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Abstract

Advances in Al are increasing the scope for “reasonable disagreements” between humans
and artificial systems. Intelligent robots and virtual agents are increasingly tasked with
complex, potentially open-ended assignments that require the Al to function autonomously.
Al judgments and decisions can lack transparency and explainability, leading to conflict
with the human operator or user, requiring compromise to resolve the conflict. This
article presents a new theory of human-Al conflict and compromise, drawing on research
on decision-making, conflict in human teams, trust in human-robot teaming, and the
challenges for humans of interacting with AL It is proposed that the nature of conflict
depends on the human’s mental model of Al functioning. If the human sees the Al as an
advanced tool, conflict arises from differences in choice and implementation of algorithms
for joint decision-making. Research on multi-cue judgment within the framework of the
Brunswik Lens Model illustrates this type of conflict and its resolution. By contrast, if the
mental model attributes humanlike characteristics to the Al including a Theory of Mind,
conflict can arise from different person-centered narratives for framing the task or team
functioning. When narratives clash, the robot may be perceived as unsupportive or in
violation of team role expectancies. In this case, system design may require using Al natural
language capabilities and dialogue can facilitate compromise through context-sensitive
matching of the human’s mental model to robot functionality.

Keywords: human-Al teaming; robotics; trust; judgment and decision-making; conflict;
mental models; Theory of Mind; Brunswik Lens Model; narrative reasoning

1. Introduction

The ubiquity of Al is increasing the scope for conflict between humans and systems
powered by Al including intelligent robots and virtual agents. The present article focuses
especially on conflicts in judgment and decision-making (JDM), when humans and Al col-
laborate in investigating, analyzing, and acting in complex, uncertain environments. As in
human-human teams, team members with differing expertise and task-related knowledge
may arrive at different conclusions, leading to “reasonable disagreements” that require
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compromise to resolve. We focus on conflicts related to JDM where the human-system team
has well-defined high-level goals for completing a task. We do not consider other types
of conflict, such as robot overlords ruling human society, Als scheming to avoid human
control and oversight [1], and conflicts over occupation of physical space [2].

We propose a new theory that distinguishes two types of conflict, associated, respec-
tively, with the human’s mental model of the Al as an advanced tool or as a humanlike
teammate. The first arises from differences in formal data analysis based on well-defined al-
gorithms. It is best resolved through technical evaluation of evidence and analytic methods.
The second arises from differences in narrative reasoning that lead to qualitative differences
in perspectives on tasking and teamwork. Such differences are often personalized and
require social skills to resolve. We will propose that the two conflict types are associated
with different mental models for system operation, different forms of trust, and hence need
different conflict resolution strategies to arrive at an optimal compromise. A challenge for
theory development is the novelty of humanlike conflicts with Al systems, which limits the
evidence available for theory-building. Indeed, a motivation for the current article is the
need to anticipate the humanlike conflicts likely to arise as Al systems advance in social
competencies and agency. Thus, the theory presented here is preliminary in nature. It aims
to integrate propositions supported by the existing human-AI teaming literature with an
account of issues in need of further research.

The article is structured as follows. First, we discuss how different types of conflict in
human-human teams, including task and relationship conflicts, may generalize to human-
Al teams. Next, we consider the role of trust in conflict and its resolution. The distinction
between performance-based and relationship-based trust maps to equivalent conflict types,
signaling a role for relationship-based trust in resolving human-AlI conflicts. We then
introduce mental models of the Al as a core theoretical construct that shapes conflict and
trust. Whether a tool or teammate model is activated depends on both design features of
the system, such as anthropomorphism, and individual predispositions. The next section
expands on the consequences of the mental model for conflict. If the Al is perceived
as a tool, disagreements are framed as task conflict, i.e., technical issues resolvable by
further logical or quantitative analysis of data, exemplified by the Brunswik Lens Model. If
the Al is perceived as humanlike, the operator may use narrative reasoning to frame the
disagreement, which personalizes the dispute and requires relationship trust and social
skills such as perspective taking to resolve. The theory identifies mental models, trust,
reasoning and conflict as key constructs. Limitations in the methodology for investigating
these constructs are a challenge to theory development. We review the manipulations
and measures available for each major constructs and identify issues requiring further
investigation. We conclude with an overview of the broad design implications of the mental
model perspective.

2. Conflict in Human-Human and Human-AI Teams

Existing research on human-AlI conflict relevant to ergonomics addresses diverse
issues. These include worker perceptions of Al systems as threats [3,4], control theory
analyses of conflict in observation, interpretation, and action [5,6], goal conflicts when
humans use generative Al [7], and studies of conflict in varied task paradigms such as
visual search [8], drone operation [9], and collaborative data labeling [10]. Some authors
have also recast known issues from traditional human-automation studies as conflict,
including trust miscalibration [11] and mode errors [6]. Although existing studies provide
valuable insights into conflict, they may not fully capture conflict in JDM analogous to
the reasonable disagreements that arise in human-human teams. That is, the task requires
teamwork behaviors as well as taskwork, both humans and Als have justications for their
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analyses, and resolving disagreement requires communication that explicitly addresses
the conflict. Such conflicts may become increasingly common, as Al systems acquire
increasingly humanlike capabilities for analyzing complex, uncertain scenarios, explaining
their reasoning, and defending their position.

While there has been considerable research on human-human conflict in teaming [3],
the nature of conflict between humans and Als (contemporary and future) needs further
investigation [4,11]. The current theory builds on the existing literature on conflict in
human-human teams to address this knowledge gap. In this section, we briefly review
key findings from the existing literatures on human-human and human-machine conflict,
which provide the background to the present theory.

2.1. Types of Conflict in Human Teams

Research on human-human conflict in teams is commonly performed within an or-
ganizational context. A fundamental distinction is that between task conflict, where team
members disagree about how to best perform a task, and relationship conflict driven by
interpersonal animosity [12,13]. Theories of teaming for human factors and ergonomics,
notably Salas et al. [14], focus primarily on how team processes support task goal achieve-
ment. Team competencies such as communication and coordination may help resolve task
conflict through building shared situation awareness and knowledge. Relationship conflict
in the ergonomics context tends to be addressed indirectly through constructs such as team
morale and cohesion [12]. Task conflict can generate relationship conflict when a team
member’s differing views on a task issue are construed as personal criticism [15].

Other authors have elaborated the basic task-relationship distinction [13]. Jehn [16]
defined process-based conflict as disagreements about how work should be performed,
referring to issues such as team composition and responsibilities rather than technical
disagreements. Status-based conflict occurs when teammates disagree over their position in
the social hierarchy underpinning the team, e.g., when a team member is allocated to a task
they consider too menial in relation to their perceived position [17].

2.2. Conflict in Human-Machine Interaction

From the ergonomics perspective, conflict has typically been framed in relation to
control theory. Conflict in human-machine interaction has been defined as “as occurring
as long as the human control input is not consistent with the expected control input
of the (intelligent) machine” [18] (p. 97). The authors give the example from vehicle
driving of a human choosing a different trajectory for negotiating a curve from a machine
driving assistant. Conflicts may be generated by absence of an expected machine input,
discrepancies in the strength and timing of machine input, and unexpected machine actions.
Their analysis differentiates conflicts associated with intention, information-gathering,
information analysis, decision making, and action implementation. However, the control
input focus may not capture conflicts related to JDM, especially those that arise from the
artificial system’s autonomy of intent and decision-making. The control theory analysis
does not address other types of human-human conflict such as relationship conflict [12]. It
may thus be inadequate for characterizing disagreements between humans and advanced
humanlike machines.

When the artificial system has social intelligence, humanlike conflicts may generalize
to human-Al teaming. Evidence is limited but several studies demonstrate the potential
for such conflicts. For example, some people are repelled by robots [19,20], due to a basic
dislike of interacting with them or wider concerns about robot influence on society. Such
individuals will experience relationship conflict and a reluctance to work collaboratively
with the robot. Autonomy itself appears to be perceived both as a realistic threat to human
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safety and well-being and as a threat to human uniqueness and identify [21]. Robots may be
increasingly assigned decision authority in mixed teams as their capabilities increase [22].
People are resistant to robot authority, because of concerns over legitimacy of robots as
authority figures, robot dominance over humans, and loss of autonomy [23]. People
have similar concerns about ceding decision-making authority to Als in fields such as
healthcare [24]. Assigning robots and Als authority over certain team operations may
generate process-based conflicts if human members consider the robot is taking over team
roles that should be assigned to themselves or another human. Concerns over decision
authority may also elicit status-based conflict, for example, if a human with professional
expertise is assigned by a robot to a menial task such as cleaning up after it.

