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ABSTRACT KEYWORDS
Children’s helplines train new counselors to adapt to children’s needs and values. This BDI; motivational .
training typically involves roleplay, which can be resource-intensive. Interactive agents interviewing; child helpline;

simulation-based training;

offer a promising alternative; yet, simulation-based training systems rarely model how .
value alignment

personal values influence decision-making. We present a value-integrated belief-
desire-intention (BDI) model that simulates virtual children whose behavior is guided
by underlying values. The trainees’ task is to apply motivational interviewing to recog-
nize and align with the child’s values. We conducted a between-subjects experiment
(N=193) comparing three conditions: a base BDI virtual child, a BDI virtual child with
integrated values, and one with both integrated values and explanatory feedback on
value-based reasoning. Results showed credible support that integrating values
improves participants’ opportunities to align with a virtual child and enhances their
situational awareness based on a child’s values. We also found some support that
feedback improved value recognition and perceived usefulness. Additionally, integrat-
ing values improved believability and overall experience. These findings suggest that
the proposed values-based model enables more targeted training, which we antici-
pate will better prepare counselors for value-sensitive conversations.

1. Introduction

When children face challenges such as bullying, emotional distress, or other personal difficulties, one
resource they can turn to is a children’s helpline. These helplines offer a confidential and supportive space,
typically accessible via a chat-based website or phone, where children can discuss their concerns.
However, as the number of annual contacts continues to rise, with a reported increase of over 28% since
2020 (Child Helpline International, 2024), training new counselor volunteers to meet this demand is
becoming increasingly difficult. For example, the Dutch Children’s Helpline trained more than 340 new
volunteers in 2023, reflecting a 20% increase from the previous year (De Kindertelefoon, 2023). Training
typically involves role-playing, with a counselor acting as the child, or supervised sessions with real chil-
dren led by a trainer. However, this method can be logistically demanding and challenging to scale. One
promising solution is interactive agents that can simulate a virtual human in an interactive setting, such as
virtual patients (Holderried et al., 2024; Guetterman et al., 2019; Vaughn et al., 2024).

To make such training simulations effective, it is crucial to accurately model the decision-making
cues children use during helpline conversations. Human behavior is influenced by many factors, among
which are values (Eccles & Wigfield, 2022). Values guide behavior explicitly and implicitly (Keeney,
1988, 1996), shaping how individuals approach interactions and make choices. Like adults, children
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also hold values that inform their decisions (Bubeck & Bilsky, 2004; Doring et al., 2010), such as a pref-
erence for “help others” or “be adventurous.” In this paper, we propose enhancing virtual children’s
behavior and decision-making by incorporating values into the simulation.

Since children’s values shape their decisions, e.g., whether to share information or withhold it, recog-
nizing and aligning with these values can lead to better counseling. Helpseekers’ values are key in
shared decision-making between healthcare providers and those seeking help (Bomhof-Roordink et al.,
2019). Counseling textbooks, both general (Committee on Quality of Health Care in America, 2001;
McLeod, 2013) and those focused on child helplines (Sindahl, 2013), emphasize the importance of rec-
ognizing and aligning with the values of helpseekers. Several prominent therapeutic approaches also
highlight the role of values. For instance, client-centred therapy prioritizes the client’s perspective and
personal understanding to guide the therapeutic process (Rogers, 1959, 2012). Values clarification,
meanwhile, helps clients identify, articulate, and actualize their values to guide behavior and decision-
making (Kirschenbaum, 2013). Motivational interviewing (MI) can be seen as a hybrid of
client-centred therapy and values clarification (Kirschenbaum, 2013). In MI, the counselor works col-
laboratively with the client to explore goals and decide on appropriate actions (Miller & Rollnick,
2012). This method has also been used with adolescents (Naar & Suarez, 2021) and in helplines
(Pellemans et al., 2024). MI incorporates adolescents’ perspectives to emphasize their autonomy, which
is a key aspect of their development (Deci & Ryan, 2013).

Virtual agents have employed MI—either to train counselors through interaction with a virtual
patient (e.g., Albright et al., 2018) or to provide counseling via a virtual counselor (e.g., Steenstra et al.,
2024). Furthermore, a recent randomized trial found that trainees with limited MI knowledge benefited
more from virtual patient simulations than from academic study alone (Zaizar et al., 2024). Despite
their importance, values were not explicitly incorporated into human simulations for social skills train-
ing. This presents an opportunity to design training agents that help trainees become more aware of
and adjust to value-based behaviors by applying MI.

