7% F(1,509) = 8.9, p =.003* 0.8% F(1,509) = 4.4, p =.04**

 Table 3.  Tests of the blame hypothesis, according to which justifications (compared to Mere explanations) 
mitigate blame. Note: * denotes a statistically significant two-way interaction between Blame change x 
Response. ** denotes a statistically significant three-way interaction between Blame change × Response × 
Decision. Letters inside parentheses correspond to panels depicted in Fig. 2.
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Trust loss
In Experiment 3, in both dilemmas, and for both agents, we found sizeable trust loss when the agent’s decision 
disagreed with the participant’s recommendation (moral disagreement). Table 6 shows the effect sizes for the 
interaction between trust change (within subjects from baseline to after the agent’s decision is revealed) and 
moral disagreement for all agents  (ps < 0.001; see SM Tables S69  to S80 for details). Figure  5 illustrates this 
pattern for the strongest trust loss effect: in response to the human agent’s decision in the DNR dilemma.

Trust recovery
After losing trust in the agent at time 2, participants were exposed to the agent’s justification for the decision 
(e.g., “I wanted to honor the man’s decision”; “I knew that this would save as many lives as possible”), or to a mere 
explanation (e.g., “I had to make a decision”; “The situation required making a decision”). We predicted that the 
justification response would be more successful at recovering lost trust than the explanation response. Table 7 
shows the results for the corresponding effect in the ANOVA model, namely the interaction between the within-
subjects factor of trust change (time 2 to time 3) and the between-subjects factor of Response (justification vs. 
explanation). For detailed significance tests, see SM Tables S81-S92. These effects are stronger for Moral trust in 
three of the four samples tested in Experiment 3.

Full temporal trust dynamic from baseline to loss and recovery
 Figure 6 illustrates the full dynamic of trust change across the three time points for a robot that offers a justification 
or an explanation, under moral agreement or disagreement. Detailed statistical results of this 3 × 2 × 2 mixed 
between-within subjects design for all agent and scenario combinations are available in SM Tables S93-S104. 
The most consistent patterns are (a) a substantial linear decline of trust under moral disagreement compared to 
agreement and (b) a substantial recovery of trust (especially moral trust) if the agent offers a justification for the 
decision (quadratic interaction contrast of time × justification), but not if it offers a mere explanation.

Fig. 3.  Justifications mitigate blame judgments. Panels (a) and (b) show two samples in which justifications 
mitigate blame consistently across both decisions in the dilemma. Panel c shows a sample in which 
justifications mitigate blame for only one decision (here, for the decision to not feed the prisoner).
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Discussion
Truly social robots will have to act appropriately in their increasingly sophisticated social roles, which means 
acting in line with the social and moral norms of their relevant community. But norms can conflict with one 
another, and when they do, resolving the conflict entails prioritizing one norm over another. This decision can 
lead to moral disagreement with those human interaction partners who prioritize the other norm and therefore 
perceive the robot’s choice as a norm violation. Such a perceived violation elicits moral criticism and a loss of 
trust. We examined the power of justifications to mitigate such moral criticism and recover the lost trust.

Across three dilemmas, three experiments, and two types of agents, we found evidence that:

	(1)	 Moral dilemmas evoke strong moral disagreement;
	(2)	 Moral disagreement elicits considerable moral criticism (blame) toward a robot, similar as toward a human;
	(3)	 A robot’s justifications (but not explanations) mitigate such blame;
	(4)	 A robot’s justifications (but not explanations) elevate people’s trust in the robot, even under conditions of 

moral disagreement; and
	(5)	 Moral disagreement causes substantial loss of trust, but justifications (not explanations) are able to partially 

recover this trust.

Below we highlight several ways in which our results advance knowledge, then acknowledge limitations, and 
finally suggest directions for future research.