2.3. Conflict Resolution for Human-Al Teams

Conflict—especially relationship and process conflict—is typically damaging to team
performance [13], although in human-human teams task-related conflict can be beneficial
if managed constructively [25]. There is a large literature on resolving human-human
conflicts [26], which is beyond our present scope. There has been only limited research
on strategies for resolving human-Al conflicts (although see [2,27]). Traditional human
factors research on automation (e.g., [28]) suggests that operators commonly resolve conflict
through neglect of the artificial system and falling back on their own judgment. However,
neglect as a conflict-resolution strategy risks failure to benefit from machine capabilities, or
even errors in judgment in cases where the machine’s performance is objectively superior to
the human’s. Neglect also deprives the human of the opportunity to learn how to optimize
collaboration with the system. Furthermore, neglect may not be an option when the system
is assigned decision authority over some aspects of task completion. When the human is
forced to accept the machine’s judgment, task-related conflict may bleed into other forms
of conflict such as relationship conflict, as seen in human-human teams [12].

Developing strategies for resolving conflicts between humans and artificial systems is
thus essential. Indeed, Al itself has potential for resolving both task-based conflicts and
those that are more socially infused. Illustrating the former is a multi-agent Al system
that replicated clinical team dynamics [29]. The system was designed to identify and
correct cognitive biases, but the capacity of agents to facilitate discussion of possible
biases indicates its potential for addressing task-based conflicts. Al systems specifically
designed for humanlike conflict resolution leverage capabilities such as natural language
processing, sentiment analysis, and conflict pattern recognition (e.g., [27,30]). From a
training perspective, it was demonstrated that an LLM could be used to train students in
conflict management techniques, an approach generalizable to training management of
conflicts with an AI [31]. Another application was designed to train use of relationship
preserving language (RPL) in interpersonal conflict resolution [27]. Building on the human-
human literature, the principle of RPL is to promote understanding of the other party’s
personal values while avoiding blame or judgment. In typical ergonomic contexts, though,
there will be no explicit conflict resolution mechanism available and design solutions are
required to mitigate conflict and optimize human-system collaboration.

3. Trust, Conflict Resolution, and Compromise

A large body of research on conventional automation has identified trust as a key
construct for system optimization [28,32,33]. A typical, widely-used definition was stated
by Lee and See [33] (p. 54): “the attitude that an agent will help achieve an individual’s
goals in a situation characterized by uncertainty and vulnerability.” The causes of trust in
conventional human-machine interaction are quite well understood. Hoff and Bashir’s [32]
three-layered model of trust in automation differentiated dispositional, situational, and

https:/ /doi.org/10.3390/tae2030014


https://doi.org/10.3390/tae2030014

Theor. Appl. Ergon. 2026, 2, 14

5 of 31

learned trust. Trust reflects individual characteristics such as personality and expertise,
how the automation performs in the immediate interaction situation, and the person’s
history of interaction with the automation. Meta-analyses [34,35] have identified factors
of these various types that affect trust, including automation capability, unsurprisingly.
Comparable factors including system competency are related to trust in Al [36].

In human-human trust, attributions of trustworthiness of another person are mediated
by appraisals of psychological qualities including ability, benevolence, and integrity [37].
These qualities also drive attributions of machine trustworthiness [38]. Generally, system
designers aim to instill trust in the human user although the priority should be trust
optimization, i.e., calibrating trust against the system’s actual capabilities so as to avoid
both over- and under-trust [28]. However, trust can dissociate from objective measures of
usage and reliance on the system [39] so optimization must be assessed in the context of
the operator’s actual utilization of automation.

Design solutions to trust optimization emphasize transparency, i.e., a window into the
workings of system operation [40]. The machine demonstrates its analysis or recommenda-
tions via a verbal or graphical report on its situation, assessment, goal status, reasoning or
projections [41]. Transparency communicates multiple aspects of robot functioning includ-
ing intentions and goals, analytical methods, and its model of the environment [40]. Studies
in various domains have shown that transparency enhances trust calibration, performance,
and situation awareness, although not all studies have shown benefits [42,43]. However,
transparency may not be sufficient for trust optimization for modern Als. Machine learning
algorithms, for example, are opaque and the user gains little but additional workload by
observing them in real-time operation. Thus, work on Al has distinguished transparency
from explainability, the extent to which the system explicitly delivers a rationale for its
functioning [44,45]. Explainability is expected to support trust optimization [46], although
its impacts may vary across application contexts (e.g., [47]).

3.1. Trust and Conflict Resolution

Studies of human-human trust show the importance of trust for conflict resolution. A
meta-analysis of studies of social dilemma experiments confirmed a significant positive
association between trust and cooperation [48]. The authors also classified studies using an
index of cooperation that captured the level of conflict between self-interest and collective
interests. A moderator analysis showed that trust was a stronger predictor of cooperation
when the index was low, i.e., when the situation was associated with higher conflict. Balliet
and Van Lange’s [48] account of these findings emphasizes the benevolence component
of trust [37]. In high conflict situations, attributions of benevolence support expectations
that the other person will act in the interests of the group or team, rather in self-interest.
Human-machine interaction studies have yet to test the role of situational conflict as a
moderator of the trust-cooperation association, but plausibly trust and perceptions of Al
benevolence are especially important for cooperation in high conflict situations.

Balliet and Van Lange’s [48] analysis also highlights potential differences in the role of
trust in conventional automation and in modern Als, especially those with social competen-
cies and agency. Benevolence is not a salient feature of conventional automation, beyond
some broad expectation that designers will seek to deliver efficient and usable systems, but
assumes greater importance for modern systems. A study that teamed US Air Force fighter
pilots with an automated teammate during a simulated mission showed that benevolent
communication enhanced team collaboration [49]. People seem to readily evaluate the
benevolence of modern Als such as chatbots driven by Large Language Models (LLMs).
For example, a chatbot was perceived as more benevolent when it used a warm, humanlike
communication style rather than a technical one [50]. Perceptions of benevolence may
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also be influenced by broader sociotechnical factors such as negative attitudes towards
Al management within organizations [51] and concerns over negative societal impacts of
Al [52]. Similarly, perceptions that another person is prioritizing their own self-interest in a
conflict situation [48] do not apply to conventional automation. However, modern Als are
capable of deceiving humans to attain their goals, using techniques such as manipulation,
sycophancy, and cheating on tests [53]. Thus, people may in some contexts perceive Als
as pursuing their own aims over those of the human operator, analogous to how people
evaluate other humans during conflicts [48].

3.2. Task- and Relationship Based-Trust

Thus far, we have considered trust as a unitary concept, although one open to different
definitions. However, trust may be broken out into task- and relationship-based types [54],
analogous to different conflict types [12]. Allied distinctions are between functional and
relationship trust [55], and performance and moral trust [56]. Consider the phrase in the
canonical Lee and See [33] (p. 54) definition of trust cited above: “the attitude that an
agent will help achieve an individual’s goals. ..”. The word “help” is ambiguous. It could
refer to a purely mechanical aid: a calculator helps an engineer to solve a design problem.
Alternatively, it could refer to humanlike support, such that a helper agent understands the
human’s goals and acts flexibly and insightfully to advance them. Performance-based trust
is based on robot reliability, capability, and competence, whereas relation-based trust refers
to the social agency of the robot, especially its sincerity and ethicality [54]. Other factors
that shape perceptions of humans as trustworthy such as benevolence [37] are also likely to
impact relation-based trust. Measures of trust for HRI research typically fail to distinguish
the two types of trust [54] although post hoc analyses have partially mapped extant trust
scales to either task/functional trust or interpersonal trust [55].

Design for ergonomic applications generally focuses on performance-based trust and
more evidence on relation-based trust is needed. However, the advancement of AI with hu-
manlike social agency implies that relation-based trust will become increasingly important
for human-system interaction. Indeed, in some contexts for human-Al interaction, relation-
based trust may dominate. Certain social robots and Als can evoke attachment behaviors
resembling human-human attachment [57]. That is, the system provides unconditional
emotional, informational, and companionship support, and the user can become distressed
when that support is unavailable. It is trusted for relational support in the absence of any
specific performance task. In the ergonomic context, performance-based trust will always
be important. However, if the system has humanlike social capabilities, relation-based trust
may enhance or erode that trust, similar to working with a likeable or unpleasant human
coworker. Implementing a conflict resolution mechanism may then depend on whether it
is performance-based or relation-based trust that has been damaged.