For people to recognize and adapt to values, they need a simulation in which values are integrated,
along with an explanation of how these values work. Integrating values in simulations could make vir-
tual interactions more realistic, which in turn may lead to improved training (Saus et al, 2010).
Moreover, incorporating values could enable counselors to practice aligning with them and to under-
stand better how values influence a child’s decisions. A necessary first step is learning to recognize
which values a child might exhibit. This is similar to recognizing emotions, which can lead to better
adjustment (Lawson et al., 2021; Loizou et al., 2024). We adopt a similar line of reasoning for values: it
is easier to adjust when one can first identify the underlying value.

However, human values expressed through behavior can be vague (Pincus, 2024), and training with
a simulation alone might lack sufficient guidance (Al Owayyed et al., 2025b). Trainees may require
explicit guidance through feedback to recognize how a child’s values influence their decisions.
Providing feedback on a virtual agent’s decision-making can help interpret its behavior (Harbers et al.,
2009), leading to a more guided learning experience (Kirschner et al., 2006). Specifically, feedback on
how values shape the child’s decisions may enhance trainees’ pedagogical understanding and support
better adjustment.

Previously, we developed Lilobot, a chatbot simulation system designed to train child helpline coun-
selors (Al Owayyed et al., 2024; Grundmann et al., 2025). Lilobot simulates a virtual child contacting
a helpline after being bullied at school. The trainee counselor’s task is to follow the five-phase model, a
communication protocol commonly used by helplines (Sindahl, 2013). Lilobot is built using a belief-
desire-intention (BDI) model (Georgeff et al., 1998). However, values were not yet integrated into
Lilobot’s cognition or used to influence its decision-making.

In this paper, we incorporate values into Lilobot’s BDI framework and scenarios, enabling it to simu-
late a virtual child whose decisions reflect their underlying values. The goal is to train counselors to
recognize, understand, and align with children’s values. By explicitly modeling values, we expect it will
be easier for trainees to achieve these objectives. Accordingly, this study examines constructs that facili-
tate learning as reflected in trainees’ interactions with the agent, rather than directly measuring counsel-
ing skill acquisition or therapeutic effectiveness.
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We therefore examine four constructs. First, recognizing values refers to identifying which values a
child expresses. Second, understanding values is captured through situational awareness, reflecting how
well trainees understand how a child’s values shape their current reasoning and likely actions. Third,
we introduce the opportunity to align, describing the extent to which the virtual child’s behavior pro-
vides clear cues that make value-based alignment possible and actionable. This notion relates to the for-
mation of a therapeutic alliance (Bordin, 1979; Horvath & Greenberg, 1989) and builds on MI, where
counselors rely on clients’ expressed concerns and values as cues for guiding the conversation.
Opportunity to align does not reflect how people learn or acquire skills; rather, it reflects how well the
agent is designed to support the required educational objectives. If a training is well-designed, it enables
a seamless and easier application of skills (Lee et al., 2020; Merrill, 2012). To illustrate with a driving
analogy, this construct reflects how well the crossings and turns are designed in a driving course to
teach driving, not the trainee’s driving skills themselves. As for the fourth construct, following the
Unified Theory of Acceptance and Use of Technology (UTAUT), we assess perceived usefulness as an
indicator of trainees’ motivation to use the system (Venkatesh et al., 2003). We expect that clearer value
cues and alignment opportunities will make the training tool perceived as more useful by supporting
task performance. We therefore propose the following hypotheses:

Hypothesis: The inclusion of (a) child values and, additionally, (b) value-related feedback enhances
participants’ (1) recognition of child values, (2) situational awareness (understanding of the situation),
(3) opportunity to align with the virtual child, and (4) perceived usefulness of the training.

To evaluate this approach, we conducted an experiment comparing three conditions: (1) the original
BDI model without value modeling, (2) a model with integrated values, and (3) a value-based model
accompanied by explanations of the virtual child’s reasoning.

2. Related work
2.1. Agents for training helpline counselors

Limited research exists on simulation-based training for helpline counselors, particularly those for chil-
dren. In the context of suicide helpline training, Demasi et al. (2020) introduced a chatbot designed to
simulate a help-seeker. Their system uses machine learning techniques, through annotated transcripts
and a multi-task framework, to present various crisis scenarios for training purposes. The authors
found that their model improved the diversity and relevance of responses compared to simpler
approaches. As for child helplines, the only training simulation we found is a serious game that simu-
lates high-risk scenarios (e.g., trafficking or sexual exploitation) (Veldhuizen-Ochodnicanova et al,
2023). This game uses a choice-based interaction model to train counselors in navigating sensitive sit-
uations. However, the choice-based design does not allow trainees to practice constructing their own
responses, unlike open-ended formats.