Moral responses to robots
The human-machine interaction literature contains findings of algorithm aversion, algorithm appreciation, and 
automation bias. Where do our results fall? We find that people blame an artificial agent for a decision that 
morally disagrees with their normative preference, but they mitigate their blame when the agent justifies its 
decision. Even more important, people appreciate the agent’s trustworthiness in light of the norm competence 
that such justifications imply. Thus, when encountering advanced artificial agents that make morally relevant 
decisions, people take neither a generally negative nor a generally positive stance; instead, their moral judgments 

Experiment 1 Hunger Experiment 2 Hunger Experiment 2 DNR

Overall trust 3.6% (+ 1.2%) 2.2% (−0.6%) 1.5%(−1.2%)

Moral trust 5.1% (+ 0.2%) 1.3%(−0.6%) 3.6%(−1.2%)

Performance trust 0.9% (+ 0.7%) 2.2%(−0.3%) 0.0%(−0.4%)

 Table 5.  Tests of the trust hypothesis (that a robot’s justifications, compared to mere explanations, increase 
trust) in experiments 1 and 2, controlling for moral disagreement. Note: Numbers in parentheses show change 
in effect size from the original tests (Table 4) to tests after controlling for moral disagreement.

 

Experiment 1 Hunger Experiment 2 Hunger
Experiment 2 
DNR

Total trust
η2

p  = 2.4% η2
p  = 2.8% η2

p  = 2.7%

F(1,331) = 8.1,
p =.005

F(1,346) = 9.8,
p =.002

F(1,396) = 11.1,
p <.001

Moral trust
η2

p  = 4.9% η2
p  = 1.9% η2

p  = 4.8%

F(1,331) = 17.2,
p <.001

F(1,346) = 6.6,
p =.01

F(1,397) = 19.9,
p <.001

Performance trust
η2

p  = 0.2% η2
p  = 2.5% η2

p  = 0.4%

F(1,339) < 1,
p =.381

F(1,355) = 9.2,
p =.003

F(1,405) = 1.4,
p =.229

 Moral trust, controlling for Performance trust
η2

p  = 5.7% η2
p  = 0.2% η2

p  = 5.1%

F(1,330) = 19.8,
p <.001

F(1,345) < 1,
p =.407

F(1,395) = 21.1,
p <.001

Performance trust, controlling for Moral trust
η2

p  = 0.8% η2
p  = 1.1% η2

p  = 0.7%

F(1,330) = 2.7,
p =.103

F(1,345) = 3.9,
p =.049

F(1,395) = 3.0,
p =.086

Table 4.  Tests of the trust hypothesis (that a robot’s justifications, compared to Mere explanations, increase 
trust) in Experiment 1 (Hunger strike dilemma) and Experiment 2 (Hunger strike and DNR dilemma). Note: 
The last two rows represent ANCOVA models with type 1 sum of squares where one of Performance or Moral 
trust scores was the dependent variable and the other of the two was added as a covariate to the 2 (Decision) x 
2 (Response) between-subjects ANCOVA.
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are responsive to the agent’s (moral) behavior and dispositions, and their systematic pattern of judgment is 
highly similar to the pattern that people show when judging human agents.

However, these results do not necessarily generalize to about 30% of participants who failed to accept the 
robot as a proper target of moral criticism and therefore had to be excluded from analyses. Some of them found 
it objectionable that a robot might make decisions in moral dilemmas (akin to77), but most of them simply did 
not find it meaningful to apply a blame judgment to a robot. Their skeptical stance aligns with scholars who 
deny that blame for artificial agents is an appropriate judgment78,79, and their presence in the sample supports 
theoretical models that posit individual differences as important moderators for the success of machines’ 
attempts to repair trust80. That is, justifications may not work well for a minority of individuals who reject robots 
as worthy targets of moral judgment, even though most people in our experiments found little difficulty in 
making these judgments.

Blame and trust
A consistent and novel finding of our experiments was that people differentiated between their blame for an 
agent’s specific decision and their appreciation of the agent as a trustworthy decision maker. Mitigation of blame 
in response to justifications held generally for both decisions in the dilemmas but was sometimes limited to 
one (see Table 3). However, people’s recognition of the agent as trustworthy was consistent across all decisions, 
dilemmas, and agents. Thus, moral disagreement may not always be a terminal problem for robots.

A growing body of human-robot interaction research suggests that people respond positively to robots that 
rebuke a human’s unethical requests, reject commands that could cause harm, and intervene in interpersonal 
attacks between group members81–84. We propose that people appreciated disagreeable robots in these studies 
because of their justified reasons to disagree. Our findings show that only justified reasons—those that specifically 
invoke a prioritized norm—are sufficiently powerful to reconcile a moral disagreement and maintain people’s 
trust in an agent, whether robot or human.