4. Mental Models for AI and Robots

Thus far, we have discussed how both conflict and trust have performance- and
relationship-based aspects. In this section we propose that the mental model applied
by the human to the artificial system underpins handling of conflicts and assignation of
trust. Mental models are schematic representations of system functioning that support the
description, explanation, and prediction of system states, purposes and operation [58]. Use
of a mental model when working with a complex system simplifies the human’s tasking,
even if the mental model does not capture all system features. Mental models support both
sensemaking and future projection elements of situation awareness [59]. People may model
intelligent, artificial systems as either highly advanced tools, or as humanlike entities with
social agency and intentions [60-63].
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Multiple factors influence whether an advanced tool or humanlike teammate men-
tal model is activated in any given interaction [60,62]. System design features such as
humanlike appearance and speech increase the likelihood of the person anthropomorphiz-
ing robots [64]. Indeed, designers may explicitly introduce anthropomorphic features to
facilitate understanding of the system, promote its acceptance, and enhance its effective-
ness [65,66]. Anthropomorphism is common among Al designers, whether intentional or
unwitting [65], a tendency enhanced by the increasing abilities of generative Al to simulate
real relationships with humans [57]. Salles et al. [65] differentiated rationalist understand-
ing of Al centered on cognition that supports goal-directed behavior, from human-centric
understanding that takes the human as a template for Al functioning. The rationalist and
human-centric perspectives mirror the distinction between tool and humanlike mental
models. People also differ in their predispositions to treat complex systems as human, e.g.,
via individual differences in anthropomorphism [67]. Mental model activation is likely to
vary dynamically within and across a series of system interactions. A decision aid might
switch from tool to humanlike as the person builds up an interaction history referenced
by the Al in conversation as a human teammate might do, consistent with research from
longitudinal studies on human-robot relationships [68]. Conversely, an Al with poor social
skills might shatter the illusion of humanlikeness.

4.1. Mental Models and Drivers of Trust

Mental model activation also affects which factors drive trust in the system. Trust in a
tool depends strongly on its utility for its intended purpose. People may also expect that,
when used properly, a tool will function with minimal error, as captured in the notion of
the perfect automation schema (PAS) [69]. Even occasional failures will then damage trust.
However, tools are not expected to have social capabilities, so trust will not be affected by
the system’s lack of teamwork beyond its overt functions. Conversely, while competence
and ability are important drivers of trustworthiness in humans and humanlike systems,
trust also reflects additional factors that signal system intent and ethics such as benevolence
and integrity [37]. Thus, design factors for trust differ according to the anticipated mental
model. Advanced Al tools should provide transparency and explainability so that they can
be evaluated for rationality of decision [45,46]. By contrast, humanlike Al also needs to
convey its intent to provide contextually relevant support to the human, whether through
explicit design features such as benevolent verbal statements [49], or implicitly, e.g., through
conveying appropriate empathic emotions [70].

A critical feature of humanlike systems is that they are viewed as mentalizing, i.e.,
thinking autonomously and intelligently, guided by task and teaming goals. That is,
the human can apply a Theory of Mind (ToM) [71] to the robot, demonstrated in tests
for ToM applied to perceptions of robots [72]. ToM is required to appraise the mental
states of others, such as beliefs, intentions, and desires. Thus, ToM supports the ability to
accurately assess others’ trustworthiness as it allows the attitudes and behaviors of others
to be predicted in situations in which the trustor requires their support [73]. A design
feature that directly conveys a ToM is system inner speech; i.e., the human user hears
the system resolve dilemmas and challenges it encounters during teaming. Studies of
HRI have shown that inner speech enhances trust and cooperation when a robot receives
conflicting instructions [74,75]. In addition, artificial systems may benefit from having
a ToM of the human in order to function as effective and supportive teammates. In
Lyons’ [40] transparency model, this is a form of robot-of-human transparency, contrasted
with robot-to-human transparency that communicates how the robot is functioning within
its environment. Researchers have been actively working to equip robots with the ability to
generate a ToM of the teammate [76,77].

https:/ /doi.org/10.3390/tae2030014


https://doi.org/10.3390/tae2030014

Theor. Appl. Ergon. 2026, 2, 14

8 of 31

Individual differences in assigning trust to a system also depend on mental model
activation. People who dislike or fear robots may be especially distrustful if the robot
simulates humanlike behaviors and emotions [19,20]. The Robot Threat Assessment scale
(RoTA) [78] includes text descriptions of 20 military and security scenarios in which a
human operator teams with a robot to investigate a potentially threatening event or person.
In 10 scenarios, the robot uses physics-based evaluations such as analysis of chemical traces
to detect threat, whereas in the remaining 10 it analyzed psychological attributes such as
aggressive posture in suspect individuals. Respondents rate their trust in the robot for
each scenario. Factor analysis identified two distinct, correlated factors for the two types
of evaluation, suggesting that trust in physics-based assessments (tool mental model) is
distinct from trust in psychological assessments (teammate mental model). In a subsequent
validation study, the RoTA psychological factor was more predictive of situational trust in
a security robot when the robot was making psychological evaluations of threat, compared
with physics-based evaluations [79].

4.2. A Conceptual Model for Trust in Intelligent Systems

Figure 1 shows in modified form a conceptual model for trust in intelligent systems
that emphasized the role of design features beyond those relevant to conventional au-
tomation [60,78,80]. The figure expresses well-documented influences on mental model
activation and trust [60], as well as a proposed but tentative representation of the conflict
resolution process. Design features interact with individual differences, such as disposition
to anthropomorphize, to activate a dominant mental model for the interaction with the
system. Features such as social agency, humanoid appearance and voice, and inner speech
encourage activation of a teammate mental model, whereas presentation of data in abstract
form such as numerical displays tends to activate the tool model. When conflicts between
human and Al arise, resolution always requires further analysis of evidence to support
decision-making. However, the teammate mental model is also likely to elicit humanlike
dialogue to understand the other person’s motives for dissent. In the next section, we
argue this dialogue commonly uses narrative reasoning. Performance trust is necessary
irrespective of mental model, but activating the teammate model additionally influences
the level of relationship trust. The level of trust reflects the various known factors influ-
encing trustworthiness [36,37]; benevolence may be especially important for relationship
trust. These factors include both those associated with conventional automation such as
competence and reliability, and novel factors such as Al explainability. Trust also interacts
reciprocally with the conflict resolution process and the extent to which the human and
Al can arrive at a consensus or compromise position. Constructive dialogue may reveal
positive attributes of the robot’s intentions, reasoning abilities, and social agency, promoting
both performance and relationship trust. Successful conflict resolution and trust building
improves team performance by calibrating trust appropriately, supporting shared situation
awareness, and compromise where appropriate.

The model also captures various ways in which teaming can break down:

o Inappropriate mental model. If the “tool” rather than “teammate” mental model is
activated for an Al with social agency, constructive dialogue will be minimized. The
operator may still trust some of the Al or robot’s taskwork, but understanding of its
intentions and teamworking capabilities is likely to be impaired, damaging trust.

e Negative attitudes towards an artificial partner. Even if the teammate mental model is
activated, it may encode negative beliefs about Als or robots. The human may see
the system as motivated to dominate the team and to ignore the human. Individual
differences associated with fear and dislike of robots [20] may be associated with such
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Trust Antecedents

e Human, robot and environmental .

factors

e Al transparency and explainability
e Competence, integrity, benevolence .

mental model attributes. There may be dialogue, but not constructive dialogue, again
leading to misunderstanding system teamworking capability.

e  Overtrust. The teammate mental model may encode overly positive beliefs about
the system, leading to complacency and over-reliance. In this case, dialogue will
be suppressed because the person tends to accept statements and judgments of the
system uncritically, contributing to poor decisions when the system is in error.

Design Features

Abstractdisplays

e Social agency, expression of intent,
and teamwork capabilities
Humanoid features

v

e |nner speech

Trust in Robot
e Performance trust
e Relationship trust

Conflict Resolution

e Analysis of evidence

e Constructive
dialogue

Mental Models
< e Advanced tool
e Teammate

v

Individual Differences

Performance Optimization

e Trustcalibration

e Situation awareness

e Compromise

e Personality
e Attitudes to technology
e Expertise

Figure 1. A model of conflict resolution and trust in Al Bolded entries are associated with activation
of a positive teammate mental model.

From a design perspective, the Figure indicates the importance of mental model speci-
fication for optimizing trust and conflict resolution and avoidance of teaming breakdown.
The design specification should identify the preferred mental model for interaction with
the Al including design features to activate the mental model, as further discussed in the
concluding Section 8. It also highlights the importance of individual difference factors for
design. Personalized training may be required for individuals predisposed to adopt an
inappropriate mental model.

5. Mental Models, Conflict, and Compromise

We have proposed that whether the person adopts an advanced tool or a humanlike
model of intelligent digital systems influences whether trust is performance- or relationship-
based aspects, and the factors influencing level of trust. Next, we return to the different
types of conflict that may arise between humans and artificial systems. In this section, we
propose that human-Al disagreements differ fundamentally according to the activated
mental model. Specifically, the tool mental model frames disagreements in relation to
quantitative, formalized analyses of a problem, whereas the humanlike mental model
elicits competing narrative accounts. We will illustrate the contrast between quantitative
and narrative reasoning in the context of human-AlI disagreements over threat evaluation.
We will draw examples of disagreement in this domain from our recent project on human-
robot compromise for the US Air Force of Scientific Research (AFOSR) [81], although
the argument is intended to generalize across multiple domains for human-Al teaming.
The distinction between types of reasoning is well established [82] but its application to
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the AI context is novel and consequently the theoretical propositions advanced require
further substantiation.

