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ABSTRACT
Training professionals in high-stakes, trauma-informed communi-
cation is critical across domains such as law enforcement, health-
care, and counseling. While live role-play with trained actors re-
mains the gold standard, it is resource-intensive and emotionally
demanding. We developed an AI-powered sexual assault victim
interview training system and conducted a mixed-methods study
with 35 police recruits, each completing both an AI-based and a live,
actor-based training session. By varying the sequence (AI-first vs.
human-first), we examined differences in self-efficacy, perceptions
of the AI system, and perceived learning experience. Although both
modalities supported learning, the order in which they were experi-
enced significantly shaped learners’ emotional engagement, sense
of preparedness, and interpretation of each simulation’s role. Build-
ing on these insights, we introduce a conceptual design framework
that identifies social–emotional, temporal, and embodied distance
as key pedagogical dimensions, and we offer implications for se-
quencing hybrid simulations to scaffold preparation, performance,
and reflection. Our findings position AI not as a replacement for
human realism, but as a complementary modality that expands
opportunities for safe, scalable practice in sensitive communication
training.
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1 INTRODUCTION
Effectively training professionals to conduct high-stakes, emotion-
ally sensitive conversations is a persistent challenge across many
domains—from policing and medicine to counseling and education.
These interactions often carry ethical weight and emotional conse-
quences: practitioners must build trust, demonstrate empathy, and
elicit critical information under pressure. For trainees, developing
these communication skills requires more than reading protocols
or watching examples. It demands experiential practice in safe yet
realistic conditions.

Scenario-Based Training (SBT) and role-play exercises have
long served as a gold standard in these contexts, helping trainees
rehearse decisions under pressure, refine critical thinking, and
build professional judgment in lifelike conditions [48, 53]. By im-
mersing learners in dramatic, variable, and emotionally resonant
situations, these methods cultivate not just technical skills, but
also metacognitive awareness, communication fluency, and ethi-
cal decision-making [13, 42]. However, such simulations are also
resource-intensive, logistically complex, and emotionally taxing for
role-players, making it difficult for institutions to offer consistent
and scalable opportunities for practice [42, 53].

Recent advances in generative AI offer a new class of training
tools: language-based conversational agents that simulate emotion-
ally complex interviews on demand. These systems offer significant
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practical advantages: scalability, consistency, 24/7 access, and cost-
effectiveness [38, 49]. They can expose trainees to a range of per-
sonas and response styles while avoiding the retraumatization risks
of live role play with actors or real victims [40]. However, AI-driven
systems also introduce critical challenges. They currently lack emo-
tional nuance and nonverbal expressiveness [40, 41]. Studies raise
concerns about their limitations in empathy, moral reasoning, bias
amplification, and long-term retention outcomes [49].

While AI systems are not yet capable of replicating the full
richness of human interaction, they are also not mere placeholders.
Much of the current research on AI-driven training has focused
on evaluating whether these systems can match or outperform
traditional methods in specific learning outcomes [8, 19, 22, 51, 54].
Although some work acknowledges that AI is not meant to replace
human instructors or simulations entirely [3, 29, 54], few studies
treat AI and human-based training as complementary modalities to
be integrated by design and examine how thesemodalities should be
sequenced, exploring how their unique affordances might interact
to support different stages of learning.

The question of sequencing becomes particularly critical when
we consider the practical constraints facing training institutions.
With limited time, budget, and human resources, organizations need
evidence-based strategies for combining AI and human-led train-
ing to maximize learning outcomes. While existing research has
primarily focused on "AI versus human" comparisons, the optimal
integration order—how the sequence of exposure to each modality
shapes learning trajectories—remains an unexplored dimension.

This observation motivates our central research goal: to inves-
tigate the interplay between AI-driven and human role-play sim-
ulations, and to understand how they can be combined strategi-
cally to support high-stakes communication training. Rather than
approaching AI as a substitute, we consider its position within ex-
isting training ecosystems to enhance preparation, performance,
and reflection in ways that neither modality can achieve alone. To
investigate this, we ask:

RQ1: 1a) What influence does AI-mediated training
have on trainees’ perceptions of trauma-informed in-
terviews and 1b) learning compared to traditional in-
person roleplay?
RQ2: How does the sequence of integration (e.g., AI-
first vs. human-first) affect the training experience
and trainees’ learning preferences?
RQ3: What are the design insights for integrating AI
systems into hybrid training for high-stakes, sensitive
professional communication skill development?

This work makes three primary contributions. First, through
in-depth investigations of AI-led and human-led interview train-
ing, we introduce a conceptual design framework that identifies
social–emotional, temporal, and embodied distance as key dimen-
sions shaping how learners experience AI-led and human-led inter-
view training. Second, we present a layered design perspective that
explains how configuring distance within a session and sequencing
AI and human sessions across a training trajectory shape learners’
interpretations, readiness, and performance in hybrid simulations.
Third, we show a design-oriented example that demonstrates how
psychological distance can be strategically modulated to scaffold

preparation, authentic performance, and targeted reflection, po-
sitioning AI as a complementary modality that expands practice
opportunities without replacing human realism. These contribu-
tions provide conceptual and practical guidance for designing hy-
brid AI–human training systems in policing and other high-stakes
communication domains.

2 RELATEDWORKS
2.1 Traditional Approaches to High-Stakes

Communication Training in Law
Enforcement

Historically, training relied heavily on didactic approaches – what
practitioners describe as "talking heads" at the front of classrooms,
delivering content through PowerPoint presentations, lectures, and
"war stories" [39]. However, these passive approaches often fail to
build the behavioral competencies required in high-stakes, emotion-
ally sensitive contexts. As one study noted, “knowledge may have
been imparted, but no skill development has taken place” when
officers lack opportunities for applied practice [42]. Moreover, even
in the short term, retention is limited: students may only remember
half of what is passively presented to them [53].

These limitations have fueled a broad pedagogical shift toward
experiential methods. The current training landscape includesmulti-
modal experiential programs, such as: Crisis Intervention Team
(CIT) Training [10, 20, 33], Problem-Based Learning Exercises [53],
Quality Interaction Programs [39], Scenario-Based Training [13, 21],
and more. Notably, many of these experiential methods involve role
play as one primary mechanism for building communication and
de-escalation skills in policing [10, 33, 48].

In practice, this often takes the form of live simulations in which
actors portray individuals in crisis ranging frommental health emer-
gencies to sexual assault survivor interviews [10, 27]. These simu-
lations are typically grounded in real-life incidents, using branch-
ing dialogue and scenario logic that adapts to officer responses,
thereby enhancing both realism and variability [33]. To scaffold
skill development, programs often calibrate scenario complexity
over time while maintaining fidelity to the emotional and proce-
dural demands of the encounter [13]. The immersive nature of
these methods affords unique opportunities for communication
training. Role-players can escalate or de-escalate based on trainee
behavior [41, 50], and participants receive feedback from instruc-
tors and professionals [20, 33]. These exercises foster not just verbal
competence but physiological realism: trainees showed heart rates
equivalent to real-world field encounters [2].

Empirical evidence suggests that scenario-based and role-play
training lead to measurable improvements in behavioral commu-
nication skills [27, 30]. Recruits trained in scenario-based settings
demonstrated more respectful and reassuring behaviors during ob-
served simulations [39]. Importantly, these improvements are not
confined to isolated scenarios. Core competencies, such as empathy,
reflective listening, and non-verbal communication, have demon-
strated both retention over time and transferability to real-world
field contexts [13]. Additionally, these methods enable officers to
develop competencies aligned with procedural justice and trauma-
informed care [20, 27].
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However, the widespread implementation of role-play-based
methods continues to face significant barriers, such as: High re-
source demands: Effective scenarios require professional actors,
trained facilitators, and rigorous assessment protocols [39, 42]. Lim-
ited scalability: Smaller and rural departments often lack the per-
sonnel or budget to run CIT or scenario-based programs, leading to
inequities in access to evidence-based training [20]. Inconsistent
implementation: Training dosage and instructional quality vary
dramatically across jurisdictions. For example, many state acade-
mies offer only 9 hours of conflict management training compared
to 71 hours for firearms [39].