A potential qualification here is that justifications are apt to be effective only for moral decisions and moral 
disagreements that in principle are justifiable. Some moral disagreements stem from strong personal convictions 
or divided public sentiments. If machine moral decisions go against such convictions, justifications may no 
longer be able to mitigate blame or recover lost trust, because those decisions were not justifiable in the first 
place.

Another novel finding was that people differentiated between moral trust and performance trust, two distinct 
facets of trust that have garnered increasing attention of late65,67,85, especially for machines. People’s perception 
of a justifying agent as trustworthy held for both performance trust and moral trust but was often stronger 
for moral trust (Tables 4 and 7). Moral trust was also more sensitive to the power of justifications to recover 
lost trust under moral disagreement. This may be because justifications directly implicate norm competence, 
and these implications guide people’s perceptions of the agent as sincere, ethical, and benevolent—that is, 
morally trustworthy. Further, recent theoretical work79 has argued that trust repair strategies used by machines 

Fig. 4.  The power of justifications to increase people’s Total and Moral trust in a robot agent even when the 
agent disagrees with the participant’s recommendation for how to act (dotted areas), in Experiments 1 (top 
panel) and 2 (bottom panel).
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Dilemma Agent

Trust loss ( η2
p) due to moral 

disagreement

Overall Moral Performance

DNR Robot 9.2% 3.9% 10.1%

Human 16.6% (a) 14.7% (b) 15.1% (c)

Toxic Gas Robot 10.0% 7.3% 9.6%

Human 8.7% 6.6% 9.1%

Table 6.  People displayed substantial trust loss (decline from baseline to after learning about agent’s decision) 
when morally disagreeing (rather than agreeing) with the decision (Experiment 3). Note: Effect sizes η2

p  show 
the interaction between trust change and moral disagreement. Letters in parentheses correspond to panels in 
Fig. 5.

 

Fig. 5.  Loss of trust from baseline to after the participant learns about the agent’s decision in the dilemma, 
broken down by whether the agent’s decision agreed or disagreed with the participant’s normative 
recommendation for the dilemma. Panel (a) depicts loss of Total trust, panel (b) depicts loss of Moral trust, 
and panel depicts (c) loss of Performance trust under moral disagreement.
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are persuasive communicative acts, which under the elaboration likelihood model86 can take either central or 
peripheral routes to persuasion. Extending this argument, we speculate that justifications and their reference to 
norms may provide an information context in which central-route persuasion can foster long-term changes in 
trusting attitudes. However, more empirical work is needed to investigate this hypothesis.

Further, evidence of moral trustworthiness may be particularly impactful in human-robot collaborations, 
especially when the group needs to make tough decisions under uncertainty. Justifications make it clear that 
the robot’s norm-violating behavior was, although intentional, in service of an important norm. The team may 
disagree in this one case (and perhaps even decide against the team member’s proposal) but maintain their faith 
in the member’s trustworthy disposition.

A final novel finding was that we were able to track, in Experiment 3, the full temporal dynamic of trust, from 
positive initial expectations through lost trust due to a norm violation, to recovered trust following a credible 

Dilemma Agent

Trust recovery ( η2
p) for 

justification > explanation

Overall Moral trust Performance trust

DNR Robot 1.7% 1.7% [0.6%]

Human 5.7% 3.7% 5.8%

Toxic Gas Robot 4.5% 3.8% 1.5%

Human 3.8% 4.4% 2.0%

Table 7.  Tests of the trust hypothesis (that justifications, compared to Mere explanations, more strongly 
recover trust) in experiment 3, by dilemma and agent. Note: Effect sizes η2

p  show the interaction between trust 
change and Response (justification vs. explanation), controlling for agent’s Decision in the dilemma. Effects in 
square brackets are not significant at p <.05.

 

