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Abstract 

Aligning AI to human values is a current research endeavor 
where much focus goes to training AI systems to align with 
values, goals and tasks. But evaluating whether those aligned 
systems are actually better and more trusted by human users 
is an essential part of improving such systems. We present 
three challenges encountered in the evaluation of aligned AI 
systems. We present possible solutions to these challenges, 
discuss our own and alternative design choices, and outline 
next steps for AI alignment research to flourish.  

Introduction 
The challenges and related choices discussed herein come 
from a body of work pursuing the hypothesis that alignment 
to decision-making attributes produces better trust in and 
delegation to algorithmic decision makers (ADMs; McVay 
et al., 2025). We approach this question from a position that 
goes beyond alignment to universal human values; we argue 
that pluralistic alignment to specific decision makers on 
context-specific attributes gleaned from difficult, high-
stakes, expert decisions with varied response will impact 
trust in AI decision makers (Hu et al., 2025).  We define 
alignment as the relationship between the weighted influ-
ences on the decision-making process of two decision mak-
ers and operationally define it in the current work as the 
quantitative relationship between the responses of two deci-
sion makers on particular decisions designed to reflect the 
underlying influences (Summerville et al., 2025). Note that 
we manipulated the degree of alignment for a decision 
maker in our experiments and that this definition stands in 
contrast with self-reported alignment, a measure that as-
sesses a participant’s subjective experience of alignment 
(see Table 2).  
Our growing body of work applies a three-step process (see 
Figure 1) to test this hypothesis and produces alignment ef-
fects currently in the domain of medical triage. These effects 
are expected to generalize to other domains. 
 
 
 

 

The focus of the current manuscript is identification of chal-
lenges and novel solutions within the evaluation step (i.e., 
step 3 in Figure 1) as an exercise in reflection on lessons 
learned from multiple studies (the details of which are re-
ported elsewhere). The purpose of this discussion is not to 
report the results of the studies themselves, but to surface, 
for discussion, the challenges and choices made in service 
of the research question. We discuss how those choices are 
justified for some questions but not others, and how differ-
ent responses to the identified challenges may contribute to 
AI alignment evaluation efforts. While it is not our aim to 
report the specific methods and results of those studies here, 
we will review the primary research question, general 
method, and overview of results briefly for context to the 
identified challenges and choices. 

Alignment Evaluation Program 
The goal of the research program in which the challenges 
and choices below were identified was to examine the effect 
of context-specific alignment to trust and willingness to del-
egate to AI decision makers. Importantly, the goal was not 
to evaluate the operationalization of an AI product, but to 
provide support to the research hypothesis that context-spe-
cific alignment would increase trust and delegation to an 
aligned AI decision maker. Results in support of this hy-
pothesis demonstrate the utility of this type of alignment and 
make a case for the resources needed to complete it, in de-
veloping trusted AI. 
To explore the effect of alignment on trust and delegation, 
we have conducted six experiments in the medical triage do-
main, along with multiple pilot and partial explorations 
(some still on-going), with well over 200 human medical 
professionals. While that work focuses on the specific re-
sults obtained, we focus here on the methodological chal-
lenges we experienced that may be informative for those re-
searchers seeking to evaluate AI alignment with human par-
ticipants.  
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Figure 1: Three-step process and framework for performing context-specific alignment across domains, tasks, and users (Hu et 
al., 2025)

The speed with which the field of AI alignment is advancing 
makes the discussion of evaluation challenges a timely 
topic, regardless of the status of our specific research ques-
tion; we encourage the reader to view the specifics presented 
in this manuscript as examples and support for design 
choices, rather than results to verify, as in a more typical 
research report (but for additional results, see McVay et al., 
2025; Summerville et al., 2025).  
The experiments varied as a function of the decision-making 
attributes for alignment, the construction of scenarios and 
probes, the nature of the observed decision makers (case-  
based reasoning AI, Molineaux et al, 2024; large language 
models, Hu et al., 2025; human-constructed responses), the 
presentation of the observed decisions, and the samples of 
participants. However, all experiments fell within the frame-
work of context-specific alignment (Figure 1) and each fol-
lowed the same experimental procedure (see Figure 2). Hu-
man medical professionals were first assessed on how they 
fell on the spectrum of the attribute (e.g., high or low  
on affiliation focus). Observed decision makers (e.g., AI) 
were then selected based on their alignment to the human 
participant’s attribute assessment (i.e., aligned or misa-
ligned; in some cases a baseline (untrained) AI decision 
maker was also included). The human participants then 
viewed the decisions made by each decision maker, rated 

that decision maker on trust, trustworthiness, agreement, 
and self-rated alignment. Finally, participants were shown 
two decision makers at a time for a comparative delegation 
decision. Mixed linear regressions revealed a significant 
positive effect of alignment between the participant and the 
observed decision maker (DM) on trust ratings (range of ef-
fect size(r) = .28-.53). Across studies, logistic mixed regres-
sions showed a significant positive effect of alignment on 
delegation choice. 