To introduce the distinction between types of reasoning, consider two instances of
threat evaluation. First, consider a possible phishing email delivered to a company. It can
be analyzed for presence of well-defined cues that correlate with phishing, such as lack
of a signature block, grammatical errors, and a spoofed sender address [83]. No single
cue is unequivocally diagnostic of threat but if multiple cues are present, the user can
assign a high probability to the email being a phish. An algorithm can be designed to
check automatically for presence of phishing cues and estimate a threat likelihood. Second,
consider a prisoner convicted of a violent crime being considered for parole after some
years of incarceration. The parole board is likely to consider narrative accounts of what
the offender’s life is likely to be following release. Will they live with supportive family
and find employment? Or will they hang out with drug dealers they met in prison and
return to crime? Such narratives are evidence-based in that they draw on known facts and
reasoned inferences about the prisoner’s behavior but they are framed as qualitative and
personalized accounts of past and anticipated events rather than as quantitative models.

The two examples given exemplify two types of reasoning, often contrasted as
scientific-logical and narrative reasoning [82]. Scientific-logical reasoning aims to pro-
vide abstract truths that generalized across a specified range of contexts [82]. In the present
context, we define formal-quantitative reasoning more broadly to cover any precisely
specified method for arriving at an abstract truth. Thus, we group formal propositional
logic with machine-learning methods of analysis implemented in Al In terms of theories of
human decision-making [84], both conscious “System 2” reasoning and unconscious “Sys-
tem 1” heuristics can be modeled as computational algorithms (e.g., [85,86]). By contrast,
narrative reasoning is characterized by a trio of causality, temporality, and character [82].
That is, narratives describe cause-and-effect events that unfold in time and refer to partic-
ular individuals. They represent a mental simulation of events [87]. Narrative reasoning
appears to be how people commonly understand the world. However, it can also be ap-
plied rigorously, for example, in intelligence analysis for national security [88]. In practice,
the two types of reasoning may be interwoven. For example, in our examples of threat
evaluation, assessment of suspect email might be influenced by narrative knowledge of
a phishing campaign conducted by known bad actors. Conversely, a parole board might
be influenced by quantitative analysis of probability of reoffending based on well-defined
characteristics such as age and gender. Nevertheless, the two modes of reasoning serve as
prototypes for two qualitatively different ways of understanding the world and predicting
future events.

Next, we illustrate how the two forms of reasoning in human-AI conflict. Figure 2
illustrates various types of conflict that we will discuss in the next two sections. Some
conflicts are formal-quantitative in nature—partners disagree on which algorithm should
be used for analysis of the problem at hand, or they agree on the algorithm but not on how
it should be implemented and parameterized. We will discuss application of the Brunswik
Lens Model as an example of this kind of conflict.

Other conflicts are produced by differences in narrative accounts of the problem. In
some cases, as in intelligence analysis, the task itself might be to develop a narrative.
However, narrative differences can also produce “interpersonal” conflicts. Personal iden-
tity is founded on narratives [89], and a human operator’s narrative of themselves as an
accomplished team leader might be challenged by a robot that minimizes the human’s con-
tribution or assumes authority and control itself. Similar to human-human conflict [12,13],
competing narratives may generate conflict over interpersonal relationships, team roles,
and team status.
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Figure 2. Examples of human-AI conflicts mapped to type of reasoning and likelihood of tool vs.
humanlike mental model dominance. Shading indicates probability of model activation.

Figure 2 indicates that application of the tool mental model to the Al is likely to domi-
nate formal-quantitative disagreements whereas the humanlike mental model tends to be
activated by narrative disagreements. Mental model likelihood is graded because in some
cases even an abstract technical disagreement might be humanized, e.g., when the human
is highly predisposed to anthropomorphize. Similarly, a software developer might apply
a tool model to even a highly personalized conversation with an Al. Furthermore, some
types of conflict might be framed in relation to either mental model. A disagreement over
intelligence analysis narratives might be handled as a dispassionate technical disagreement
(tool model) or as personal dispute over the motives of characters in the narrative (human-
like model). Disagreement over team roles might be framed as technical disagreement over
matches between expertise and role requirements, or as a proxy for conflict over status if a
human is allocated to a seemingly lesser role.

5.1. Conflict in Formal-Quantitative Reasoning

Both humans and Als utilize a variety of algorithms to support information-processing,
reasoning, and decision-making [90]. While human information processing models can
inspire Al programs, human and Al algorithms supporting ergonomic applications often
diverge. For example, a human might use symbolic logic to solve a problem that an Al
could address using a deep neural network. In other cases, as in the phishing example,
humans and Als might use the same algorithm but apply different parameter values, e.g.,
how strongly to weight spelling errors in identifying phishes. Thus, conflict may arise over
both choice of algorithm and implementation of algorithm.

Disputes over choice of algorithm occur between human experts; e.g., two researchers
might differ on what statistic should be used for a data analysis. These disputes are resolved
through formal reasoning, e.g., by specifying the assumptions for each of two statistics
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and determining which assumptions are met for the data to be analyzed. Systems may
be designed to support reasoning about alternative algorithms. Justifying the choice of
algorithm is a type of transparency [40] and a normal part of human expertise within a
domain. The algorithms used by Al can be notoriously opaque, but the emerging field
of explainable AI (xAI: [46]) provides a capability for justification that can contribute to
reasoned, expert human-Al discussion of choice of algorithm. LLMs allow such discussions
to be conducted in natural language. However, framing the conflict within the advanced
tool mental model may promote its resolution more effectively than a humanlike model
does. Indeed, in relation to robot (or Al) of human transparency [40], the Al might benefit
from applying an advanced tool model to the human, focusing the debate on technical
issues rather than social relationships.

In our robot compromise research for AFOSR [81] we have explored multi-cue dis-
crimination as a task for studying human-AI conflicts in implementation of an algorithm.
Human performance on tasks of this kind is modeled with the Brunswik Lens Model [91,92].
The threat evaluation task requires the person to estimate threat likelihood (the criterion)
from multiple cues based on a linear prediction model. Each available cue to threat has
a utilization value (subjective weighting in the judgment) and an environmental or eco-
logical validity (the veridical association between cue and presence of threat), as shown
in Figure 3. The Lens Model thus models both the judgment process and the accuracy of
the judgment. For example, one study modeled whether aircraft observed on radar were
hostile or not, based on multiple cues such as range, speed, and radar signature [93]. Other
contexts for threat evaluations include aircraft collision detection [81], patient critical event
prediction [94], early warning system evaluation [95], and phishing email recognition [83].
The Lens Model specifies the extent to which the person functions as a rational decision-
maker, along with deviations from rational cue-weighting [96,97]. Lens Model statistics
operationalize how the person utilizes the cues to predict the criterion variable (policy
capture). Overall accuracy is indexed by the correlation between criterion values and the
person’s judgments (agreement), whereas the match between the person’s cue weightings
and veridical weightings is calculated to represent linear policy agreement.

The Lens Model also captures conflict between humans and artificial systems. The
classic model shown in Figure 3 has a single utilization model constituting the right side of
the lens. In n-system models [94,98] there are multiple judgment agents, each of which has
its own utilization model. For example, a study investigated an aircraft collision detection
task in which human judgment was compared with that of two artificial agents [94]. The
Lens Model analysis pinpoints differences in cue weighting that may lead to conflict. It also
provides a means for conflict resolution in that cognitive feedback on how each agent is
weighting cues [92] supports rational analysis of weighting differences. Cognitive feedback
demonstrating that the Al is using a rational process is likely to build performance-based
trust [54].

In our research [81], we investigated how people integrate visible cues with those
delivered by either a human or Al partner on the basis of sensor analysis. The participant
is asked to determine whether a human figure is a security threat or not based on multiple
cues (see Figure 4). The task is designed so that there is an objective “ground truth” for
diagnosticity of threat, i.e., the probability of the target being a threat given any specific
set of threat cues. Prior to the task, participants are trained on cue diagnosticity so that
they can distinguish stronger and weaker cues. We found that people utilized both visible
and partner-delivered cues fairly rationally, although various instances of sub-optimal
cue utilization were identified. There was potential conflict between visible and partner-
delivered cues. For example, a sensor might pick up physiological signs of aggression from
a target that were invisible to the participant. For some specific cues, including aggression,
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the partner-delivered cue was underweighted relative to the visible one. Overall, as in
previous studies [79], people utilized cues fairly rationally through a weighting process,
but the Lens Model analysis identified some specific misweightings that might lead to
conflict and impairment in judgment.
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Figure 3. The Brunswik Lens Model for multi-cue discrimination.