Fig. 6.  Experiment 3 reveals the dynamics of people’s trust from baseline (T1 = time 1) to after they learn 
about the agent’s decision (T2 = time 2) to after the agent clarifies the decision with a justification (blue lines) or 
explanation (red lines) (T3 = time 3). The dynamics vary substantially depending on whether the participant’s 
normative recommendation and the agent’s decision in the dilemma agreed or disagreed and depending on 
whether the agent clarified the decision by using a justification or explanation. The figure shows the robot agent 
in the toxic gas dilemma, and results are similar in the other conditions (see SM). Panel (a) displays the total 
trust scores, panel (b) displays the moral trust scores, and panel (c) displays the performance trust scores.
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justification. The MDMT’s parallel short forms (see Methods) allowed such repeated and dynamic measurement. 
The temporal pattern simultaneously confirmed an often claimed but rarely tested assumption that robot 
norm violations lead to losses of trust and also captured the impact of justifications (but not explanations) on 
trust repair. The success of justifications in repairing trust was not previously discovered in part because past 
studies have almost exclusively focused on repairs to performance trust67 and on machine agents that make 
unintentional, often drastic errors. Such errors may be difficult to repair without evidence that something about 
the robot’s performance will change in the future. By contrast, we measured both performance and moral trust 
in human-robot interaction and found that repair even in cases of clear moral disagreement is possible, but only 
with justifying reason for one’s intentional choice.

Limitations and future research
The present experiments have several methodological limitations. First, we presented only one scenario to 
each participant and asked them for their moral and trust perceptions of that one robot. If people encounter 
more scenarios, with the same or different robots, some agreeing, some disagreeing with them, our findings 
may change. For example, people may lose faith in a robot that disagrees with them twice, even if it provides 
justifications.

Second, we used narratives to introduce morally challenging scenarios that could not be modeled in live 
studies, but other scenarios of norm conflict should be designed in the future to test our patterns of findings in 
live human-robot interaction. In fact, justifications may be even more powerful when they are uttered in live 
conversation.

Third, although we used a validated measure of trust (and provided further validation for it), we had no 
behavioral reliance measure. The trust in a robot’s moral competence that we saw in our experiments will need 
to be tested against criteria of continued interaction and willingness to delegate important decisions.

With this work, we look into the future and test people’s perceptions of robots that do not yet exist. But as 
researchers, we must take advantage of the slow pace at which moral robots are emerging and try to advance 
knowledge about people’s expectations of and responses to such early (yet still fictitious) robots, a research 
approach that some call Moral HRI32,87. This knowledge can guide the design of moral robots and turn research 
insights into the conditions under which robots’ socially and morally significant actions prove acceptable to 
human communities. Whatever algorithmic form artificial moral competence may take in the future, we have 
sufficient evidence to suggest that justifications must be a central part of this competence.

Methods
Participants
We recruited only participants who were 18 years or older, who were registered as participants in the United 
States on Prolific Academic (prolific.com), and who had not participated in our prior related studies. For the 
three experiments, we aimed to recruit approximately 100 participants per between-subjects condition to 
provide statistical power ≥ 0.80 and to detect effect sizes of d ≥ 0.40 ( η2

p≥ 0.04). Additionally, we set 105% of that 
number to account for any participant attrition in online experiments. See SM for additional details including 
participant exclusion criteria.

Experiment 1 included data from 471 participants with ages ranging from 18 to 77 years (M = 34 years, 
SD = 12.83). Participants self-reported their gender using a free response text box. Participants self-identified as 
234 males, 224 females, 12 as identities outside the gender binary, and 1 person did not report.

Experiment 2 included data from 1,088 participants with ages ranging from 18 to 93 years (M = 39 years, 
SD = 13.95). Participants self-reported their gender using a free response text box. Participants self-identified as 
560 females, 507 males, 16 as identities outside the gender binary, and 5 did not report.

Experiment 3 included data from 2,037 participants with ages ranging from 18 to 85 years (M = 40 years, 
SD = 13.75). Participants self-reported their gender by selecting all options that applied from a multiple-choice 
array. Participants self-identified as 1,056 males, 876 females, 34 selected singular options outside the gender 
binary, 60 selected multiple gender options, 7 did not report, and 4 preferred not to disclose.

Dependent measures
Normative decision recommendation
After reading their assigned moral dilemma narrative, participants indicated how the agent should decide in the 
dilemma it faced. Participants responded by checking one of two radio buttons with dilemma-specific verbal 
labels. For the hunger strike dilemma, these labels were whether to feed or not feed the prisoner, for the DNR 
dilemma to resuscitate or not resuscitate the man, and for the toxic gas dilemma to divert the gas or not divert 
the gas.