Challenges in Alignment Evaluation 
In this paper, we highlight three challenges in evaluating 
alignment and human use of aligned AI and offer solutions 
and choices for dealing with each of the challenges that may 
help researchers in better evaluating AI alignment.  

Challenge 1: Evaluating Effects versus Acceptance 
Two distinct questions can easily be conflated when evalu-
ating human use of AI. The first is the question of whether 
the manipulation (e.g., alignment) has an effect on the hu-
man’s trust in the system as a decision maker. The second is 
acceptance of the use case for adopting the AI technology. 
  
 

 
Figure 2: Experimental paradigm used in ongoing research program (McVay et al, 2025). 
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Our current research questions focus on the first question 
because we are examining the process of context-specific 
alignment and its effect on trust without specifying the par-
ticular AI use case (e.g., decision aid, AI teammate, autono-
mous agentic decision maker). To that end, we preserved the 
participant’s blindness to the nature of the decision maker in 
exploring the effect of alignment. In our studies, decision 
makers are not identified as human or AI, leaving the par-
ticipants to assume they are human (as is likely following 
the participants making the decision making themselves and 
with no mention of the possibility of non-human decision 
makers). Previous research has indicated that people trust 
machines differently compared to humans, especially when 
they fail (Madhavan et al., 2006; Madhavan & Wiegmann, 
2007; de Visser et al., 2016; Alarcon et al., 2023). 

The question of AI acceptance is also important but 
should be explored at the level of specific use cases, rather 
than general effects on outcomes (e.g., trust), because fac-
tors such as organizational authority, transparency, and con-
text-specific alternatives to depending on the AI systems are 
likely to play a role in technology acceptance (see Marangu-
nić & Granić, 2015 for review). 

Challenge 2: Human Constraints on Presentation 
and Measure Choice 
Human subjects research (HSR) is highly regulated and 
highly resource demanding. HSR researchers are specifi-
cally trained, not only to comply with the myriad of rules 
about human participation, but also to maximize the utility 
of the constrained resource of human time and attention 
whenever possible. 
Within the field of AI, alignment evaluating primarily fo-
cuses on enhancing model performance (Chang et al., 2024; 
Cohen, 1996). Even when humans are used in this process, 
their data is used for enhancement of a model or highly spe-
cific model outputs are rated for preference (Jiang et al., 
2025). AI evaluation focused only on benchmarks or capa-
bility demonstration often does not include HSR, but to un-

derstand how a capability fits back into human-AI interde-
pendence, it is necessary to draw on these uniquely human, 
but limited, resources (Klein et al., 2023) To that end, design 
decisions should maximize the available data to answer 
these questions about human-AI interactions. 
Challenge 2A: Selecting Measures of Trust and Delega-
tion 
In approaching this work, we were challenged to evaluate 
human participants’ trust and delegation preference for DMs 
varying in their attribute alignment such as aligned, baseline 
or mis-aligned. That meant several DMs per attribute with 
individual ratings and decisions were needed. We chose to 
evaluate multiple attributes for each participant to assess 
various aspects of alignment and to account for individual 
variability. The experimental design evaluated each attrib-
ute by block so a participant would not have to switch attrib-
utes erratically and the information needed to evaluate each 
attribute would remain the same across different DMs.  