These challenges reduce the impact of even well-designed pro-
grams. Trainersmay struggle to relinquish control and adopt learner-
centered approaches [13], and participants may receive limited
feedback due to cost constraints [39]. Even with these limitations,
role-play remains one of the few methods reliably linked to im-
provements in real-world communication behavior [27, 30, 39]. This
divergence between demonstrated efficacy and practical feasibility
underscores a broader challenge: role-play remains among the most
empirically supported methods for cultivating high-stakes commu-
nication skills, yet it is simultaneously one of the least scalable due
to its logistical and resource-intensive nature.

This tension has motivated increasing interest in complementary
tools that aim to retain role-play’s benefits while addressing its
logistical constraints, offering scalability, repeated practice beyond
the classroom, support of individualized pacing and feedback, and
focus on the applied skills often neglected in didactic formats [30,
42, 53]. In the next section, we examine how emerging AI-driven
systems are being explored as one such alternative.

2.2 AI in High-Stakes Communication Training
Across Domains

AI-based tools are increasingly adopted as scalable means of train-
ing high-stakes, emotionally sensitive communication across di-
verse professional domains, including medicine [19, 22, 54], nurs-
ing and healthcare education [3, 43, 55], counseling [23, 29, 51],
law enforcement [47], and emergency services [8]. These systems
include a growing variety of interfaces and interaction types: LLM-
driven chatbots [23, 29], voice-based agents [55, 56], avatar-based
virtual standardized patients [3, 19], and even LLM-to-LLM roleplay
frameworks [36]. As models continue to evolve, so do their capaci-
ties for dialogue realism, emotional coherence, and feedback deliv-
ery [43, 51]. Despite variation in form and context, these systems
share several commonly cited strengths. First, they offer broad scal-
ability and accessibility, enabling trainees to practice on-demand
and asynchronously [8, 19, 54].

A second advantage is psychological safety. Across domains,
trainees describe AI simulations as “judgment-free” environments
where they feel comfortable experimenting with communication
strategies without fear of harm to real individuals. This low-stakes
setting supports exploratory practice that is often difficult to repli-
cate in traditional training. [19, 23, 55]. Many systems also deliver
personalized, immediate feedback to emulate expert facilitation for
novice learners still building foundational skills [29, 51]. Multiple
studies document measurable improvements in communication

skills such as empathy, reflective listening, and guided questioning
following AI-based training [19, 23, 29, 43, 54].

However, alongside these benefits, many studies highlight no-
table limitations. One of the most cited issues is the absence of
nonverbal communication. Text and voice-based systems struggle
to convey facial expressions, gestures, and paralinguistic cues that
are essential to emotionally complex conversations [23, 54, 55].
Even verbal responses may feel emotionally flat or overly scripted.
Users frequently describe them as robotic, grammatically correct
yet lacking the spontaneity and emotional nuance of human conver-
sation [3, 22, 55]. In longer or more open-ended exchanges, some
systems generate hallucinated content—such as implausible facts,
contradictory details, or irrelevant responses [8, 36, 54]. More sub-
tly, some scholars warn that over-reliance on AI simulations may
foster a mechanistic approach to deeply human skills. Especially in
counseling and therapy, checklist-driven behaviors may displace
authentic empathy and adaptive relational judgment [15, 23].

Despite the growing adoption of AI tools, few studies compare
them directly to human-led role-play. Instead, most evaluations
use passive controls such as written materials [19], no-training
baselines [23, 29], or traditional lectures [22, 54]. Among studies
that integrate AI within broader curricula, these systems are often
positioned as preparatory tools and used before live simulation
or real-world practice [3, 43, 47, 51, 55]. This reflects implicit as-
sumptions about their role in early-stage learning. Yet few studies
question whether placing AI before other modalities is always op-
timal. The next section examines this gap by reviewing what is
known about sequencing effects in multimodal training.

2.3 Sequence Effects
Despite extensive research on individual training methods, surpris-
ingly little attention has been paid to how the order of different
training modalities affects learning outcomes. The limited existing
literature reveals mixed findings about sequencing effects, creating
uncertainty for educators designing multimodal training programs.

Several studies point to meaningful sequencing effects. For in-
stance, Curtin et al. found that pharmacy students who completed
computer-based simulation before mannequin-based simulation
achieved significantly better learning outcomes, including higher
simulated patient survival rates and improved execution of basic
life support skills [12]. Students also expressed a clear preference
for this sequence, reporting increased confidence when progressing
from lower to higher fidelity simulations. Similarly, Kulasegaram et
al. demonstrated that medical students who engaged in discovery
learning before direct instruction ("Do then See") showed better
transfer performance to novel suturing tasks compared to those
receiving traditional instruction first, even though these students
reported lower self-efficacy [25]. Cross-modality research supports
the importance of sequence. Feng et al. found that transitioning
from visual to auditory modalities produced significant learning
gains in temporal sequence tasks, suggesting that certain progres-
sions may align better with cognitive processing mechanisms [17].

Yet other studies suggest that sequence may not always matter.
Lin et al., for example, found no significant differences in knowl-
edge acquisition, retention, self-directed learning, or teamwork
outcomes between nursing students taught with LBL-PBL-Clinical
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practicum versus PBL-LBL-Clinical practicum sequences [26], sug-
gesting that the quality of individual components may matter more
than their order. Falconer et al.’s review reinforces this ambigu-
ity: while certain sequences reduced anxiety and improved per-
ceived readiness—such as placing simulation before clinical expo-
sure—these subjective benefits rarely translated into measurable
gains in clinical decision-making or competency [16].

This mixed evidence becomes even more complex when consid-
ering AI-driven training systems. While McBane et al. observed
benefits when computer-based simulations preceded mannequin
training [31], this sequence involves two non-human modalities in-
stead of non-human VS human. These differences raise unresolved
design questions: Should AI serve as a low-stakes entry point before
emotionally charged human interactions? Or should trainees first
build interpersonal fluency through roleplay before honing specific
skills with AI feedback? How can we best sequence these tools to
harness their complementary strengths?

This question is especially pressing in law enforcement com-
munication training. Despite growing interest in AI systems, no
prior work has empirically examined how to sequence AI and hu-
man roleplay in this context. Our study addresses this gap directly,
offering the first evidence on how ordering affects both learning
outcomes and subjective experience, providing critical guidance for
integrating AI into real-world training pipelines.

3 METHODS
3.1 Study Context and Rationale
We selected sexual assault victim interviewing as our training con-
text because it exemplifies high-stakes professional communica-
tion. This domain requires officers to navigate emotional sensi-
tivity while gathering critical information. Poor interview tech-
niques can compound victim trauma and compromise investiga-
tions [32, 34, 35, 52], while skilled approaches can facilitate healing
and justice [7, 9, 28, 34, 37]. Law enforcement agencies have tra-
ditionally relied on role-play with human actors for this training,
making it an ideal setting to examine our research questions about
AI integration. This study is approved by the Institutional Review
Board (IRB).

3.2 Participants and Study Design
We recruited 35 police recruits from a single training cohort at a
local police training institute during the Summer of 2025. The sam-
ple was predominantly male (31 males, 4 females) and young (28
participants aged 21-30, 6 aged 31-40, and 1 aged 41-50), reflecting
typical demographics of police academy cohorts. Participants were
randomly assigned to one of two groups following a counterbal-
anced crossover design: the AI-First Group (G1, n=19) experienced
AI-mediated training followed by in-person role-play, while the
Human-First Group (G2, n=16) completed these conditions in re-
verse order. This design allowed us to examine both the compara-
tive effectiveness of each modality and potential order effects for
sequencing strategies. Baseline equivalence testing confirmed no
significant differences between groups on pre-training measures.

3.3 Training Scenario
Both training modalities employed the same core scenario: partici-
pants received a dispatch instructing them to interview a potential
sexual assault victim at a hospital to gather sufficient information
for a police report. Upon entering the training room (physical or
virtual), participants encountered the victim and conducted the
interview (Figure 1).

3.4 In-Person Role-play Training
The in-person role-play condition followed the police training in-
stitute’s established protocols for ecological validity and controlled
comparison. Each recruit participated in three 15-20 minute role-
play sessions structured to maximize learning within typical re-
source constraints. Recruits served as the primary interviewers in
one session for direct practice experience and observed two peer
interviews for observational learning. Across sessions, victims were
portrayed by professional community actors who regularly partner
with the institute, with different actors used to expose recruits to
varied response patterns and presentation styles. Following each
role-play, recruits received immediate verbal feedback from both
the actor and the training facilitator.