Moral judgment of blame
Participants provided two blame ratings, one after learning the agent’s decision in the moral dilemma and one 
after learning the agent’s justification or explanation for the decision. Both blame judgments were recorded by 
a slider from 0 to 100, where 0 indicated “None at all” and 100 indicated “Maximum possible.” The first blame 
rating answered the question, “How much blame does the [agent] deserve for [decision]?” The second blame 
judgment answered the question, “In light of the [agent’s] response, how much blame does the agent deserve 
for [decision]?” In Experiment 1, participants were asked (after the second blame rating), “Why do you feel 
the [agent] deserves this amount of blame?” In Experiment 2, participants answered this blame clarification 
question after providing both blame ratings. In Experiment 3, participants answered this question after the first, 
but not the second blame rating. Participants’ typed free-responses to the blame clarification questions were 
content-coded to identify participants who disqualified the robot agent from being a worthy target of blame. We 
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relied on a systematic coding scheme used in previous studies33,72 and our preregistrations. See SM Tables S6 and 
S7 for additional details on the disqualification coding procedure.

Multidimensional trust
We measured trust using the Multi-Dimensional Measure of Trust (MDMT v273), which conceptualizes trust 
as subjective perceptions of trustworthiness. The MDMT separates into two broad factors: Performance trust 
(i.e., reliability and competence) and Moral trust (i.e., ethical integrity, transparency, benevolence). Participants 
indicated to what extent the respective agent in the moral dilemma had attributes of trustworthiness using a 
6-point Likert scale ranging from 0 (“Not at all”) to 5 (“Very much”) or by selecting, “Does not fit” (see88). We 
treated Does not fit selections as missing values when we computed specific trust scores (see SM Table S2).

We used several 10-item parallel short forms of the MDMT, randomly assigned to participants (see SM 
for additional details about the random assignment of short forms to participants). In these short forms, the 
Performance trust score represents the average of four items (e.g., capable, consistent), and the Moral trust score 
represents the average of six items (e.g., sincere, ethical, kind). The Total trust score was computed as the average 
of the two factor scores, but only if both factor scores were available. See SM for more details including reliability 
coefficients and factor loadings for the MDMT across Experiments 1–3.

 Moral dilemmas
The SM includes additional details regarding the creation of the moral dilemmas used in our experimental 
procedures. The full text for each moral dilemma used in Experiments 1–3 is given below.

Hunger strike dilemma
The male inmates at a federal maximum-security prison have gone on a hunger strike to protest their living 
conditions. They claim overcrowding and chronic mistreatment by prison guards.

After weeks of forgoing food, one of the convicts, Lee, is so nutrient-deprived that he may die without 
immediate nutritional intake. A robot medic, who works the night shift on the medical station, knows that 
sedating Lee and feeding him through a nasogastric tube would extend Lee’s life.

Days ago, however, Lee put in writing that he was firmly committed to his hunger strike and would refuse the 
nasogastric tube. But he is too weak now to communicate whether, so close to dying, he would rather be saved 
by the medical procedure.

No supervisor can be reached at this hour, so the robot medic must decide whether to sedate and feed Lee or 
do nothing and assume he wants to die.

What should the robot do? — Feed Lee vs. Not feed Lee.

Do not resuscitate (DNR)
A medical assistant [robot] works at the local hospital in a fifth-floor in-patient unit. One evening, a 70-year-old 
man with a chronic heart condition tells the medical [assistant/robot] and a nurse that he has a desire to end his 
constant pain and is leaning toward being placed under “Do Not Resuscitate” (DNR) status. This means that in 
the event of his heart stopping, he does not wish for the medical staff to restart it.

Later that night, an emergency involving multiple patients occurs on the first floor, at the other end of the 
hospital. All nursing staff and the sole attending physician are dispatched to the emergency, leaving only the 
medical [assistant/robot] and the patient’s wife, who is visiting, on the fifth-floor unit.

The 70-year-old patient’s status suddenly deteriorates, and his heart stops. His wife, who has no first-aid 
training, pleads with the [assistant/robot] to resuscitate the patient. Their daughter was to arrive the next day, 
and he earlier had said he wanted to see her one more time.

The [assistant/robot] recognizes the complex situation but has no time to consult with an ethics committee, 
and the medical team working at the other end of the hospital is not reachable. Thus, the [assistant/robot] must 
make a difficult decision.

What should the [assistant/robot] do? — Resuscitate the man vs. Not resuscitate the man.

Toxic gas dilemma
A [night guard/state-of-the-art guard robot] is on watch in a hospital. Just after midnight, while monitoring 
the cameras and sensor displays, the [guard/robot] notices that a highly toxic chemical has seeped out from an 
experimental treatment device.