Measurement of trust is multi-faceted as trust is a meta-
cognitive process that involves multiple stages (Kohn et al., 
2021; Mayer et al., 1995). For this effort, we adopted 
Mayer’s definition of trust which is defined as “an individ-
ual’s willingness to be vulnerable to the actions of another” 
on an important task, even when they cannot “monitor or 
control” the trusted party directly” (Mayer et al., 1995, p. 
712). Our self-reported trust measure was an item adapted 
from Mayer & Davis (1999) (“I would be comfortable al-
lowing this medic to execute medical triage, even if I could 
not monitor it”). Additional self-reported ratings including 
an item on trustworthiness, agreement, and self-reported 
alignment. We started with multiple items for each measure 
including three for alignment, three for trust, one for trust-
worthiness and three for propensity to trust (see Table 1). 
We decide to keep a single item (highlighted in blue) for 
each of these items as they were all highly correlated (r > .8) 
and because many DMs had to be rated by each participant. 
For a repeated measures experiment, single items of trust-
worthiness and trust are essential (Lee & Moray, 1992; 
1994; Desai et al., 2013, Tenhundfeld et al., 2022).  

 
 

 
Table 1. Measures to Evaluate Aligned AI. Blue items were included in the final evaluation. Rated as 5-point Likert scales 
ranging from “Strongly Disagree” to Strongly Agree”. 
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Figure 3: The binary delegation choice (left) and the four-choice delegation choice (right). All of the paired t-tests of chosen 
vs. not chosen ratings were significant: Trust t(23) = -8.35, p < .001, Agreement t(23) = -12.40, p < .001; Trustworthy t(23) = 
-5.35, p < .001; Self-reported Alignment t(23) = -7.70, p < .001. 

Our delegation measure was a specific comparative choice 
between decisionmakers. Per Mayer’s model, the self-re-
ported trust measure (subjective) and the delegation meas-
ure (behavioral) present two distinct measures (Kohn et al, 
2021). Trust and delegation are often related, but not always 
(Hoff & Bashir, 2014; Patton & Wickens, 2024). We believe 
they should be measured separately and believe they are 
measuring different constructs as supported by medium 
sized significant relationships (point biserial correlations) in 
the range of r = .18 to .29 across studies (McVay et al., 2025; 
Summerville et al., 2025). 
We investigated two variations of a delegation choice. We 
gave participants either the option to delegate to indicate 
their preference for one or the other DM, both those DMs, 
or neither. We also compared this to a binary forced choice 
between the two DMs: “If you had to choose just one of 
these decision-makers to give complete responsibility for 
medical triage, which one would you choose?”. Results 
showed that, overall, people trusted the DM they chose and 
did not trust the DM they did not choose (see Figure 3). This 
was a similar finding across all measures. When given the 
four-choice option, about 21% selected the “both” option 
and about 4% chose the “neither” option. We chose to ulti-
mately continue with the binary choice option because we 
wanted to know which DM was preferred, even in cases 
where both DMs might have been trusted highly. 
The four-choice result is useful in cases where participants 
may feel high trust in all DMs that are offered as a choice, 
which could be helpful to determine that no further align-
ment is needed. All measures were highly significantly cor-
related, but the highest correlations were between agreement 

and self-reported alignment (r = .87, p < .001) and between 
trust and trustworthiness (r = .84, p < .001). This small dif-
ferentiation between the measures was most apparent for the 
DM that was not chosen. 
Challenge 2B: Presentation of Observed Decision Mak-
ers 
In the effort to maximize data while minimizing demands on 
human time and attention, we streamlined the presentation 
of observed decision makers to provide the most essential 
information in an easy-to-digest format. The exploration of 
aligning to context-specific attributes where experts vary in 
their answers limits the selection of contrasting aligned re-
sponses to difficult decisions. In our current line of research, 
we presented only the difficult decisions as opposed to pad-
ding them with a more typical number of easily 
right/wrong responses. The decisions are presented as easy-
to-view text for presentation of individual DMs and for com-
parison (see Figure 4 for an example). We instruct partici-
pants that the observed decisions are typical behavior for the 
DM and they (the participants) should assume it is repre-
sentative of the DM in multiple scenarios and situations. In 
future work, it would be useful to explore both padding the 
noteworthy decisions and repeated exposure to the DMs 
over time and scenarios, as opposed to relying on the in-
structions for generalization. The streamlined nature of only 
using the most difficult, most controversial decisions, may 
not allow for the build-up of a competence determination for 
non-controversial decisions by the DM. It is unlikely that 
one decision maker would observe such a concentrated set 
of difficult decisions in a realistic observation situation (e.g.,  
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Figure 4: Example of comparison trial format for decisions from two different decision makers.  Screenshot from materials 
described in Summerville et al.  (2025).