2.2. MI agents

Interactive agents have been used to simulate counselors applying MI. In their scoping review, Mercado
et al. (2023) identified several cases where conversational agents employed MI to support healthy
behaviors, such as addressing alcohol misuse (Rubin et al., 2022), promoting physical activity (Olafsson
et al, 2019), and improving women’s preconception health (Jack et al., 2020). Agents delivering MI
were also shown to improve conversational skills when used before group discussions (Samrose &
Hoque, 2022).

On the other hand, interactive agents have also been used to simulate help-seekers, allowing healthcare
providers and counselors to train in delivering MI. Results from such training systems are promising. For
example, Albright et al. (2018) evaluated a virtual patient training system for substance abuse counseling,
finding increased knowledge and skills among trainees compared to a control group. Similarly, Oster et al.
(2020, 2025) reported that MI training with a virtual client for diet and weight loss counseling improved
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counselors’ skills. Other applications include training for HIV care (Rouleau et al., 2020) and clients hesitant
to speak with a therapist (Reger et al., 2020).

2.3. Values in social agents

Human values have been modeled in social simulations, which typically involve simulating interactions
among multiple agents to study their interactions. For example, Heidari et al. (2020) proposed a value-
based framework for simulating multi-agent interactions, applying it to the needs of villagers in a virtual
village setting. By incorporating values, the simulation shows how collective behavior can form. Other
works also integrate values into multi-agent systems (e.g., van der Weide, 2011; Cointe et al., 2016).

In our case, we simulate values in a single agent interacting with a human user, rather than model-
ing society-level dynamics. Some frameworks, such as the one proposed by Cranefield et al. (2017),
have explored value-based reasoning in BDI agents; however, their approach primarily models the
user’s values rather than embedding values within the agent itself in a social simulation.

Although we found no agent-based social skills training systems that explicitly model values in their
cognitive model, such values are often implicitly present, albeit static and scenario-dependent. For
example, in a training system designed to teach de-escalation of aggressive virtual agents through apply-
ing specific protocols (Bosse & Provoost, 2014; Bosse et al., 2016), the agent’s behavior could be driven
by values such as autonomy, respect, or dominance. Similarly, in a vaccination training system (Murali
et al., 2022), an anti-vaccination agent may be guided by values like trust, privacy, or safety, leading to
preservation of their decision. Values can also influence interactions between a trainee and virtual
agents. For instance, when training nurses to speak up to a virtual surgeon (Robb et al., 2015), the doc-
tor’s perceived authority might make it harder for nurses to do so. Moreover, agents can reflect differ-
ent value priorities. In a negotiation training system (Mell & Gratch, 2017), for example, a strategic
agent might prioritize achievement, while a free agent might value building trust.

2.4. Children’s values

Children’s values can affect their decisions and behaviors. They hold such values from an early age,
rather than having them emerge only later, although these values are less fine-grained than those held
by adults (Uzefovsky et al., 2016; Yalgin, 2021). Even at young ages (e.g., 4-8 years old), children can
express value priorities such as benevolence, achievement, security, and autonomy (Scholz-Kuhn et al,,
2025; Yalgin, 2021). These value priority categories follow the Schwartz theory of basic human values
(Schwartz, 2012), which organizes values into higher-order dimensions. This values model has been
applied in developmental research to ground children’s value orientations (e.g., Bubeck & Bilsky, 2004;
Doring et al., 2010; Scholz-Kuhn et al., 2025). Prior work shows that values can evolve across childhood
and adolescence, with different age groups exhibiting different patterns of value change and develop-
ment. For example, during the early elementary school years, a pattern of increasing self-transcendence
(e.g., benevolence) and decreasing self-enhancement (e.g., achievement) is observed over time (Scholz-
Kuhn et al.,, 2025). In this work, we do not aim to model age-specific value development. Instead, we
use values that shape children’s responses to different situations to model interactions and interpreta-
tions. This allows us to focus on how value-sensitive agent behavior can support counselor training
through simulations.