The device is located in a 2nd-floor room of the intensive care unit (ICU) that houses four bed-ridden 
patients, and the chemical is beginning to evaporate as a poisonous gas. The [guard/robot] knows that, within 
less than a minute, the poison will kill the four patients in the room.

No hospital manager can be reached quickly enough, but the [guard/robot] reasons that if [he/it] turns the 
room’s ventilation system to maximum level, the gas will be diverted out of the 2nd-floor room. However, it will 
travel through the air shaft past the room above, mixing with the air in that room on the 3rd floor. This will kill 
two patients housed there, who are mildly sedated after surgery. There is not enough time to evacuate them.

The [guard/robot] must decide whether or not to divert the toxic gas from the 2nd to the 3rd floor.
What should the [guard/robot] do? — Divert the Gas vs. Not divert the gas.

Justifications and explanations
For all three experiments, participants were informed that a supervisor asked the agent to clarify its decision 
in the moral dilemma it faced. The agent then provided (randomly assigned) either a mere explanation or a 
moral justification for making the decision. Justifications explicitly refer to normative reasons (beliefs, goals) 
that favored one decision over the other. Mere explanations provided answers to the supervisor’s why question, 
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demonstrated the agent’s communicative capacities, and confirmed that the agent’s actions were intentional. 
However, they provided only a “causal history of reason” explanation46, thus explaining the causal background 
to the decision without clarifying the morally relevant reasons that favored one action over the other. Also, we 
phrased mere explanations either (randomly assigned) in first-person language (“I had to make a decision”) or 
allocentric language (e.g., “The situation required making a decision”). The phrasing made no difference in any 
of the results. In Experiment 3, we also varied (randomly assigned) whether the justifications were expressed 
as desire reasons (“I wanted to….”), as in the first two experiments, or belief reasons (e.g., “I knew that…”). No 
systematic differences emerged. See the SM for additional details on the creation of the Justifications. Table S5 in 
the SM provides a complete list of all justifications and explanations used in Experiments 1–3.

Procedure
After entering into the experiment from a link provided from www.prolific.com, all participants were asked 
to pass the two “bot check” questions (see SM) before being provided with informed consent information and 
agreeing to participate.

Participants then read about a robot (or human in Experiment 3, randomly assigned) that faced one of the 
moral dilemmas. After reading the dilemma scenario, all participants were asked to provide a recommendation 
for the decision they thought the agent in the scenario should make. Then participants learned of the agent’s 
(randomly assigned) actual decision to resolve the dilemma and provided their first blame judgment of the 
agent’s decision. On a separate page, participants were asked to clarify their blame judgment(s) using a free 
response textbox (see SM for additional details about the administration of the blame clarification questions). 
All participants then learned that a supervisor asked the agent to explain its decision, and they read the agent’s 
response, which was (randomly assigned) either a mere explanation or a moral justification (for detailed 
phrasings, see SM).

All participants then completed the MDMT as a measure of moral and performance trust and also completed 
a second, updated blame rating, answering the question, “In light of the [agent’s] response how much blame does 
the [agent] deserve for [decision]?” In Experiment 3, participants’ trust was measured three times (with parallel 
short forms of the MDMT): as a baseline after learning about the moral dilemma scenario and the agent (time 
1), after learning about the agent’s decision to resolve the moral dilemma scenario (time 2), and after reading the 
agent’s justification or mere explanation (time 3) for its decision.

In all experiments, participants completed a short demographics questionnaire that asked about age, 
gender identity, level of education, English language proficiency, prior knowledge of the robotics domain, and 
experience working with robots. After completion, participants were provided a code to receive their payment 
from the Prolific research administration platform.

Experiments 1 and 2 took approximately 5 min to complete, Experiment 3 took 9 min. All materials for the 
experiments were presented to participants using Qualtrics software. Participants received compensation at a 
rate of approximately $12/hour for their time. SM includes additional details on the experimental procedures.

Data availability
Pre-registrations of procedure and analyses can be found in our open science framework (OSF) repository 
located at https://osf.io/pt82j/. The data that support the findings reported in the main manuscript and the ​
s​u​p​p​l​e​m​e​n​t​a​r​y materials can be found here: https://osf.io/pt82j/files/osfstorage.
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