working side by side with an AI or human teammate), but 
there would be both a collection of uncontroversial deci-
sions and the passage of time to collect the same amount of 
observation material. For our purposes, we were first inter-
ested in demonstrating an effect on alignment, not in repli-
cating a realistic observation opportunity that would likely 
be driven by a specific use case. We were more concerned 
with not having a clear enough signal to decision makers and 
therefore created a focused signal by concentrating our ef-
forts on examining and characterizing difficult decisions 
and tailor the AI to something that that individual values the 
most. Arguably, difficult decisions could be more defining 
of a decision maker than the mundane everyday non-contro-
versial decisions.  
However, as with acceptance (see Challenge 1), there is 
more to learn about the gradual development of trust be-
tween decision makers (human or AI) by observation over 
time (de Visser et al., 2020). Future work should test this 
hypothesis by adding both critical and mundane decisions as 
well as observations over extended periods of time. For ex-
ample, classic work in automation has demonstrated that 
people are more sensitive to automation failures when its 
overall reliability is variable compared to when it is constant 
(Parasuraman et al., 1993) and when those failures can be 
directly experienced (Bahner et al., 2008). It is possible then 
that the overall alignment profile as it is observed by the de-
cision maker will change based on cues of performance, 
consistency, and overall style (Schlicker et al., 2025; de 
Visser et al., 2014).  

Challenge 2C: Choosing the Observed Decision Makers 
Another challenge in presenting observation materials for 
delegation choices was maximizing the utility of data col-
lected within the previously identified constraints of time 
and attention for human participants (delegators) by choos-
ing ADMs that would yield the most informative contrasts. 
We had to present a limited number of DMs that maximized 
our ability to answer our research question. We addressed 
this in two stages: 1) extreme DMs to confirm the viability 
of the attribute alignment as a predictor and 2) participant-
specific alignment to demonstrate the utility of an alignable 
ADM to any participant. In the first, the DM decisions were 
constructed to represent a DM for whom the attribute dom-
inated their decisions (highest value on the attribute spec-
trum) and a DM for whom the attribute information did not 
influence their decision (lowest value on the attribute spec-
trum). This provided the maximum contrast in the resulting 
response evaluated by the human delegators, and confirmed 
the effect of alignment to the extremes on trust and delega-
tion, but did not capture the more subtle effects of alignment 
across the entire spectrum of the attribute. 
Our overarching objective of improving trust in AI is driven 
by context-specific pluralistic alignment (see Figure 1 from 
Hu et. al, 2025). The identification of the attributes in the 
current work is domain-specific to medical triage, but align-
ment should also be individualized for the user. For partici-
pant-specific alignment, we capitalized on the alignable 
ADMs newly established capability to respond according to 
targets across the spectrum of the attribute (see previous sec-
tion). We chose to present an aligned and a misaligned DM, 
specific to each participant. Like extreme targets, this con-
trast would first allow us to examine the best case scenario 
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of alignment on trust and delegation preference for a deci-
sion maker. However, implicit in the question of alignment 
we are currently addressing is whether the aligned ADM (an 
alignable ADM set to a specific individualized target), re-
quiring the entire process outlined in Figure 1, elicits more 
trust and delegation preference than a baseline ADM. In 
other words: is the alignable capability worth it? The base-
line comparison is a far more challenging case.  

Challenge 3: Choosing a Baseline for Comparison 
In the current work, we use the concept of a baseline ADM 
for two purposes: to evaluate the alignable capability and to 
compare its effectiveness in improving trust and delegation. 
We defined the baseline ADM as a competent responder to 
the evaluation materials with no specific exposure to the at-
tribute definition or training materials. In both cases, one is-
sue with this type of baseline is that it will still align well to 
at least one target and varying degrees to the others. For ex-
ample, if the baseline model does not include influence from 
the attribute in its decision making, the alignment score at 
the lowest end of the spectrum will be high and then lower 
as the target increases along the spectrum (see Figure 5 for 
example). If the baseline instead reflects the influence of 
most people (e.g., an LLM where training material may al-
ready capture the most prevalent influence level of the at-
tribute), the baseline ADM may align highly to a target 
somewhere else on the spectrum (see Figure 5 for example).  
 

 
Figure 5: AI Alignment across a spectrum of targets within 
an attribute with 1) ideal alignment expected from an aligna-
ble AI 2) example of measured alignment of alignable AI 
(under development) 3) example of measured baseline AI 
alignment where baseline ADM produces responses similar 
to a 0.2 target within the attribute spectrum (pattern of align-
ment shown tracks expected baseline alignment). 
 