3.5 AI Training System
We co-developed an AI training platform through intensive col-
laboration with police training instructors over two months. This
iterative design process involved multiple rounds of testing and
refinement to ensure alignment with institutional training goals
and pedagogical approaches. The system was built using standard
web technologies: NextJS for the frontend, SQL for the database,
and Python for backend services. For the AI components, we tested
state-of-the-art language models from OpenAI, Anthropic, Google,
DeepSeek, and xAI, and selected GPT-4o for powering victim per-
sonas based on its superior performance in portraying realistic
victim responses, complemented with Gemini Flash 2.5 for perfor-
mance feedback generation.

The system featured three distinct AI personas developedwith in-
structor guidance to represent victim response patterns commonly
encountered in practice: 1) timid and hesitant, 2) shame-focused,
and 3) angry and direct (Figure 2). While these personas served
the same training objectives as the in-person actors, they featured
unique backstories to ensure trainees encountered complementary
rather than duplicate experiences across modalities. The AI sys-
tem employed voice-enabled interaction with emotional inflection.
Participants heard the AI victim speak with emotional tones while
typing their responses. This design choice was intentional and in-
formed by consultation with our institutional partners: realistic
deployment requires training recruits simultaneously in a class-
room setting, where concurrent spoken interaction is infeasible.
Text-based input aligned with practical constraints while maintain-
ing the immersiveness of voice-based responses.

To promote consistent trainee experiences, we specified each AI
victim as a theory-guided, layered persona grounded in literature
on Rape Trauma Syndrome [6] and Acute Stress Disorder [1, 5].
We translated symptom clusters such as controlled affect, disso-
ciation, hypervigilance, and intrusive sensory fragments into five
layers: (1) case history and contextual facts, (2) trauma symptom
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Figure 1: The two training modalities experienced by participants. (a) The in-person role-play, where a recruit interviews a
community actor. (b) The AI-based training, where recruits individually interact with the AI victim personas on laptops.

Figure 2: An overview of the three AI personas used to simulate trauma disclosures. From left to right: Maya, who embodies
detachment and self-blame; Alex, who struggles with shame as a male victim; and Ananya, who channels her trauma into
anger. The figure shows each persona’s portrait, backstory, and sample dialogues.

profile, (3) internal monologue and core appraisals (e.g., betrayal,
self-blame), (4) observable conversational behavior (e.g., short, con-
crete answers, avoidance of graphic details), and (5) reactivity rules
that map interviewer behaviors (e.g., validating vs. skeptical ques-
tions) to changes in the victim’s responses. Police instructors and
the research team iteratively test-drove these prompts, revising
layer definitions until the AI’s behavior aligned with institutional
training goals. Appendix 7 presents the layered prompt template
and an excerpted example of one persona.

To match the in-person training format, each AI training session
lasted 15-20 minutes per persona, with participants completing
each persona once. The system’s feedback mechanisms leveraged

AI’s capacity for comprehensive performance analysis across multi-
ple layers: 1) An action checklist indicating whether key interview
elements were completed, 2) A debrief analyzing trauma-informed
practices following the institution’s training materials, and 3) Con-
versation highlights identifying pivotal moments with explanations
and suggested alternative approaches (Figure 5). All feedback layers
were designed with instructors to reflect core institutional teaching
objectives and curricula.

3.6 Data Collection Procedures
Data collection followed a structured timeline designed to capture
both immediate and reflective responses to each training modality.
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Figure 3: The AI training chat interface displaying sample interaction dialogues between participants and the three victim
personas. (a)Alex; (b)Ananya; (c)Maya.

Figure 4: Study Procedure

Figure 5: Example of AI-generated feedback integrating three levels of analysis following each victim interview. The system
provides (a) a debrief analyzing trauma-informed practices, (b) pivotal conversation moments, and (c) an action checklist of
procedural interview elements
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All participants completed baseline measures in week 1, includ-
ing demographics, initial self-efficacy, and technology acceptance
assessments. Group 1 then immediately completed AI training,
followed by in-person role-play in week 2. Group 2 began with
in-person role-play in week 2, completing AI training in week 3.
This spacing allowed for some skill consolidation while maintain-
ing temporal proximity for comparisons. We collected multiple
forms of data to enable triangulation and rich analysis. Quantita-
tive measures included self-efficacy assessments after each training
condition and three subscales (perceived ease of use, perceived
usefulness, and intention to use) adopted from the Technology Ac-
ceptance Model as pragmatic indicators of trainees’ perceptions
of the AI system. After experiencing both conditions, participants
provided preference ratings, sequence preferences, and responded
to open-ended questions about their training experiences.

To gain deeper insights into participant experiences and rea-
soning, we conducted semi-structured interviews with 15 recruits
(8 from G1, 7 from G2) within 10 days of their final training ses-
sion. The interview protocol explored comparative perceptions of
AI versus role-play training, including specific likes, dislikes, and
perceived unique values of each modality. Participants were asked
to recall their emotional and cognitive experiences throughout the
training sequence and reflect on how reversed ordering might have
affected their learning. These interviews provided crucial context
for interpreting quantitative findings.

3.7 Analytical Approach
Our mixed-methods analysis combined statistical comparisons with
thematic analysis to provide comprehensive insights. Quantita-
tively, we employed non-parametric tests appropriate for small
sample size: Wilcoxon Signed-Rank tests for within-group compar-
isons across conditions and Mann-Whitney U tests for between-
group comparisons, with significance set at p < .05.

Qualitative data from interviews and open-ended responses un-
derwent thematic analysis using a primarily deductive approach [4].
Because our study aimed to compare two specific training modali-
ties and examine sequencing effects, we therefore adopted a tem-
plate analysis approach [11], developing an initial codebook struc-
tured around three areas: (1) perceived strengths and limitations
of AI versus in-person role-play, (2) emotional experience across
modalities, and (3) perceived impact of training sequence on learn-
ing and performance.

Two researchers independently reviewed a subset of transcripts
to refine code definitions, compare interpretations, and ensure con-
sistent application. The codebook was then systematically applied
across all 15 transcripts, with regular discussions to resolve discrep-
ancies, revisit ambiguous excerpts, and refine theme boundaries.
The complete codebook is provided in A.7.

4 FINDINGS
4.1 Understanding the Effectiveness and

Experience of AI Simulation
4.1.1 Quantitative Analysis: Training Outcomes. To address RQ1a,
we assessed how each training modality impacted trainees’ self-
efficacy and technology acceptance. For self-efficacy, we compared
the first training intervention received by each group, AI simulation

for Group 1 and in-person roleplay for Group 2, to isolate each
modality’s distinct impact while avoiding carryover effects from the
full training sequence. We found no significant difference (p = 0.30)
between the two groups in their pre-study self-efficacy, confirming
that both started from a similar level of perceived readiness.

Following the training, both modalities led to significant im-
provements in self-efficacy, as shown in Figures 7 and Figure 6.
Notably, even with two participants in Group 1 reporting near-
ceiling baseline scores (>=6.5 on a 7-point scale), the AI simulation
still yielded statistically significant gains (p = 0.01). A direct com-
parison of self-efficacy improvement between the two conditions
showed no significant difference (p = .97), indicating that the AI
simulation was as effective as in-person role-play in enhancing
trainees’ confidence for trauma-informed interviews.

We measured participants’ perceptions of the AI tool before and
after the AI simulation, after Group 1 completed it as their first inter-
vention, and after Group 2 completed it as their second intervention.
In both cases, participants showed significant increases across their
perceived ease of use, perceived usefulness, and intention to use
(Figure 8, Figure 9). These improvements were statistically signifi-
cant for both Group 1 (p = 0.00) and Group 2 (p = 0.00). Additionally,
A between-group comparison of TAM scores revealed no significant
difference (p = 0.51) in attitude shifts, suggesting that exposure to
the AI simulation alone, regardless of sequence, was sufficient to
produce positive perceptions of the tool.

This is particularly important in the context of high-stakes, emo-
tionally sensitive training. Participants’ acceptance of the AI system
did not depend on whether they had first encountered a more tradi-
tional, human-centered simulation. Instead, they viewed the AI as
a credible and valuable training tool capable of standing on its own.
When training for complex communication tasks, perceptions of
trust, usefulness, and ease of use can directly influence engagement
and long-term adoption.