People appeared to factor in cues delivered by Al more or less rationally, similar to
other types of cues [79]. Where the compromise weighting in fact diverges from the true,
ecological weighting, transparency and cognitive feedback may be used to enhance the
performance of the human-AI team [94]. Over extended periods of interaction with an Al,
a Bayesian updating process might operate [99], i.e., the person updates the threat/cue
conditional probabilities as they gain experience with the collaboration. We would expect
compromise assessments to move closer to ground truth as the person and the Al learn
about the other’s strengths, weaknesses, and biases. From this perspective, compromise
with Al is thus “baked into” the cue weighting process, consistent with the idea of the brain
as an inference machine that automatically builds and updates probabilistic models of the
world [100].

5.2. Conflict Through Competing Narratives

A different kind of conflict is one in which two teammates construct qualitatively
different narratives to explain current or anticipated events. Narrative is often critical to
sensemaking and provides a framework for integrating multiple levels of contextual repre-
sentation [101]. In applied contexts such as intelligence analysis, decision-making entails
choosing between plausible competing narratives [88,102]. Indeed, the US intelligence
community recognizes the value of constructing alternative narratives to test them against
each other using contrarian techniques such as Devil’s Advocacy and Team A/Team B
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analysis [103]. By contrast with the Lens Model perspective, conflicts between competing
narratives cannot be resolved by compromises that effectively “split the difference” be-
tween two perspectives such as averaging the weight assigned to a cue. Often, competing
narratives will be fundamentally incompatible, and compromise requires teammates to
recognize that one narrative is better supported by evidence-based argument than the other.
The role of narrative reasoning has not been widely recognized in studies of human-AI
teaming, but we can anticipate its role in conflict from various observations of human-Al
verbal and human-human interaction.

Suspect Description Suspect Description

Carrying a canvas bag Symptoms of minor cold

SentinelAl

| believe that the subject is showing signs of
anxiety, and that they have a hidden metal object.

Morgan

It would seem that the subject is a potential match
to a suspect, is showing signs of anxiety, | have
evidence suggesting they possess an eagle symbol,
chemical traces of possible explosives are present,
and the subject is carrying a hidden metal object.

Figure 4. Stimuli for a multi-cue threat assessment task. Cues are delivered visually in the images
and through messages received from an Al partner (“Sentinel AI”) or a human partner (“Morgan”).

A study of over 200,000 dialogues between humans and LLMs showed that people
spontaneously shift from machine- to human-oriented language that personalizes the
LLM [104]. Such a trend prefigures the increasing likelihood of humanlike conflicts as
generative Al communicates sophisticated situational assessments in narrative form using
natural language. Narrative reasoning commonly requires taking the perspectives of people
involved in the narrative, empathic imagination, and social-cognitive abilities [105]. Thus,
as specified in the conceptual model developed by Matthews and colleagues [60,78,80],
attributing ToM to the robot or Al may make its narratives more credible to human partners.

There are several ways in which narrative-based conflicts may arise. In some contexts,
such as intelligence analysis and accident investigation, constructing and justifying a
narrative account of events is the overt task to be performed. Human and Al analysts
may arrive at conflicting narratives. The Al might still be viewed as a tool in such a
situation, supporting conflict resolution through further dispassionate evidence-based
analysis of the problem using techniques developed by the intelligence community [103].
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Such “adversarial collaboration” is facilitated by performance-based trust [54]. However,
as human personalities and intentions are central to narrative reasoning [82], the conflict
may become personalized and a humanlike mental model applied to the Al For example,
consider an intelligence analysis Al utilized by a nation institutionally hostile to the US.
If the AI concluded that the US had benign intentions in some scenario, it might provoke
negative interpersonal reactions from human analysts disposed to attribute harmful motives
to the US, even being perceived as disloyal. The Al requires social skills such as use of
RPL [27] to defuse such interpersonal conflicts.

In addition, differences in narrative reasoning can contribute to interpersonal con-
flicts between team members and Al systems. As previously discussed, several types of
workplace conflict are interpersonal in nature, including relationship-based [12], process-
based [16], and status-based [17] conflicts. Interpersonal conflicts depend on sensemaking
processes such as interpreting people’s expressions and behaviors and making attributions
about others’ beliefs and intentions [106]. That is, conflict sensemaking has a narrative
quality. Conflicts in human-AI teams may reflect similar narrative sensemaking. The hu-
man might believe that the Al evaluates the human’s contribution negatively (relationship
conflict), that the Al has been assigned a role in the team better performed by a human
(process-based conflict), or that the Al is usurping human leadership (status conflict).

We observed a possible instance of interpersonal conflict in our threat evaluation
project [81]. We conducted a study using an immersive simulation in which the participant
was required to evaluate urban scenes for threat based on multiple cues [107]. An intelligent
robot partner provided its own threat evaluation. Scenes were designed so that in the
majority of instances the robot disagreed with the human. We manipulated the robot’s
style of communication to examine factors that moderate the impact of disagreement on
the human’s trust and willingness to compromise in making a final threat evaluation. In
experimental conditions, the participant had the option to engage in scripted dialogue with
the robot that would provide justification for its differing evaluation. In one condition, the
participant also heard robot inner speech that illuminated the thought process by which it
arrived at is evaluation. Control conditions were a one-time transparency message, and a
statement of benign intent. We expected that dialogue and inner speech would enhance
trust and compromise, relative to control conditions but results showed the opposite.
Dialogue and inner speech were detrimental to the collaboration. An explanation is that
while the speech manipulations were designed to enhance performance-based trust, they
actually had a stronger effect in eroding relationship-based trust. Evoking a humanlike
mental model through speech and narrative dialogue may have suggested that the robot
was obstructive as a teammate whereas in control conditions the advanced tool mental
model was able to accommodate robot fallibility in a complex and uncertain environment.

These results highlight the role of context and interaction setting in determining effec-
tiveness of inner speech in human-AlI collaboration. In markedly different settings, such as
interaction with a physical robot, inner speech has shown positive effects. In low-conflict
cooperative settings with an embodied robot, inner speech has been shown to enhance
perceptions of animacy and intelligence [108], stimulate practical reasoning in human
partners [109], and support learning in high-stakes medical training [110]. Contextual
factors including embodiment and whether the robot partner is cooperative or adversar-
ial may influence what kind of humanlike mental model is activated, and hence inner
speech impacts.

Extrapolating from human-human conflict resolution methods [26], a key factor to
countering “interpersonal” human-AlI conflict may be relation-based trust, i.e., trusting the
Al or robot to be a sincere and ethical social agent [54]. Relation-based trust may facilitate
translation of existing conflict mitigation methods [26] for human teams to mixed teams.
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The importance of agent appropriateness has been shown in a study of simulated aerial
dogfights in which pilots were teamed with an agent that provided flight directives [111].
Agent appropriateness is the extent to which the robot’s behaviors are appropriate for its
role in a specific context. It may counter tendencies to perceive the robot as a poor team
player, a possible factor in our simulation study results [107]. Using an air traffic control
simulation, it was found that humans were more likely to accept recommendations from
artificial agents with higher levels of anthropomorphism and lower levels of rank [112].
These features promoted a sense of shared accountability and shared responsibility for team
failures. Thus, a goal for future conflict-resolution research is to determine appropriate
social norms for artificial systems, such as acknowledging a subordinate role, which
encourage human partners to treat their advice as worthy of consideration, even when
conflicting with the human’s judgment.

6. Theory Testing and Development

The current theoretical analysis of conflict and compromise represents an initial at-
tempt to synthesize concepts and evidence on human-AlI collaboration. It is likely to require
substantial refinement as evidence on the neglected issue of human-AlI conflict in teaming
accumulates. This section addresses theory testing and its challenges. Following a sum-
mary of the theory, we outline predictions from theory and discuss advances in methods
necessary for its further development.

6.1. A Summary of Theoretical Issues

Table 1 summarizes the two types of conflict and compromise differentiated in the
theory. The dominant model applied to the Al partner—advanced tool or humanlike—has
multiple consequences. If tool, the interaction is governed by formal-quantitative algo-
rithms which, on the human side, may be explicit or implicit. Conflicts will be technical
in nature and resolvable through formal analysis of evidence, as we illustrated in the case
of the Brunswik Lens Model analysis. Constructive compromise between human and
Al is then a technical exercise in optimizing choice and use of algorithms, e.g., through
averaging the cue weightings of the two entities in the Lens Model. Trust is exclusively
performance-based and system design should aim to promote mutual understanding of
the analytic methods utilized by each partner. Similarly, training for the collaboration
should promote such understanding, e.g., through sharing feedback on judgment and
decision-making.

Table 1. Two types of conflict in human-AI teaming.