 

The variation and somewhat unpredictable nature of where 
within the spectrum of targets in the baseline AI will best 
align is a challenge. To demonstrate alignable ADM capa-
bility, we compare the alignment score of the alignable 
ADM and the baseline ADM at a set of specific attribute 
targets. However, due to baseline variation, we have to ex-
amine the pattern of results across the spectrum of targets 
and not just compare alignment scores at one particular tar-
get. The ideal patterns of results would show consistent 
alignment of the alignable ADM to the targets and variable 
alignment of the baseline ADM (see Figure 5). Recent re-
sults show impressive progress toward this ideal pattern of 
results with two types of alignable ADMs (see example re-
sults from an LLM (Hu et al., 2024; Hu, Chan, et al., 2025) 
and a case-based reasoning ADM (Molineaux et al., 2024; 
Rausch et al., 2025)) across different attributes (McVay et 
al, 2025). 

The alignment of a human participant to a baseline ADM 
is unknown prior to the experiment, making the design to 
test questions of alignment effectiveness tricky. As outlined 
previously, the design choice employed in our current work 
presents an aligned, a misaligned, and a baseline ADM to 
each participant. However, there are instances where the 
baseline ADM has produced the set of responses most 
aligned to that participant. This does not render alignment 
ineffective because its benefit to participants along the 
whole spectrum of the attribute should be weighed against 
the baseline ADM’s alignment to a subset of those partici-
pants. The alignable ADM can adjust to align to participants 
across the whole range of an attribute whereas the baseline 
ADM will align well with a set of participants. As a design 
choice, we prioritized obtaining three unique alignment 
scores by not showing overlapping sets of ADM responses. 
If the most aligned DM overlapped with the baseline, we 
selected the next most aligned. Alternatively, if the least 
aligned DM overlapped with baseline, we selected the next 
least aligned. This prevented human participants from see-
ing the same observation materials multiple times or having 
to choose between two identical choices, but it also provided 
more points on the continuum of alignment by presenting 
some moderately aligned (as opposed to most) or slightly 
aligned (as opposed to least) level DMs. 

Another factor in a baseline ADM for the purposes of 
evaluating effectiveness of alignment is competence. In our 
current body of work, we are focused on alignment to attrib-
utes of decision making beyond competence that drive trust. 
The choice we made in service of this focus was to sidestep 
the need for a competent ADM and constrain the available 
responses to varied but acceptably correct responses. We ex-
pect that expert competence in context-specific decision 
making is a prerequisite before evaluating alignment to de-
cision making attributes. 
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Next Steps in Alignable AI Evaluation 
We strongly believe in the importance of evaluating aligned 
AI with human participants to assess its overall effective-
ness, safety and trust. We suggest that the framework out-
lined in Figure 1 (Hu et al, 2025) is applicable for examining 
the effect of context-specific alignment across domains and 
more work is needed to generalize the results beyond the 
medical triage domain (i.e., domain used to develop the pro-
cess, see McVay, 2025; Summerville et al., 2025). The chal-
lenges identified in this paper are likely present across do-
mains, but the design choices may differ to meet the needs 
of the specific research questions. 

Our work has focused on a generalizable process for eval-
uating the effect of alignment on trust. Two extensions we 
intend to pursue within this goal are 1) ensuring that attrib-
ute assessments developed in step one of our process predict 
real world behavior and 2) building models of decision mak-
ers representing multiple decision-making attributes and 
their priority weightings for alignment. The attributes used 
in this process are identified by deconstructing human ex-
pert decision making through interviews (Borders et. al., 
2025) and empirical testing (Summerville et al., 2025). It is 
important to confirm that attribute assessment, used as the 
basis of alignment in the current design, also predicts human 
decisions in a more realistic context than a survey. We are 
currently evaluating this relationship using a virtual reality 
(VR) simulator to simulate immersive and realistic triage 
environments (Kman et al., in press). We expect the attribute 
assessments of human participants to predict their triage de-
cisions in the VR simulator based on our text findings (Sum-
merville et al., 2025, McVay et al., 2025). We are also tack-
ling each of the design challenges outlined above but in ser-
vice of multi-attribute alignment. 
 

 
Figure 6: First VResponderTM a high‐fidelity, fully immer-
sive, programmable virtual reality (VR) simulation designed 
to simulate medical triage scenarios (Kman et al, 2023; Tac-
tical Triage Technologies, LLC; Powell, Ohio USA). 
 