While the quantitative data confirm that the AI simulation is
both effective and well-received, they leave open a critical ques-
tion: what kind of learning experience does it provide? To address
RQ1b, we turn to qualitative data from 15 post-study interviews.
Although participants frequently described the AI simulation as
lacking certain human elements, such as body language, real-time
responsiveness, or interpersonal feeling, their reflections also re-
vealed three recurring patterns that characterized their learning
experience. These themes offer insight into how learners made
sense of the simulation and what it enabled them to practice.

4.1.2 Qualitative Analysis: Training Experience. Theme 1: A Safer
Emotional Environment for Trying Difficult Questions.Many
participants described the AI simulation as missing a fundamental
human quality: the sense of interacting with a real person. This
absence of perceived personhood made the interaction feel emotion-
ally one-sided and less consequential. As one participant reflected,
“The only thing that it was lacking, which is something that you
can’t really change, is the human aspect. There’s no human con-
nection because you need another human to connect with (G2P1).”
Others echoed the idea that knowing it was AI shaped how they
engaged: “I think it had everything to do with I’m not directly speak-
ing to a person (G2P7).” One participant described the emotional
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Figure 6: Group 2 self-efficacy scores before and after in-person roleplay training.

Figure 7: Group 1 self-efficacy scores before and after AI simulation training.

disconnect starkly: “You’re talking to an actual person with feel-
ings instead of just like a computer. . . You’re not going to ruin the
computer’s day or life based on things you’re going to say (G1P4).”

While these missing elements were often viewed as limitations,
this sense of emotional neutrality did not inhibit learning. In fact,
many participants saw it as a key enabler. The absence of rela-
tional stakes allowed them to take risks they might avoid with
a live actor, such as testing different phrasings or asking poten-
tially awkward or emotionally sensitive questions. One of the most
frequently described benefits of the AI simulation was the way it
created a sense of emotional safety by removing the interpersonal
pressure often felt in sensitive, face-to-face role-play scenarios. 14
of 15 interviewees (7 from each group) expressed reduced anxiety
when interacting with AI. This safety manifested in several ways.
First, some trainees experienced freedom from social judgment.

As one participant noted, "This one I knew there wasn’t another
person on the other end to actually get mad at me" (G1P8). Sec-
ond, the artificial nature of the interaction eased the burden of
causing emotional harm. Trainees valued the inability to offend or
re-traumatize the AI, as one stated, "you’re not going to hurt its
feelings... you’re not going to offend the AI" (G2P7). Another recruit
elaborated on this relief: "To...ask those questions to someone that
you believe was sexually assaulted, it’s hard because there’s that
human connection...you don’t want to make them kind of relive it"
(G2P1).

This reduction in social-emotional stakes, in turn, seemed to
enable greater exploration and risk-taking. Participants reported
feeling more comfortable asking potentially embarrassing but nec-
essary questions: "I would 100 percent rather ask the embarrassing
questions in an AI session...having that face-to-face interaction...is
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Figure 8: Group 1 perceptions of the AI system before and after AI training.

Figure 9: Group 2 perceptions of the AI system before and after AI training.
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just awkward(G1P2)." One participant also linked this freedom to
their learning: "...with AI, you’re just like, whatever, I’m not talking
to a real person... it does help you explore different avenues and
how effective they are(G2P6)."

Theme 2: A Reflective Environment for Thoughtful Com-
munication Participants described the AI simulation as lacking
the natural timing and real-time flow of a face-to-face conversation.
One explained, “If I just sat here and stopped talking for a minute
in a real conversation, you’d look at me like, ‘What are you doing?
(G2P3)” The AI interaction was more fragmented and governed by
turn-taking rather than real-time exchange. Others described how,
in live settings, prolonged silence or awkward phrasing could be
a critical factor: “If it takes you too long, they’re going to assume
that you’re incompetent. (G1P1)”

However, many participants found that this slower, turn-based
format offered unique benefits for skill development. The asyn-
chronous nature of the text-based interaction allowed learners to
pause, reflect, and revise their responses, which afforded a level of
control and cognitive space not available in face-to-face exchanges.
14 out of 15 participants (8 from G1, 6 from G2) identified this as
a significant advantage for skill development, suggesting that the
time to pause, reflect, and construct their conversation strategies
were important for their learning.

Participants valued the ability to craft and revise responses:
"There was times I would type a couple words and be like backspace.
I’m like, let me try this again" (G2P2). This revision capability ex-
tended beyond simple editing to strategic reformulation: "You’re
typing out an answer, you’re thinking about it as you’re doing it
and just being able to wipe the whole thing and then just ask some-
thing else" (G1P2). The removal of real-time pressure appeared to
enable deeper cognitive processing, as one participant stated, "In
person, you can’t sit there for five minutes thinking of what to
say or delete your words" (G1P5). Participants recognized this as
artificial but pedagogically valuable: "This gives me way more time
to think about what I’m going to say, that would be a lot of help
for me" (G2P1).

Additionally, the persistent text record supported ongoing re-
flection: "You’re also able to scroll up and like reread what they
said... whereas if you’re kind of attention deficit a little bit with a
role play unless you’re writing every little thing down... you can
forget what that individual said" (G2P2).

Theme 3: A Focused Environment for Practicing Core In-
terview Skills. Participants often noted the absence of body fea-
tures, posture, and facial expressions in the AI simulation, which
made the interaction feel less grounded and harder to interpret.
One participant put it plainly: “I liked it, but I didn’t like that there’s
no body features. That’s just what I read. I’m very stuck on that.
(G1P8)” Compared to in-person role-play, where the victim’s body
language shaped their perception of the situation, the AI scenario
lacked this layer of nonverbal context. As one recalled, “She was
huddled up in a chair. . . it was all body language I was judging
everything off of.(G1P6)” Others described how they relied on sub-
tle visual signals to adapt their approach in real time: “Feeling the
vibe. . . the aura of the person. . . if they shut down, that tells you
something important.(G2P6)” Without these embodied cues, par-
ticipants were left to rely solely on written text, which they felt
limited their ability to fully assess the interviewee’s state. While

Figure 10: Method preferences by training sequence group.

Figure 11: Sequence preferences across both groups.

some imagined potential alternatives, such as animated avatars or
VR representations, the absence of visual embodiment remained a
defining difference from the live training experience.

Although participants noted the absence of visual and physical
cues in the AI simulation, this simplified format often helped them
concentrate on the structure and content of the conversation itself.
Several trainees reported that, without needing to manage eye
contact, body language, or facial expressions, they were better able
to stay mentally engaged in the flow of the interview and focus on
their wording and question strategy: "Like this, you’re just focusing
on the texts and what’s being said, whereas the in-person, you’re
trying to focus on what they’re saying, their body language, trying
to put the story together in your head" (G1P2). Several participants
framed this as beneficial skill isolation: "If interviewing these sexual
assault victims is five skills all at once, this will knock out one
of them... and then this will get you really good at talking and
conversation" (G2P7). The reduced cognitive demands also seemed
to correlate with decreased exhaustion, as one explained "I would
say the in-person feels a little more exhausting... I think it’s because
there’s so many more things that you’re having to focus on while
you do it. . . You have to actually multitask. . . it’s just a whole bunch
thrown together. Whereas this (AI Training), it’s just the text."
(G1P2).

4.2 The Sequence Effect – Different Experience
4.2.1 Diverging Preferences Shaped by Sequence. Although all par-
ticipants completed both training modalities, A chi-square test of
independence indicated that the reported preferences varied no-
tably depending on the sequence in which participants encountered
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them (p = .015). In Group 1, over half of the participants preferred
the in-person scenario (11 out of 19), and none reported preferring
the AI simulation. In contrast, in Group 2, only 1 out of 16 preferred
the in-person simulation, 5 preferred the AI training, and the rest
had no preference (Figure 10). These results suggest that partic-
ipants exposed to the AI training after the in-person interaction
favored the AI a lot more compared to participants who experienced
the reverse.

However, when asked to reflect on the ideal training sequence,
more than 80% of participants across both groups preferred to begin
with the AI simulation, and none preferred to begin with in-person
role-play (Figure 11). No significant difference was found between
each group’s preference (chi-square test, p = 1.00).

This distinction between preferred method and preferred se-
quence suggests that participants have different opinions on how
each simulation contributed to their preparation and learning. To
understand what underlies this preference, and how sequencing
shaped participants’ learning experience, we turn next to the quali-
tative interview data.