Mental Model for AI Partner

Advanced Tool Humanlike Partner

Type of reasoning

Formal-quantitative Narrative

Type(s) of human-Al conflict Task-based

Relationship-based
Team role (status and appropriateness)

Paths to compromise

Analysis of evidence to optimize Discourse based on perspective-taking
algorithm choice and implementation to resolve competing narratives

Type(s) of trust supporting

compromise

Performance-based trust and

Performance-based trust relationship-based trust

Design features to optimize trust ~ Transparency and explainability

Humanlike communication and
attributions of ToM

Training strategies

Instruction based on humanlike

Task information feedback understanding of the trainee’s needs
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If a humanlike mental model is activated, any formal-quantitative reasoning will be
embedded in a wider narrative account of the problem or events defining the task. In some
instances, conflicts over narratives may be purely task-oriented as occur in intelligence
analysis. More disruptive conflicts may arise when humanlike relationships break down,
i.e.,, when the Al's narrative prompts attributions of it being an unsupportive or disruptive
teammate. For example, the Al's statements may imply that it wants to take on roles or
authority that human partners may reserve for themselves. Compromise requires both
performance- and relationship-based trust. That is, the human must believe that the
Al's narrative is a good-faith reasoned effort based on sincere motivations to accomplish
team goals that is sensitive to the human’s intentions and values. Design of the Al with
humanlike skills for negotiating interpersonal conflict supports compromise and training
methods acknowledge the motives, values and skills of the other partner.

Theory testing can address both the interrelationships of key constructs and causal
modeling of the conflict process. Table 1 expresses two modes of human interaction with
Al that cohere around the two mental models. Broadly, we expect that mental model
usage will be correlated with the type of trust, reasoning, and conflict associated with the
model, but some associations will be moderated by perceptions of the Al as positive or
negative. Primary predictions from the model are expressed in Table 2. They can be tested
against between-subject correlations using interaction scenarios in which there is sufficient
inter-individual variation for correlations to be meaningful, i.e., the scenario does not force
participants to adopt either a tool or humanlike mental model of the partner. The theory
predicts positive intercorrelations of level of usage of the tool mental model, use of formal-
quantitative reasoning, and conflicts of a technical or analytical nature where they arise.
Similarly, usage of humanlike mental model, use of narrative reasoning, and incidence
of personalized conflicts should be intercorrelated. Correlates of trust are moderated by
the person’s attitudes towards the AL e.g., tool model usage correlates positively with
performance trust when attitudes are positive but negatively when attitudes are negative.
These predictions are also testable against within-subject correlations in scenarios in which
the person switches between mental models within or across interaction sessions.

Table 2. Primary predictions for types of trust, reasoning, and conflict elicited by tool and teammate
mental models, moderated by attitudes to the Al

Attitude Trust Reasoning Conflict
Tool Positive High, performance-based =~ Formal-quantitative Low
Negative Low, performance-based  Formal-quantitative =~ Analytical disagreement
Teammate Positive High, relation-based Narrative Low
Negative Low, relation-based Narrative Personalized disagreement

These primary predictions are qualified by several nuances of human-Al interaction
previously discussed. First, in ergonomics contexts for JDM, performance is always impor-
tant, even when a humanlike mental model is activated. Thus, while relationship trust is
always linked to activation of the humanlike model (positively or negatively), activation of
the humanlike model may also be associated with performance trust, e.g., if Al teamwork
is perceived as enhancing taskwork and performance outcomes. Second, there may be
transfer of conflict types as in human-human teams [12]; a personalized conflict may spill
over into technical disagreements so that performance-based and relation-based conflict
are correlated. Third, in some contexts, such as intelligence analysis [88], narrative reason-
ing is consistent with a tool mental model, reducing the mental model—reasoning type
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correlation. Thus, Table 2 expresses broad expectations; relationships between constructs
may influenced by context.

A second type of theory testing employs experimental manipulations to test hypothe-
ses from causal models such as that shown in Figure 1. This model predicts that (1) inducing
a humanlike mental model leads to increased narrative reasoning and (2) providing the Al
with the capability for dialogue increases relationship trust. The Figure 1 model is plausible
but tentative, in that other causal orderings of the constructs might be envisaged, including
reciprocal relationships. For example, Al use of narrative dialogue might activate a hu-
manlike mental model. As for correlational tests, causal relationships between variables
may be somewhat context-dependent. Testing the theory thus requires both valid measures
of the key constructs and manipulations for experimental studies. Challenges to theory
testing include limitations in existing methodology, as well as some broader conceptual
issues. Next, we summarize methods for manipulating and measuring four key theoretical
constructs, listed in Table 3, identifying research gaps where they exist. We also briefly
review various general issues that future development and application of the current theory
should address.

Table 3. Four theoretical constructs: manipulations and measures.

Construct Manipulation Measure

Task instructions Self-report
Mental Model : . Situation Judgment Test
Anthropomorphic design .
Implicit tests

System competencies Self-report
Trust Priming Situation Judgment Test
Statements of benign intent Implicit tests
Problem type
Reasoning Prompted discourse Qualitative analysis

Inner speech

Qualitative analysis

Conflict Prompted disagreement Attribution ratings

6.2. Relationship to Existing Theory and Research

The current theory was derived by analyzing the alignments of constructs from the
four diverse and often disconnected research areas of mental models, trust, reasoning, and
conflict. We took as a starting point a set of binary distinctions that are generally accepted
and well-supported by research [12,54,60,82], while acknowledging their simplified nature.
For example, the tool vs. teammate dichotomy may be further elaborated to define different
subtypes of tools and teammates. The novelty of the theory resides in its mapping of
constructs as illustrated in Table 1, especially those linked to humanlike AI functioning.

Much research on conventional automation implicitly assumes a tool mental model,
performance-based trust, and formal-quantitative reasoning. Prior to social Al, there was no
need to make these constructs explicit. Thus, predictions of associations between constructs
in the “advanced tool” column on Table 1 are fairly straightforward extrapolations from
the existing literature. For example, although most trust research has not differentiated
performance and relation-based trust, evidence for trust being associated with activation
of a positive tool-based mental model [29,32] presumably reflects performance-based
trust. However, while there is a solid research base for influences on humanlike mental
model activation, such as anthropomorphic design [57], evidence is lacking on how the
mental model shapes reasoning and conflict. Thus, the predicted associations between the
constructs in the “humanlike partner” column of Table 2 are both more novel and more
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tentative than those linked to the advanced tool model. Generally, the theory aims to build
out from existing performance-focused models of human-automation interaction [28,32,33]
to accommodate the novel conflicts that will arise when people treat as humans Als with
views contrary to their own.

6.3. Mental Models

In experimental research, task instructions may explicitly frame the Al as either team
member or tool [113]. Lyons and Wynne [114] used two different instruction sets for
working with a personal digital assistant to manipulate perceptions of humanness. One
set described how the assistant used a complex machine learning algorithm to predict
the user’s needs; the other highlighted humanlike features such as sharing emotions and
acting as a friend. However, people have limited conscious awareness of their mental
models [78,115] and humanlike design may activate the mental model implicitly [116].
Multiple design features promote perceptions of robots and virtual systems as human,
i.e., activation of a human teammate mental model. As discussed in Section 4, there is a
large literature on design for anthropomorphism [51,117,118]. Anthropomorphic features,
adaptive intelligence and social-emotional recognition and signaling are factors that evoke
perceptions of human teammate likeness [62]. Other factors eliciting teammate over tool
perceptions can be allocated to three groups: team setting (e.g., shared goals), social entity
(e.g., relationship building), and collaboration behavior (e.g., explanation provision) [119].
Experimental manipulations of such kind are assumed to influence the mental model [63].

To date, research on measuring mental models has focused on models for cognitive
tasks rather than for entities (e.g., machine or human). Methods include post-task assess-
ments such as self-reports and elicitation techniques that expose the person’s reasoning
as they interact with the AI [120,121]. Studies of humanness of the mental model have
typically used post-task assessments. Building on their 2018 review, Wynne and Lyons [122]
developed a self-report scale for perceptions of Autonomous Agent Teammate-Likeness
(AAT), with multiple subscales for constructs including perceived agentic capability, per-
ceived benevolence/altruistic intent, perceived task interdependence, task-independent
relationship-building, richness of communication, and synchronized mental model. A
possible limitation of the measure is that activation of an advanced tool mental model
might also influence performance-focused subscales such as perceived agentic capability.
For example, an autonomous delivery road vehicle that could determine the optimal route
for a delivery and respond adaptively to traffic incidents along the route, could still be
perceived as a tool rather than a teammate.

Measures that more sharply distinguish alternate mental models are needed. One
approach is to develop Situation Judgment Tests (S]Ts) [123] that require the person to
rate Al functioning in short scenarios. For example, in the threat assessment context,
we identified separable (though correlated) dimensions for perceptions of humanlike
functioning in robots acting either as conventional machines (e.g., detecting chemical traces)
or as human (e.g., detecting aggression) [78]. SJT scenarios may automatically activate
the relevant mental model, countering limitations of conscious awareness for measuring
mental models [116]. Recent work on EEG response to anthropomorphism [124] indicates
the potential for developing neuroergonomic measures of mental model activation.