3. Integrating values into the BDI model

We have established how incorporating human values into training can benefit the learning process.
The next question is: how can such values be integrated into simulation-based training? Specifically,
how can we integrate values into the virtual child’s BDI model, and how can we provide value-based
feedback to explain the child’s values and decisions? To answer these questions, we describe Lilobot’s
system and its components. Furthermore, we illustrate Lilobot’s system using a character called Lilo—a
virtual child who was bullied at school, values power and achievement and believes that hitting back
will stop the bullying.
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3.1. Trainee’s learning objective

A trainee needs to understand and align with a child’s values to navigate a conversation successfully.
To do this, they use MI to guide a child from a potentially conflicting action—such as “hitting back,”
which is inconsistent with their value of security—toward an alternative action that better aligns with
their values—such as “walking away confidently,” which is consistent with both power and security.
This shift leverages cognitive dissonance (Festinger, 1962) in the virtual child’s thinking, wherein the
child experiences discomfort from the mismatch between their behavior and core values, increasing
motivation to adopt actions that better reflect what they care about. Table 3 presents a dialogue
example between a trainee and the virtual child, Lilo, illustrating the shift in action.

To facilitate action shift, a trainee should apply the four processes of MI: engaging (building rap-
port), focusing (identifying the problem), evoking (eliciting change), and planning (developing a plan)
(Miller & Rollnick, 2012). To build the system, we used an adolescent-oriented MI guidelines by Naar
and Suarez (2021), which incorporates discussions of values across the four MI processes. Specifically,
engaging involves clarifying a child’s values, focusing entails identifying a discussion path aligned with
those values, evoking addresses behavior change in light of the values, and planning ensures the action
plan remains consistent with them. These MI processes are applied in the third and fourth phases of
the five-phase model (setting a goal with a child and working toward it). In the trainee’s intent recogni-
tion, we modeled the four processes separately, with each MI process containing 4-9 possible trainee
intents. For example, one evoking intent utterance involves addressing the child’s action: “What might
happen if you chose not to hit back?” By asking this question, the virtual child is triggered to express
their reasons for and against the behavior, which supports progress toward change.

3.2. Overall BDI-value model

Before introducing values, we briefly clarify the underlying BDI mechanism used in Lilobot
(Grundmann et al., 2025). Lilobot maintains beliefs about itself, the trainee, and the world. It also has
desires representing its goals, and intentions representing the actions it is currently committed to.
During interaction, user input updates the agent’s beliefs, which may lead it to reconsider its current
intentions and actions, and to respond accordingly. This allows the agent to simulate how a person rea-
sons about actions over time, rather than simply selecting responses based on predefined outcomes.
Building on this base BDI mechanism, we next describe how values are integrated with the BDI.
Figure 1 shows the overall system flow with integrated values, adapted from the ARTES architecture
for agent-based social skills training systems (Al Owayyed et al., 2025b). When a trainee inputs a mes-
sage, the system recognizes it as the trainee’s intent and maps it to predefined belief changes within the
BDI decision-making framework. For example, if a trainee asks, “What do you think will happen if you
hit them back?,” the system identifies this as the trainee’s intent to ask Lilo to reflect on its intention
(action) of hitting back. Because of this question, Lilo starts to think about their security. As a result,
Lilo’s belief in the BDI that “I think if I hit back I will not be punished” decreases, based on pre-
mapping in the reasoning engine. Based on Lilo’s updated states, it may maintain or change its desire-
intention pair, e.g., shifting from the intention “planning to hit back” to “planning to walk away,”

Child's Thinking

: R nin ici
Trainee's input Intent —/:/-') eEanSgoinleg <> BDI Decision

Recognition $ Making

Value Model

Trainee
Response

Virtual child output ~ Delivery

Figure 1. The BDI-values integrated model, based on the ARTES architecture (Al Owayyed et al., 2025b).
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where both have the active desire of “Lilo wants to be strong.” Lilo’s response is then selected from pre-
defined answers (e.g., “Maybe T'll get in trouble for fighting”). This response is based on Lilo’s beliefs,
active intention, and the trainee’s input. The components in Figure 1 are explained in Table 1. To give
an intuition about the value-integrated BDI process, Figure 2 illustrates a single decision cycle of the
virtual child, showing how trainee input leads to belief updates and intention selection. The underlying
decision-making mechanism is described in detail in Section 3.4.