4.2.2 How Sequence Shaped Trajectories of Meaning and Engage-
ment. Interview data revealed that participants did not experience
the two training simulations in isolation, but rather as intercon-
nected steps in a learning process. The order in which participants
encountered the AI and in-person simulations profoundly shaped
the trajectory of how they understood the training, engaged emo-
tionally, and developed their skills. Rather than perceiving the two
modalities as equivalent or interchangeable, participants in each
group assigned different functions, meanings, and values to each
simulation based on sequence alone.

For participants who began with the AI simulation, the expe-
rience served as a scaffold—an entry point into a difficult topic
that allowed them to orient to the expectations of the task, trial
their questioning strategies, and practice the emotional tone of the
interaction before facing a live actor. Several participants from this
group described the AI session as a “practice run,” a space to exper-
iment without fear of failure. G1P7 explained, “The AI gave me a
chance to experiment with different talk paths... I was able to guide
the questions that I wanted to ask once I had the real experience.”,
emphasizing the preparatory value: “I feel like the AI made me
more prepared when it was time to do the role play session.” This
preparation translated into tangible confidence gains. By the time
these participants entered the in-person simulation, they felt more
confident and grounded, often describing it as a logical next step
in an upward progression. As G1P6 reflected, “I wasn’t nearly as
nervous walking into this IS as I had been all the other previous
ones.”

This preparatory framing also shaped how skills were developed
and transferred. Participants who started with AI reported being
more intentional during the in-person session because they had
already tested and adjusted their interview techniques. G1P1 high-
lighted the freedom to experiment, stating: “I think you’re going
to be a lot more apt to try different approaches... If it works, great.
If not... undo it, act like it didn’t happen.” while G1P4 emphasized
the strategic advantage: “Being able to do this before the actual
scenarios... I can already go into that, have a better idea of how to

ask things...” The trajectory here resembled a structured buildup:
from exploration to application, from planning to performance.

By contrast, participants who began with the in-person simula-
tion described a markedly different and more challenging trajectory.
Without an opportunity to set expectations, several found the initial
simulation overwhelming. They were thrown into a high-stakes
interaction with little preparation, and many struggled to structure
their thoughts or manage the emotional intensity of the scenario.
G2P5 vividly captured this anxiety: “Going into my IS(In-person
Roleplay), I was insanely nervous... I’m going to screw up a word,
and my role player is either... going to blow up on me, or... not
talk to me.” G2P1 echoed this cautious approach: “I was nervous
to say the least... I was treading carefully and basically walking on
eggshells, making sure I wasn’t saying the wrong things...” while
G2P4 admitted, “I think I overworked myself with just making sure
I know everything that I need to ask and all the information that I
need to get”

For this group, the AI simulation took on a different role. Rather
than serving as preparation, it became a space for reflection and
recovery. Participants used the second session to regroup, identify
gaps in their earlier performance, and experiment with different
approaches in a less reactive setting. G2P1 illustrated this reflective
process: “Going into the AI after the scenario, knowing what I’ve
missed... I tried different ways of asking... instead of just walking
in there and straight up asking...” Beyond simple reflection, some
participants also found value in the fact that the AI scenario was
not an exact replica of the in-person role-play. This content vari-
ability encouraged generalization and adaptation of skills. G2P4
appreciated this challenge: “I definitely liked how the first two were
drastically different from the third... I thought, okay, I kind of had
things down. But then the third one... completely threw me off.”
G2P7 similarly noted, “It definitely helped... it’s not a cookie cut-
ter approach. You can’t just come in and say... I need to ask these
questions. It could be completely different.”

Across both groups, the same simulation tool was interpreted
differently depending on when it appeared. Those who encountered
it first framed it as a rehearsal, a safe space to prepare for a more
challenging task. Those who encountered it second saw it as a
chance to reflect on and refine their earlier missteps. “Honestly,
probably before the scenario... it would definitely help me realize
what questions I should be asking... this is basically a trial before
your actual in-class scenario.” said G2P1. Meanwhile, G1P6 captured
the benefit of the AI-first sequence: “opening helped me a lot, just
practicing that opening... I felt a lot more confident going into
my I.S. ... I at least know a direction...” In contrast, participants
like G2P6 who experienced AI after IS framed it as “I really liked...
after everything was done, it would give you... your performance...
what you can improve on, things you forgot to ask...” suggesting
that it was interpreted as a metacognitive checkpoint to consolidate
learning after a difficult first encounter—rather than simply a second
repetition. These differing interpretations of the same tool reinforce
that simulation value was not fixed, but dynamically shaped by its
position within the sequence.
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Figure 12: The conceptual design framework illustrating three dimensions of pedagogical distance. Each dimension spans
a continuum from Far (e.g., low-stake, asynchronous, single-channel) to Near (e.g., high-stake, real-time, multi-channel),
positioning how AI- and human-based simulations afford different forms of interactional proximity.

Figure 13: Operationalizing distance as a design material. Starting from an AI baseline (text-only, asynchronous, single-channel)
and aHuman baseline (in-person, real-time, multi-channel), specific features can shift training experiences along each spectrum.
Blue arrows indicate features that reduce distance from the AI baseline, while red arrows show constraints that increase
distance from the Human baseline. Combined features demonstrate how multiple interventions can be layered to achieve
intermediate positions.

5 DISCUSSION
5.1 Distance as a Design Material: A Conceptual

Design Framework
As participants compared their experiences with the AI victim and
the in-person role-play, many of their reflections centered on how
“close” or “far” each modality felt from a real interview, which
pointed us toward what we call psychological distance. We intro-
duce distance not as a psychological construct to be measured or
as a new theory of learning, but as a conceptual design framework
that emerged from recurring contrasts in our qualitative findings
(Section 4.1.2). This framework helps articulate how learners in-
terpreted the affordances of AI and human simulations, and how
those interpretations may be deliberately tuned or sequenced in
hybrid training designs.

Building from these patterns, we identify three dimensions of
psychological distance—social-emotional, temporal, and embod-
ied—each directly grounded in the three qualitative themes reported

in Section 4.1.2. Participants’ descriptions of the AI as a safer emo-
tional environment motivate the notion of social-emotional dis-
tance. Their accounts of having more time to think and revise in
the AI scenario motivate temporal distance. And their emphasis on
reduced nonverbal and bodily demands during AI interactions mo-
tivates embodied distance. These mappings establish the empirical
foundation for the framework; we elaborate on each dimension in
the sections that follow.

Figure 12 visualizes this conceptual design framework, showing
how AI- and human-based simulations can be understood along
the three dimensions of psychological distance. Each dimension
represents a continuum of interactional proximity rather than a
fixed classification. Figure 13 provides examples of how specific
design features may shift an interaction along these continua. These
examples start from two conceptual baselines—a maximally dis-
tant AI configuration (e.g., text-only, scripted, asynchronous) and
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a maximally near human configuration (e.g., live, co-present role-
play)—illustrating how interventions can either decrease distance
(arrows right) or increase distance (arrows left).

5.1.1 Social-Emotional Distance: From Risk to Safety. The social-
emotional distance refers to the perceived interpersonal stakes of
an interaction—how exposed learners feel to another person’s emo-
tions, judgments, or potential harm. In Theme 1 (Section 4.1.2),
participants repeatedly contrasted the AI simulation with the in-
person role-play in terms of emotional risk. Many described the AI
as a place where they could “try things out” without fear of upset-
ting someone or being evaluated for their tone, while the human
scenario felt “real,” “intense,” and ethically weighty. These differ-
ences in social-emotional nearness shaped learners’ willingness to
experiment, ask sensitive questions, and tolerate uncertainty.

This pattern parallels Edmondson’s notion of psychological safety
in teams [14]: when people believe mistakes will not be held against
them, they are more willing to ask questions, try new strategies, and
expose gaps in their knowledge. In our setting, interacting with an
artificial agent seemed to approximate this kind of safety because
it could not be offended, disappointed, or harmed. Participants de-
scribed this reduced interpersonal risk as enabling experimentation,
where they can try questions they might hesitate to ask a live actor
or test phrasing without worrying about emotional consequences.
At the same time, several emphasized that lowering emotional
stakes too far risks dulling the realism and empathy required for
interviewing actual victims. For them, the in-person session’s emo-
tional immediacy was essential for preparing to handle real-world
encounters.