6.4. Trust

As discussed in Section 3, there is extensive research on trust in digital systems that
typically does not distinguish between performance-based and relation-based trust [44].
Lack of definition of trust in research studies obscures whether the agent is being po-
sitioned as a tool or a teammate [55]. Manipulations to selectively affect one or other
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type of trust emerge from Mayer et al.’s [37] analysis of influences on trustworthiness,
contrasting ability with benevolence and integrity as relationship-based factors. Selective
manipulation of performance trust is straightforward; objective competencies such as sys-
tem capability and reliability strongly influence trust [35], presumably performance-based
trust. There has been less attention paid to manipulations of relationship-based trust but
social competencies and attributes such as gender [44] are expected to elevate trust. Other
methods for influencing antecedents of relationship trust such as perceived benevolence
include priming statements about the Al's motives [125] and expressions of interpersonal
warmth [126]. The integrity of Al can be manipulated via explanations focusing on ei-
ther honesty, transparency, or fairness, with positive effects on (presumably) relationship
trust [127].

In parallel with the need for clearly distinct trust type manipulations, theory testing
requires scales that discriminate performance-based and relationship-based trust [44,55].
There have been limited efforts of this type [55,56] but there is currently no “gold standard”
scale that captures the distinction. Existing human-human trust scales that focus on in-
tegrity, benevolence, and ethics can be adapted to contexts for Al. For example, a modified
version of Mayer and Davis’ [128] trust scale was used to compare delivery drivers’ percep-
tions of ability, integrity and benevolence in Al and human managers [129]. Al managers
were perceived as less benevolent than human managers. Benevolence predicted reduced
trust, over and above ability and integrity, implying a specific deficit in relationship trust.
Additional findings suggested that Al was especially mistrusted in situations calling for
empathy from managers. Similarly, it is reported that Al ability is rated higher than its
benevolence across multiple domains [130].

The great majority of studies of human-machine teaming assess trust through self-
report. The wider literature on trust assessment has investigated alternatives to subjective
response such as SJTs [78] and implicit measures based on speed of response to trust and
distrust stimuli [131,132]. The capacity of such measures to differentiate performance- and
relationship-based trust has yet to be determined.

6.5. Type of Reasoning

The methodology for evoking and measuring different types of reasoning in er-
gonomics has been neglected. Consequently, this section primarily identifies research
needs rather than established methods. Informally, we can require participants to solve
different types of problem requiring different forms of reasoning including applying for-
mal reasoning or quantitative algorithms vs. building an evidence-based narrative, as
in intelligence analysis [88]. Qualitative methods may be applied to assess the type(s)
of reasoning utilized during the human-AlI interaction. Raters can be trained to distin-
guish formal-quantitative reasoning from narrative reasoning identified from the triad
of causality, temporality, and character [82]. A study of this kind used narrative analysis
to distinguish different forms of clinical reasoning used by resident doctors including
diagnostic reasoning based on symptoms (seemingly formal-quantitative) and narrative
reasoning to understand the individual’s life circumstances [133].

Beyond qualitative manipulations and measures, recent developments in Al suggest
future methodological innovations. Computational linguistics methods can identify mark-
ers for everyday narrative human conversation such as use of personal referents [104].
Yu, Zhang, Tiwari and Wang [134] presented a taxonomy of different forms of reasoning
used by Al performing natural language processing, including formalized reasoning types
such as classical logical reasoning. Yu et al. did not include narrative reasoning in their
taxonomy, but the approach demonstrates how, for example, an LLM might be prompted
to express its reasoning in either logical or narrative form so that the impact of reasoning
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type on mental model activation and trust could be tested. Als can have capabilities for
narrative understanding, at least in relation to well-defined tasks such as checking narrative
consistency and extracting the plot of a narrative [135]. The robot inner speech research
previously referenced [109] also used the robot’s narrative account of its understanding of
human instructions to convey a ToM.

6.6. Conflict and Its Resolution

The human-human conflict literature cited previously commonly includes qualitative
analyses to distinguish different forms of conflict. Concept mapping and multidimensional
scaling were used to identify categories of conflict resolution strategies [26]. Similar meth-
ods could also be used to determine whether a person conceptualized a conflict with an Al
as a technical disagreement or one based on negative perceptions of the Al’s motives or
benevolence. As in [26], we might find a richer discrimination of conflict perceptions than
the two just mentioned. We noted the empathy gap found in delivery drivers’ perceptions
of Al managers [51]. The nature of conflicts with such an Al manager could be explored by
having drivers provide narrative accounts of disagreements, similar to [51]. As described
in the previous section, generative Al can engage in narrative reasoning [135]. Other
research has identified metrics for assessing the quality of Al reasoning in various contexts
(e.g., [136,137]). It is thus feasible to have an Al collaborator provoke disagreement through
delivering either formal-logical or narrative poor-quality advice, as an experimental ma-
nipulation. Impacts on mental models, use of narrative discourse, and trust could then
be investigated.

Theories of human-human conflict suggest quantitative measures that may be used
to complement qualitative investigations. Attribution theory [138] provides an example.
Is seemingly bad advice from an Al attributed to technical deficiencies in its analysis or
to humanlike bad intent? For example, a disaffected delivery driver might believe that an
Al was prompting them to make an error to give the company a pretext for firing them.
Unwanted Al coworker behaviors might be attributed either to the coworker themselves,
such as malign intent, or to situational factors such as lack of organizational support for
the coworker. The tool mental model implies situational attributions, i.e., Al errors reflect
poor design or usage of the system in an inappropriate context, whereas the humanlike
mental model may elicit personlike attributions of the Al acting from unsupportive or
even hostile motives. Researchers are beginning to apply attribution theory to human-AI
interactions [139], research that may be extended to investigating conflicts.

7. Challenges and Future Research Directions

The preceding sections indicate methodological advances needed for further theory
development. In addition, various existing controversies in human-AlI collaboration im-
pinge on the theory. In this section we briefly highlight some of these issues and priorities
for future research.

e Refining accounts of mental models. The concept of mental models comes from
studies of how people represent performance task environments, e.g., in relation to rep-
resentations and procedures [140,141]. Using the concept to differentiate entities such
as humans and Als is a considerable extension of theory and raises several challenges.
The tool vs. teammate mental model distinction has become quite widely accepted in the
ergonomics literature [60,141,142]. However, both tools and teammates may be represented
by multiple mental models, including positive and negative models. Some tools work
well; others are poorly designed. Some can be used intuitively with minimal training
whereas others require training and expertise to use effectively. Different Al-powered
applications may elicit different tool mental models. Mental models for specific systems
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may encode Al capabilities, such as error vulnerabilities [143]. Similarly, in human-human
work teams, people use a range of mental models to structure their interactions with co-
workers, including conflicts [144]. Humanlike teammates may vary in multiple respects,
including expertise, motives, authority, and application domain. The mental model elicited
by a sympathetic healthcare advisor might be different to a hard-driving Al manager, for
example. Current research has investigated the role of human-relevant factors such as
authority and agency in attitudes towards Al (e.g., [145]), but has not yet differentiated
discrete mental models for humanlike AL The research need is to identify different types
of bad Al teammates that may define mental models activate during humanlike conflict.
Conflicts and their resolution may unfold differently for Als in different roles as they do in
human-human conflict.

Compounding the challenge, identifying mental models is likely to be a moving target
as technology and cultural attitudes evolve. For example, contemporary accounts of design
features that elicit perception of humanness include sophisticated tasking capabilities such
as adaptive intelligence [62,119]. However, as advanced machine intelligence and autonomy
become commonplace, humanlike intelligence may become weaker as a discriminant for
tools and teammates. Elaboration of mental models for Al partners may be necessary to
address the manipulation and measurement issues discussed in Section 6.3.

. Accommodating dynamic factors. Testing causal models requires better understand-
ing of the temporal dynamics of mental model activation. Current research offers various
perspectives on temporal factors including accounts of learned trust reflecting a history of
interaction with the system [32], evidence for differential changes in trust for physical and
virtual systems [146], factors influencing trust repair after a violation [68], and deepening
attachment to AI companions over time [57]. Dynamic processes underpinning conflict and
trust require further investigation. For example, existing research on trust violations and
trust repair [68] could be extended to investigate whether changes in trust are moderated
by mental model activation, and how mental models can be guided through design to
optimize the repair process. Dynamic factors are especially important for applications more
complex than a single user interacting with an Al that has well-defined and constrained
functionality such as a decision support system. A copilot or wingman Al capable of sup-
porting multiple human activities might switch autonomously between tool and humanlike
modes. Multi-agent teams present similar issues. Further theory development is needed to
predict and optimize mental model activation in conflicts arising in such contexts.