For specific use cases of AI decision makers, we suggest 
three routes of extension: 1) presentation of the observations 
of a decision maker; 2) the factor of technology acceptance; 
and 3) timing and control over alignment adjustment. The 
choices discussed here for the challenge of presenting ob-
servation materials is limited to text-based summaries of de-
cisions. Additional design choices to address this challenge 
could go in two directions: more summative or more realis-
tic. Rather than present the individual decisions of a decision 
maker, the presentation could contain meta information 
about the attribute profile of the DM thereby explicitly de-
scribing the decision-making characteristics as opposed to 
allowing the observer to derive the attributes from a set of 
decisions. By contrast, a more realistic observation oppor-
tunity may involve repeated exposure to decisions over time 
or be packaged among more straight-forward decisions, as 
suggested in the presentation section, but could also be pre-
sented as an observation of a realistic decision maker 
through use of video or even virtual reality (Kman et al., 
2023; see Figure 6).  

Depending on the nature of the domain, observing a rep-
resentation of the context of the decision, as opposed to just 
reading about it, may moderate the effect of alignment on 
trust. For example, in the medical triage domain, we expect 
that watching a fellow medic triage a scene in a virtual real-
ity simulator, as opposed to reading about a set of medical 
triage decisions, may impact the effect of alignment on the 
observer. In a pilot study, we found that experiencing the 
VR simulation themselves prior to observing another DM’s 
decisions (in text format) led participants to respond that it 
was easier to draw from their own experiences when evalu-
ating the decisions of the other DMs.Some questions relate 
closer to the specific use case of the AI than a general effect 
of alignment on trust. Technology acceptance, for example, 
is going to depend on the role the system will play in the 
decision-making process and the organizational factors that 
influence expertise, autonomy over acceptance, and alterna-
tive options (Marangunić & Granić, 2015). In the develop-
ment of specific ADMs for a decision-making use case, 
competence will be a prerequisite to attribute alignment. We 
further suggest that evaluating alignment at different de-
grees of autonomy (based on use case) will expand our un-
derstanding of the effect of alignment and that some use 
cases will lend themselves to real-time tuning to their user, 
as appropriate (Onnasch et al., 2014). 

Future aligned systems in safety-critical areas could be 
deployed in several ways. A future scenario can be envi-
sioned where ethical and moral choices need to be made, but 
no human decision makers are available. In that case, an AI 
system aligned with a representative expert human decision 
maker can serve as an effective surrogate. In an important 
way, alignment will enable a higher degree of human-cen-
tered autonomy in AI systems, a key objective for human-
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AI systems (Ozmen et al., 2023). A system that embodies 
the values, goals and preferences of its supervisors can exe-
cute a mission according to their objectives. However, 
LLMs are hardly perfect systems and suffer from different 
types of errors (Lin et al., 2024). Many challenges will need 
to be resolved before such a system can be deployed and 
perhaps alignment needs to be bounded to specific environ-
ments, similar to the concept of bounded rationality 
(Gigerenzer, 2020; Simon, 1997). This may help to avoid 
negative consequences of AI systems that are counterpro-
ductive (Bostrom, 2016). First, such systems must be eval-
uated and field-tested to assess performance and achieve 
benchmarks. There are several failure analysis tools availa-
ble that can assess and evaluate LLMs on a host of different 
metrics including bias, ethics, trustworthiness, and toxicity 
(Chang et al., 2024). Second, misalignment is a key concern 
and recent work has revealed that LLMs can have hidden 
motives, demonstrate sycophancy, can switch their align-
ment easily or even sabotage or oppose their values (Betley 
et al., 2024; Khan et al., 2025; Sharma et al., 2023). It is thus 
important to evaluate how stable and robust alignment is 
within these models. Lastly, our evaluation choices here 
may hide risks in real deployment and should be addressed 
in deployment evaluations. For example, while in our study 
participants did not know they were working with an AI, 
when deployed, users will know they are working with an 
AI system. When this system is deployed, it will likely han-
dle both mundane and difficult choices allowing for gradual 
adoption by a team. Acceptance of AI will also depend on 
other effects aside from trust including transparency, the or-
ganizational structure, and need. Given these challenges, AI 
alignment evaluation will be a key objective for future ethi-
cal, safe and effective human-AI systems. 
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