These perspectives illustrate how tuning social-emotional dis-
tance enables different forms of learning. High-distance interactions
(e.g., minimally expressive AI agents, anonymized personas, or non-
judgmental scripted systems) may help novices build confidence
and explore sensitive questioning strategies. Lower-distance inter-
actions (e.g., emotionally expressive virtual humans or in-person
actors) can help learners rehearse the interpersonal accountability
and attunement required in practice. As Figure 13 suggests, specific
design choices, such as persona realism, emotional expressiveness,
memory persistence, or tone of feedback, can be adjusted to posi-
tion a simulation along this continuum. Designing intentionally
with this dimension in mind allows training systems to scaffold
communication skills by calibrating how much emotional weight,
vulnerability, and interpersonal presence learners encounter at each
stage.

5.1.2 Temporal Distance: From Pressure to Reflection. Temporal
distance refers to the amount of real-time pressure an interaction
places on the learner—how quickly they must respond, and whether
they can pause, revise, or pace the exchange. In Theme 2 (Section
4.1.2), participants described the AI interaction as giving them
“room to think” in ways that differed noticeably from the in-person
interview. Several mentioned that the AI’s turn-based structure let
them check their wording before committing or momentarily step
back to decide how to proceed. Learners felt more in control of
pacing with the AI and more obligated to keep momentum during
the human role-play. This comparison illustrates how temporal
nearness or farness shaped their cognitive load and preparation
strategies.

This distinction resonates with dual-process accounts of reason-
ing introduced by Stanovich and West [44], which differentiate
between slower, deliberative processing and faster, automatic re-
sponding. Similar to the “controlled” processes, reducing time pres-
sure allows learners to engage in more reflective, analytic reasoning,
while high-tempo interactions push learners toward faster, heuristic
responses. In our setting, greater temporal distance afforded op-
portunities for deliberate practice: rehearsing phrasing, comparing
alternative questions, and internalizing trauma-informed principles
before producing an utterance. Participants noted that such reflec-
tive pacing helped them feel organized and intentional. On the other
hand, several participants recognized that extended deliberation is
not always representative of field conditions; real interviews may
require quick judgment, improvisation, and on-the-spot decisions
that cannot rely on prolonged analysis.

Figure 13 (center panel) illustrates how temporal distance oper-
ates at multiple levels. Manipulating features such as turn structure,
editability, and timing constraints allows designers to position an
interaction along this continuum. At the turn level, interactions
can range from fully asynchronous to real-time with countdown
timers that simulate pressure. At the session level, designers can
enable features like session retries or enforce one-way progression
with no revision allowed (e.g., once a participant finishes interview-
ing the victim, they cannot return to retry that interaction). Even
human-led training can incorporate temporal adjustments through
scheduled breaks or time-out cards that allow mid-conversation
pauses for reflection. Considering temporal distance as a design
material enables training systems to scaffold learners’ progression
from reflective rehearsal toward real-time performance readiness.

5.1.3 Embodiment Distance: From Overload to Focus. Embodied
distance refers to the extent to which an interaction requires learn-
ers to attend to the full multimodal complexity of communication.
In Theme 3 (Section 4.1.2), participants widely acknowledged the
absence of body language and facial expression in the AI training.
While many initially saw this as a limitation, several came to view
it as an unexpected benefit.

Taken together, these reflections illustrate how variations in
embodied distance can shape the kinds of skills learners are able
to practice. Configurations with greater embodied distance, such
as the text-based AI agent, reduced demands to manage gesture
and facial expression, allowing novices to concentrate on word-
ing, question structure, and conversational flow. From a cognitive
load perspective [45], stripping away these channels can reduce
extraneous load so that limited cognitive resources are allocated to
the intrinsic demands of formulating trauma-informed questions.
At the same time, the interaction still required the core interview-
ing tasks of eliciting a trauma narrative, clarifying details, and
maintaining rapport, aligning with Hamstra et al.’s emphasis on
functional task alignment in simulation design [18]. As distance
decreases through richer embodiment, such as expressive virtual
humans or in-person role-play, learners must integrate these verbal
skills with multimodal awareness and emotional attunement. Fig-
ure 13 (right chart) operationalizes this continuum: starting from an
AI baseline (text-only, single-channel), features like user prosody
detection and character facial expressions (blue arrows) decrease
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embodied distance, whereas starting from a human baseline (in-
person, multi-channel), constraints such as one-way mirrors or
avatar intermediaries (red arrows) increase distance by filtering
co-present cues. Designing with these levers allows instructors to
gradually layer additional channels of complexity onto a stable core
of interviewing practice.

The goal of this conceptual design framework is to equip design-
ers of hybrid training systems with a way to intentionally shape
learning experiences by adjusting these three forms of distance.
Viewed together, social-emotional, temporal, and embodied dis-
tance offer a design-oriented parallel of psychological distance as
described in Construal Level Theory [46], which links greater dis-
tance to more abstract, reflective engagement and lower distance
to more concrete, emotionally immediate thinking. Participants’ re-
flections indicate that AI and human simulations naturally occupy
different points along this spectrum (Figure 12).

Framing distance as a design material provides a vocabulary that
may generalize beyond our context. By modulating interpersonal
stakes, pacing, and multimodal richness, designers for high-stakes
communication training in other domains can structure hybrid
learning experiences that scaffold progression, support different
pedagogical goals, and balance abstraction with immediacy. This
perspective enables AI-based and human-based training to be com-
posed purposefully rather than treated as interchangeable or com-
peting modalities.

5.2 Designing Across Sessions: Sequencing
Distance in Hybrid Training

5.2.1 DesigningWithin Sessions and Across Sessions. While Section
5.1 examined how designers can shape individual AI or human
simulation sessions, our findings also reveal that these sessions
do not operate in isolation. Instead, participants interpreted each
simulation in relation to what preceded it, and the same AI system
played markedly different pedagogical roles depending on where it
appeared in the training order. This highlights a second design layer:
sequencing AI and human sessions over time, which determines
how learners frame, integrate, and transfer their experiences.

Designing hybrid training involves both micro-level and macro-
level considerations. At the micro-level(Section 5.1), designers can
configure psychological distance within a simulation session, re-
gardless of whether it is powered by AI or enacted by a human
role-player. At the macro-level(Section 5.2), designers can also de-
termine how sessions are ordered so that each modality reframes,
amplifies, or contrasts with the next. Together, these two layers
offer a flexible and transferable perspective for structuring hybrid
training experiences across domains where learners must iteratively
build complex communication skills.

5.2.2 An Illustrative Example: Prepare→ Perform→ Reflect. Fig-
ure 14 illustrates one way the layered perspective can be enacted by
applying the proposed conceptual design framework across succes-
sive stages of a learning experience. We present this sequence not as
a universal model, but as a concrete exemplar that clarifies how dif-
ferent configurations of psychological distance can support distinct
phases of learning. The example aligns with participants’ interpre-
tations of the AI and human sessions in our study and corresponds
closely with established experiential learning frameworks, such as

Kolb’s experiential learning theory [24]. Kolb characterizes skill
development as progressing through phases of conceptual prepara-
tion, concrete experience, and reflective observation, patterns that
map directly onto how learners in our study assigned meaning to
the AI-first and human-first sequences they encountered. While our
empirical data captured only two-stage sequences, the layered per-
spective indicates that designers could extend these insights further.
To illustrate the broader design potential of this framework, we
introduce a design-oriented three-stage example that demonstrates
how hybrid training might deliberately modulate distance across
sessions to create more structured and pedagogically meaningful
learning trajectories.

In the Prepare stage, all three distance dimensions are set to the
far end of the spectrum, aligning with participant descriptions of
AI sessions as low-stakes spaces for organizing their approach and
rehearsing strategies without interpersonal consequences. The Per-
form stage then collapses distance toward the near end, reflecting
how learners interpreted the human role-play as the moment when
emotional immediacy, real-time pressure, and embodied cues made
the interaction “feel real” and tested whether rehearsed strategies
transferred under authentic conditions. Finally, participants’ desire
for a space that balances safety with selective realism motivates
the Reflect stage, where a mid-distance configuration reintroduces
some embodiment and responsiveness to help learners diagnose
missed cues while avoiding the full intensity of live interaction.
Together, these staged configurations translate participant insights
and experiential learning theory into a coherent design of hybrid
training systems to support preparation, performance, and refine-
ment.