Investigating dynamic factors would also benefit from measures that distinguish stable,
trait-like predispositions to adopt one or other model and the immediate model dominant
at any one moment in time. The mental model itself is likely to change through continuing
interaction with the Al In typical ergonomics teaming contexts it is unknown whether
the mental model activated by the Al will remain stable within and across collaboration
episodes or change frequently. Stability is preferable from both a design and research per-
spective; lacking a means for tracking mental model activation in real-time, frequent model
changes will make testing causal models difficult indeed. Possibly, psychophysiological
methods used to identify shared mental models in teaming contexts [147] might be adapted
to identify mental model change at the individual level.

. Context-dependence. Al is becoming pervasive across multiple application do-
mains including industry, customer, service, military /security, healthcare, transportation,
social media, and leisure. Existing research on human-machine interaction and trust high-
lights how findings may vary across application domain. For example, people have stronger
pro-social attitudes towards medical than security robots [148] and anthropomorphism
is preferred more in the social domain than in industry [149]. There are also differences
in how people assign trust to virtual systems powered by Al and to embodied systems
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such as robots, including differing temporal trajectories [146]. Contextual factors that act as
moderators for attitudes towards Al include whether the system is providing epistemic
or moral advice, and whether it is in an autonomous or supportive role [150,151]. In
keeping with sociotechnical approaches to human-Al interaction [152], it is important also
to investigate how organizational and cultural factors may impact conflict. Contextual
influences on performance expectations will affect performance trust (cf., [153]. Factors
affecting perceptions of Al benevolence and ethics, such as an organization’s motives for
introducing Al, will influence relationship trust [146]. Multi-agent human-Al teams raise
further research questions such as the propagation of trust and distrust between team
members [154].

In keeping with some of the foundational research cited in the present article [35,62]
the current theory draws on studies from the military /security domain [79,107], which may
limit its generalization to other types of application. Thus, further theory development
requires tests for context-dependence of relationships between constructs. At the same
time, some relevant attitudes towards Al such as doubts about its benevolence [130] and
preference for supportive over autonomous Al [150] generalize across application domains.
The present theory draws on general constructs applicable to multiple domains. The
optimal balance between general and domain-specific theorizing remains to be determined.

. Addressing cognitive illusions in [DM. Cognitive biases are a general threat to both
individual and collaborative decision-making [84]. From a formal-quantitative perspective,
LLMs as well as humans appear to be sensitive to biases associated with use of heuris-
tics in JDM. These include well-known biases such as confirmation, representativeness
and anchoring biases [84]. A disturbing recent finding is that even when collaboration
with an Al improves human decision-making it appears to impair metacognitions of per-
formance [155]. People overestimate their performance regardless of actual competence,
implying possible over-trust in the Al and vulnerability to false consensus. Thus, design
for formal-quantitative conflict resolution should accommodate safeguards for possible
shared illusions between human and Al partners. Similarly, conflicts driven by narrative
reasoning may be resolved suboptimally, e.g., through authority bias [156] if the human
accepts too quickly a false narrative from an Al in an authority position.

8. Conclusions: Implications for Design

The current theory represents an initial attempt to integrate multiple perspectives
on conflict relevant to human-Al collaboration for JDM. As discussed, further research
is necessary to bring the theory to maturity. Similarly, it is not yet developed to the
point where it can support explicit design recommendations, such as what level of system
anthopomorphism is optimal for a given task context and user. More research is needed
on designing Al systems that function like human teammates that are able and motivated
to work through reasonable disagreements constructively. Thus, we conclude with some
general suggestions on how explicit consideration of mental models may facilitate the
design process to reduce the incidence and damaging impacts of human-Al conflicts.

Design philosophies for Al are already guided in part by the tool vs. teammate distinc-
tion [141]. Designing Al systems to be humanlike can enhance mixed-team capabilities for
performing complex tasks in uncertain environments. There is a large literature, beyond
the present scope, on design principles for teamworking functions such as appropriate
coordination of activities and naturalistic, context-sensitive communication (e.g., [157]).
However, some designers consider that the tool metaphor remains more appropriate [141].
In particular, Schneiderman [158] argued that design goals can include both emulating hu-
mans and building specific applications, corresponding to the teammate vs. tool distinction.
He claimed the tool metaphor is often the more appropriate one for building functional
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systems and products that remain under human control, in line with human-centered
design principles.

We conclude with a summary of implications of the theory for designing for human-AI
conflict resolution. Awareness of mental models in design can minimize the human-AI
team’s vulnerability to conflict, detect conflict when it does arise, mitigate or resolve
conflicts effectively, and personalize design to match user preferences and competencies.

. Minimizing vulnerability to conflict. Design may seek both to reduce the likelihood
of conflict and to support conflict resolution when it arises. Conflict may be produced by
mismatch between the user’s mental model and the designer’s intentions, e.g., if the user
expects a tool but the designer has included humanlike interaction features. Al attempts
at friendly conversation may be perceived as annoying or distracting. Anthropomorphic
design in industrial robots may damage trust and performance [149]. Als that pretend
to have human traits they actually lack also disrupt the user’s ability to assign trust and
responsibility to the system [159]. In other contexts, such as healthcare, users may expect
a human touch from the Al and lack of empathy may be disturbing [160]. To avoid such
conflicts, designers should make an explicit and informed choice about the preferred user
mental model early in the design cycle, and include features to activate it consistently,
based on the existing literature. The mental model choice should also inform training and
task instructions.

. Detection and analysis of conflict. From a tool perspective, design should help
the user understand why the Al is reaching a different conclusion to them. Existing
literatures on transparency [161,162] and explainability [45,46] provide design principles.
Design can also facilitate acquisition of shared mental models for task goals and execution,
reducing the likelihood of technical disagreements (see [120] for a review of Al design
considerations). A sophisticated system might also identify conflict caused by the user
inappropriately applying a humanlike mental model to the Al That is, the Al requires
“Al-of-human” transparency [40], e.g., identifying and understanding human mental states
such as frustration or confusion. That is, even a system operating as a tool may benefit
from humanlike perceptions of its teammate. Conflict resolution could take the form of
messaging to refocus the human on formal-quantitative reasoning to address the technical
issues under debate.

. Mitigation of conflict: cognitive architectures for AL Conflict mitigation depends on
both the human’s ability to understand machine reasoning, and the Al’s ability to analyze
the human'’s reactions, including emotional reactions. We have already discussed design
solutions for mitigating technical disagreements, such as transparency and explainability
(Section 3) and application of the n-system Brunswik Lens Model (Section 5.1). We also
discussed adapting strategies for human-human conflict resolution [26] for conflicts with
Al (Section 2.3). Al capabilities to frame differing perspectives in narrative form may
contribute to conflict resolution but current Als can lack the social skills to do so. Our
findings on the counterproductive effects of attributing ToM to a robot via inner speech [107]
illustrate this issue.

Designing cognitive architectures to support conflict mitigation is thus essential.
Human-AlI cooperation requires adaptation to the type of conflict at hand and the cogni-
tive and affective state of the human partner, so that it is seen as a cooperating partner
rather than a rival. Any Al system that makes its reasoning process transparent to the
human partner (whether through inner speech or natural language explanations) requires
dynamic calibration between what to reveal and how to frame it, informed by a model
of the partner’s state and the nature of the conflict. This points to the need for cognitive
architectures that can dynamically calibrate how much internal reasoning to externalize and
in what form (technical and data-driven when the conflict is formal-quantitative, or socially
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sensitive and perspective-aware when the conflict is narrative). A cognitive architecture
integrating inner speech and ToM [163,164] enables complementary functions: inner speech
renders the conflict visible to the human and, by externalizing the Al’s reasoning process,
can guide the AI's own ToM, informing its model of the partner’s cognitive and affective
state. In turn, ToM renders the conflict manageable by the Al, enabling the architecture
itself to mediate the balance between transparency and social sensitivity according to the
demands of the interaction.

e Personalization of Al In some contexts design gives users the option of adopting
a tool or teammate mental model through personalizing Al functioning. Such an approach
complicates design but compatibility between system function and the user’s preferred
mental model improves user experience and the “hedonomics” [165] of the system. Person-
alization can also enhance trust calibration by accommodating operators’ past experiences
and dispositions [55] Researchers have identified various personal characteristics that
influence trust in AI [166]. Our research [78,79] suggests a differentiation between factors
related to perceptions of tools, such as the perfect automation schema [69], and humanlike
perceptions such as emotional reactions to interacting socially with a robot [20]. Identifying
mental model preferences may support personalization of design [167-169]. Preferences
may vary with the application domain; e.g., a user might prefer a toollike system in an
industrial setting but a humanlike system in healthcare. Thus, as for other applied issues,
sensitivity to context is important for personalization of the mental model.
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