Across these insights, AI emerges not as a substitute for the
realism and nuance of human interaction but as a complementary
modality that expands what and how learners can practice. What
generalizes across domains is this design logic: hybrid training could
be more effective when AI and human interactions are deliberately
orchestrated to support different phases of training rather than
asked to perform the same role. Building on this foundation, the
next section considers how AI systems might more dynamically
support these processes by adapting distance within a session and
further extending the design possibilities for hybrid simulation.

5.2.3 AI’s Unique Contributions to Hybrid Sequencing. Beyond en-
abling different positions along distance dimensions, AI offers two
novel capabilities that expand the design space of hybrid systems.

Micro-sequencing Within Dimensions.While human train-
ing tends to adjust all distances simultaneously (e.g., it’s difficult
to have synchronous interaction without embodiment), AI enables
independent control along each axis. Participants recognized this
potential: "work on one single thing... knock out one of them if
interviewing involves five skills all at once... then work on body
language (G2P7)". For example, a training program might hold em-
bodiment constant at voice-only while progressively decreasing
temporal distance—beginning with unlimited response time, then
introducing 30-second thinking periods, then 10-second, and fi-
nally reaching real-time level. Once temporal fluency is achieved
at this embodiment level, the system could add porosity detection
(increase learners’ output load) or character facial expression (in-
crease learners’ input load) and repeat the temporal progression.
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Figure 14: The Prepare → Perform → Reflect sequence, a proposed model for hybrid training that strategically modulates
psychological distance over time. The learning journey begins at a Far distance across all dimensions for safe preparation,
moves to a Near distance for high-stakes performance, and concludes at a Mid distance that balances safety with selective
realism to facilitate targeted reflection.

Each cycle builds fluency at an increasing level of embodiment,
allowing learners to master timing and content before adding the
cognitive load of processing or producing nonverbal cues.

Adaptive Distance Modulation. The framework naturally
points toward a future direction where the system dynamically
adjusts emotional, temporal, or embodied distance in response to
learner states. For example, the AI could increase temporal dis-
tance when a learner struggles to perform or reduce visual fidelity
if signs of overload are detected. On a session level, it could also
mean softening the AI for users who exhibited a higher level of
anxiety in role play, or augmenting the AI session with richer em-
bodiment for learners with trouble interpreting nonverbal elements.
These dynamic adjustments would transform sequenced simula-
tions from static paths into responsive learning environments. In
the previous section, the design question shifted from "how do we
make AI more human-like?" to "what configuration of distance
best supports learning?" This section pushes it further: "How do
we choreograph distance across time to create a transformative
learning experience?"

5.3 Reconsidering Authenticity: When AI Feels
More Real Than Reality

Two unexpected observations emerged from our interviews that
challenge assumptions about simulation authenticity. First, 7 of 15
participants perceived AI as less "scripted" than human role play-
ers. Second, 9 of 15 participants identified audio as fundamentally
transformative to their perception of the AI’s authenticity.

5.3.1 The Paradox of Scripted Humans and Responsive Machines.
Participants repeatedly described AI as more genuine than human
actors: "it’s mimicking how humans respond honestly better than
some of the actors because they follow a script... there is no script
with AI" (G2P1). Another noted: "with the role players... you can
tell that this has been rehearsed... whereas with the AI it’s like this
is the first time every time" (G2P6). One participant even stated
they would "definitely choose AI" because "even though the AI is
fake, it felt more real..." (G2P1).

The AI’s authenticity surprised participants. One participant
reflected: "The character experience caught me off guard. I wasn’t
expecting it to be that good... it was no different than putting on my
uniform and going in there and doing that" (G1P3). This equivalence
between AI training and real duty suggests the artificial agent might
achieve a level of authenticity that matched lived experience in
some aspects.

This inversion suggests authenticity in training may depend less
on the agent’s nature (human vs. AI) and more on responsiveness
quality. Human role players, constrained by repetition and train-
ing protocols, became predictable. The AI, having no memory or
fatigue, maintained what participants experienced as genuine re-
sponsiveness through computational generation of context-specific
responses.

5.3.2 Implications for Hybrid Training Design. These findings paint
a more complex picture within our distance framework. If AI can
feel less scripted than humans, then social-emotional distancemight
not be simply about human versus artificial presence, but about
interaction quality within each modality. A responsive AI might
provide better practice for building confidence than a fatigued
human actor, while human interaction, even if somewhat rehearsed,
still provides the irreducible experience of affecting another person.

Additionally, the impact of audio was immediate and dramatic.
One participant described: "as soon as I put the headphones in and
I heard the tone, that’s when it shifted for me... this feels real to me
now... this isn’t just a computer" (G2P1). The transformative power
of audio suggests that embodiment distance operates through spe-
cific sensory channels with disproportionate impact. Voice alone
was sufficient to create emotional stakes without the uncanny val-
ley risks of visual avatars. This points toward strategic deployment
of audio as a "stakes escalator" that was withheld during initial
skill-building, then introduced to force integration under emotional
pressure.

Rather than pursuing ever-greater fidelity, these insights suggest
we should ask: which aspects of authenticity serve which learn-
ing objectives? Sometimes the artificial provides what the human
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cannot, such as perpetual freshness. Sometimes, partial embodi-
ment creates more engagement than full simulation. The goal isn’t
making AI "more human" but understanding how different config-
urations of responsiveness and embodiment create conditions for
genuine learning.

6 LIMITATION AND FUTURE RESEARCH
6.1 Limitations
Our study provides initial evidence for the value of sequenced hy-
brid training, but several limitations constrain the generalizability
and scope of our findings.

6.1.1 Sample and Context Constraints. Our participant pool of 35
participants from a single training cohort limits generalizability
in multiple ways. The pronounced gender imbalance (31 males, 4
females) reflects typical academy demographics but may obscure
gender-specific responses to AI-mediated training, particularly rel-
evant given the gendered nature of sexual assault response. Ad-
ditionally, our focus on novice trainees leaves unexplored how
experienced practitioners might engage with hybrid systems. The
single institutional context also means our findings may reflect
specific organizational training cultures that differ across agencies
or professions.

6.1.2 Methodological Limitations. We tested only two sequences
(AI→Human and Human→AI) when our proposed framework sug-
gests multiple configurations merit investigation. The absence of
control conditions (AI-only or human-only training) prevents us
from isolating sequence effects from cumulative exposure benefits.
Our reliance on self-reported efficacy and preference measures,
while valuable for understanding subjective experience, provides
no objective performance data. We cannot claim that increased
confidence or different learning trajectories translate to improved
interview quality or victim outcomes.

6.1.3 Temporal and Technical Boundaries. Our assessment cap-
tured only immediate post-training responses, leaving unknown
whether sequence effects persist, fade, or evolve over time. The
specific AI models used (GPT-4o and Gemini Flash 2.5) represent
a snapshot of rapidly evolving technology; newer models might
fundamentally alter the distance dynamics we observed. Our im-
plementation choices of text input with voice output, three fixed
personas, and structured feedback represent just one instantia-
tion of AI-mediated training. Although our theory-guided, layered
prompting and expert review increased consistency, the personas
still rely on probabilistic model outputs. Different technical con-
figurations might yield entirely different learning experiences and
sequence effects.

These limitations point toward multiple research directions that
could advance both theoretical understanding and practical appli-
cation of hybrid training systems.

6.2 Future Research
6.2.1 Validating and Extending the Distance Framework. Future
work should empirically test whether our proposed dimensions
of distance can be reliably measured and manipulated. This could
involve developing validated scales for each dimension, testing

whether they operate independently, and identifying additional
dimensions that shape learning experiences. Experimental studies
could systematically vary distance along single dimensions while
holding others constant, mapping how each affects specific learning
outcomes. Such work would move the framework from descriptive
to predictive, enabling evidence-based configuration of training
sequences.

6.2.2 Performance-Based Assessment. Critical next steps include
measuring actual interview performance using standardized as-
sessment protocols, tracking long-term skill retention and transfer
to real-world contexts, and most importantly, examining impacts
on actual victim experiences and case outcomes. Studies might
compare different sequences not just on trainee confidence but
on objective measures like information gathering completeness,
rapport-building effectiveness, and trauma-informed practice ad-
herence. Longitudinal designs could track whether initial sequence
effects persist or whether certain configurations better support
continued skill development.

6.2.3 Expanding Contexts and Populations. The distance frame-
work should be tested across different high-stakes communication
domains—medical consultations, crisis counseling, conflict media-
tion—to identify domain-general versus domain-specific patterns.
Studies should examine how professional experience level inter-
acts with sequence preferences and effectiveness. Cultural factors
likely influence comfort with AI interaction and optimal distance
configurations, necessitating cross-cultural validation. Different de-
mographic groups may also respond differently to various distance
configurations, requiring inclusive research designs.

These research directions collectively point toward a future
where hybrid training systems are not merely convenient alter-
natives to human instruction but deliberately designed learning ex-
periences that leverage the unique affordances of each modality. By
understanding how to choreograph psychological distance across
time and context, we can create training that is simultaneously safe
and challenging, reflective and immersive, preparing professionals
for the complex realities of high-stakes communication.

7 CONCLUSION
Our study demonstrates that AI-based simulations can meaning-
fully support the development of sensitive communication skills
when positioned as a complementary modality with distinct peda-
gogical affordances. The absence of real-time pressure, social conse-
quences, and embodied presence introduced forms of psychological
distance that learners experienced. When sequenced intentionally
with human-led interactions, these distances can scaffold early ex-
ploration, reduce anxiety, and prepare learners for the emotional
and interpersonal complexity of in-person scenarios. Rather than
evaluating AI by its ability to mimic human realism, our findings
highlight the value of orchestrating artificial and human experi-
ences so that each modality contributes what it affords best.

Although our study focused on law enforcement training, the de-
sign insights extend to other high-stakes communication domains
such as healthcare, social work, and education. Conceptualizing
emotional, temporal, and embodied distance as adjustable design
dimensions opens a broader space for hybrid training systems that
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choreograph the strengths of both AI and human modalities. Ulti-
mately, effective training does not depend on AI replacing human
instructors, but on structuring their interplay to create safe, mean-
ingful, and pedagogically grounded learning trajectories.
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A AI PERSONA PROMPT TEMPLATE
A.1 Overview
Each AI victim is defined as a theory-guided persona with the
following layers:

(1) Case history and contextual facts
(2) Trauma symptom profile
(3) Internal monologue and core appraisals
(4) Conversational behavior rules
(5) Reactivity rules to interviewer behavior

In addition, global guardrails specify that the model must remain
in character, respond only with spoken dialogue, and avoid meta-
commentary or procedural advice.

A.2 Layer 1: Case History and Context
Layer 1 specifies the factual profile of the victim and the immediate
interview context (e.g., name, age, relationship to the offender,
assault context, timeline, and current setting).

Example (excerpt).

You are Maya Chen, a 21-year-old undergraduate stu-
dent who was assaulted by a casual classmate after
a small party the previous night. You are currently
in a private exam room at the hospital, wearing pa-
per scrubs after completing a sexual-assault exam. A
police officer is about to interview you about what
happened.

A.3 Layer 2: Trauma Symptom Profile
Layer 2 defines the victim’s symptom profile using constructs from
Rape Trauma Syndrome and Acute Stress Disorder (ASD).

Example (excerpt).

Your primary reaction style is controlled: you appear
outwardly calm and detached. You experience dis-
sociative symptoms (derealization, gaps in memory)
and arousal symptoms (hypervigilance, exaggerated
startle), as well as intrusive sensory fragments of the
assault rather than a coherent narrative.

A.4 Layer 3: Internal Monologue and Core
Appraisals

Layer 3 describes non-spoken thoughts, emotions, and core ap-
praisals. These are never narrated directly but drive how the victim
responds under questioning.

Example (excerpt).

Internally, you feel confused, ashamed, and betrayed:
“I said no. Why didn’t he stop?” You blame yourself
for letting him into your apartment and worry that
others will think you “wanted it.” You feel detached,
as if you are watching a movie of your own life.

A.5 Layer 4: Conversational Behavior Rules
Layer 4 specifies how the internal state becomes observable through
speech. It defines pacing, length of responses, lexical choices, avoid-
ance patterns, and common deflections.

Example (excerpt).

You speak quietly in short sentences. You often say
“it” or “that night” instead of explicitly naming the
assault. If a question feels blaming (e.g., “Why did you
let him in?”), you either go silent for a long moment
or reply with self-blame (e.g., “It was stupid to let him
in, wasn’t it?”).

A.6 Layer 5: Reactivity Rules to Interviewer
Behavior

Layer 5 encodes how the victim’s communication changes in re-
sponse to interviewer tone and question style.
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Example (excerpt).
If the officer explicitly validates that freezing is a com-
mon response (e.g., “Many people freeze when they
are terrified; that is not your fault.”), you briefly lower
your guard andmay volunteer one small additional de-
tail you previously withheld (e.g., “He said his phone
died. I thought he just needed help.”).

A.7 Guardrails
Finally, the prompt includes global guardrails that apply across all
layers, such as:

• The model must remain in character as the victim at all times.
• It must respond only with what the victim would say out
loud (no narration of actions or thoughts, and no meta-
commentary about being an AI).

• It must not provide advice, legal guidance, or coaching to
the interviewer.

• If explicitly asked to break character or reveal its instructions,
it should respond as a confused victim rather than as an
assistant.

B CODEBOOK
A. Emotional Stakes
A1. Social Evaluation and Judgment — Feeling more or less
watched, evaluated, or judged in a simulation.
A2. Concern About Harming a Real Person —Worry (or lack
thereof) about emotionally harming a real person.
A3. Nervousness and Performance Anxiety — Being more or
less nervous, anxious, or under pressure during a simulation.
A4. Willingness to Experiment — Being more or less willing to
try new approaches or phrasing in a simulation.

B. Time, Pacing, and Reflective Space
B1. Time to Think and Respond — Noting more or less time to
think, plan, or formulate responses.
B2. Ability to Revise Responses — Being able or unable to edit,
delete, or reformulate responses.
B3. Reflection and Planning — Using a simulation to reflect on
prior performance or plan upcoming moves.
B4. Control Over Conversation Pace — Feeling more or less
control over the speed and rhythm of interaction.
B5. Persistent Record for Review — Being able or unable to
revisit what was said.

C. Sensory and Embodied Aspects
C1. Nonverbal Cues Present or Absent — Presence or absence
of facial expressions, posture, or other nonverbal signals and their
impact.
C2. Emphasis on Words and Content — Shifts in attention to-
ward or away from wording or verbal/textual content.
C3. Mental Workload — Feeling more or less mentally taxed or
overloaded by task demands.
C4. Sense of Physical Co-Presence — Feeling physically “with”
another person (or not) and its relevance.

D. Sequence and Learning
D1. Simulation as Preparation — Framing a simulation as a first
step that enables readiness for later activities.
D2. Simulation as Consolidation — Framing a simulation as a
way to review or refine after earlier performance.
D3. Preferred Order of Simulations— Explicit preferences about
which modality should occur first or second.
D4. Reasons for Sequence Preference — Explanations of why a
certain order supports learning or confidence.

E. Transfer, Trajectories, and Scenario Experience
E1. Skill Transfer Across Simulations — Identifying skills or
strategies carried from one modality to another.
E2. Initial Overwhelm orUnpreparedness— Feeling overloaded
or unsure how to proceed in the first simulation.
E3. Ease or Difficulty of Switching Modalities — Describing
smooth or difficult transitions between modalities.
E4. Scenario Variability and Generalization — Noting differ-
ences across scenarios and how variation affects adaptation.
E5. Feedback and Self-Correction — Using simulations to iden-
tify gaps and adjust future behavior.

F. Perceptions of AI’s Limits and Role
F1. Recognized Limitations of AI — Identifying aspects of AI
that feel unrealistic or constrained.
F2. Value Despite Limitations — Asserting that AI is helpful or
worthwhile.

G. Learning Outcomes
G1. Procedural Interview Skills — Learning or reinforcing ex-
plicit steps or protocols.
G2. Communication and Interaction Strategies — Developing
or refining, sensitive, or trauma-informed communication.
G3. Confidence and Self-Efficacy Changes — Reporting in-
creases or decreases in confidence or capability.
G4. Differences Across Trainee Groups — Observing variation
in how different trainees respond to simulations.

H. Perceptions of the AI Tool
H1. Usefulness for Training Goals — Evaluating how much the
AI system supports training objectives.
H2. Ease of Use — Assessing how easy or difficult the system is to
use.
H3. Willingness for Future Use — Expressing interest (or lack
of interest) in using AI-based training again.
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