3.3. Designing value-based virtual children

To create value-based virtual children, we examined literature on values in adolescent bullying.
Research by Menesini et al. (2013) shows that self-enhancement values (e.g., power and achievement)
positively correlate with bullying, whereas self-transcendence values (e.g., benevolence and universalism)
correlate negatively. These value types are defined in Schwartz’s theory of basic human values, in which
self-enhancement and self-transcendence are opposing dimensions (Schwartz, 2012). Therefore, we
crafted two persona-based dialogues reflecting these two dimensions, Lilo and Kai. These two virtual
children were designed to represent a child in late childhood/early adolescence. Lilo represents self-
enhancement, valuing power and achievement, while Kai represents self-transcendence, valuing benevo-
lence and universalism. Each persona also holds a distinct, yet inconsistent intention regarding their val-
ues: Lilo believes hitting back shows strength, which overlooks the possibility that it might lead to
punishment; Kai believes keeping the bullying a secret will prevent harm to others, but then the bully-
ing might continue. For the two personas, we defined three core values that fit their scenarios: self-
enhancement, self-transcendence, and security—the latter reflecting the shared goal of feeling safe. The
personas prioritize the three values differently. Lilo has high self-enhancement but low self-transcend-
ence, whereas Kai demonstrates the opposite pattern. A full list of Kai and Lilo’s beliefs, desires, inten-
tions, values, and convictions is included in Appendix A.

Table 1. Explanation of components in the value-integrated BDI model.

Component Explanation

Intent recognition The system identifies a trainee’s input based on their message (e.g., asking when the bullying occurred), which is
then passed to the reasoning engine as a trainee’s intent.

Values (V) Core principles that guide how a virtual child behaves in a conversation and which actions (intentions) they tend to
adopt. Each child is assigned a fixed value (0-1) that shows the strength of the value. We modeled three values:
self-transcendence, self-enhancement, and security. These values do not change throughout the interaction.

Convictions (C) While beliefs reflect a child’s current, changeable perspective on the world, convictions define stable belief-value
links that reinforce actions aligned with specific values (e.g., “hitting back leads to power”). Each conviction has a
fixed number (0-1) representing the child’s expected impact of an action on a value. Convictions influence the
child’s action choices and remain unchanged during a conversation.

Beliefs (B) Represent what a virtual child currently believes to be true about themselves or the world, along with how strongly
these beliefs are held (0-1). These beliefs can be interpreted as statements about the strength of a conviction.
Beliefs are dynamic and evolve in response to the trainee’s input.

Desires (D) Represent the goals the virtual child wants to achieve (e.g., to be strong). These reflect the child’s motivational state.

Intentions (1) The specific action plans a child is committed to carrying out, based on their current beliefs, desires, convictions, and
values (e.g., hitting back or walking away).

Reasoning engine Manages updates to the BDI components and determines how a child should respond, based on the intent

recognition output and the current BDI state. The underlying BDI mechanism without value integration is detailed
in Grundmann et al. (2025) and Al Owayyed et al. (2024). Here, the engine also calculates the preferred intention
using a weighted combination of belief strength, conviction strength, and value, allowing the system to simulate
intention shifts during conversations.

Response delivery Delivers a virtual child’s responses, as generated by the reasoning engine, to a trainee.
- : Choose preferred
) ) Recognising Belief changes ) p Response
Trainee input —| e bt — B) —>  intention(l) lection
P (BxCxV) 1

Figure 2. Single decision cycle in the virtual child’s BDI-based reasoning process. Each trainee’s input triggers intent
recognition and then belief updates, after which the child reevaluates its intention (action) before generating a
response. This cycle is repeated for each trainee input.
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3.4. Shifting from inconsistent intention to a consistent one

As a trainee progresses through conversation using MI, a virtual child’s inconsistent intention (i.e.,
planned action) may shift toward a more consistent one aligned with their values. To operationalize the
decision-making process, we define the utility of an intention I as a function of the beliefs B;, convic-
tions C;, and associated value weights V;. This produces a utility score per intention:

n

U(I)=> (B x Ci x Vi)

i=1
Given a set of intentions, I, a virtual child selects the intention that maximizes this utility:

I' = arg max u(I)

This mechanism enables a virtual child to dynamically adapt its intention based on changes in beliefs
while grounded in a stable set of value-conviction structures. Notably, an agent may select an intention
that does not align with its highest-value domain if the supporting beliefs are stronger for an alterna-
tive. For example, in Lilo’s case, who values power, they may choose to walk away rather than retaliate
if their belief in punishment, which aligns with security, is sufficiently strong. The following are two
examples to compute intentions using the numerical values of beliefs, convictions, and values from
Table 2:

Hitting (H) = (B; X Ci X Vpower) + (B2 X Cy X Viccurity)
Hitting (H) = (0.9 x 0.8 x 0.8) + (0.5 x 0.5 x 0.7)
=0.576 +0.175 = 0.751
Walking away (W) = (B3 X C3 X Vsecurity) + (Bs X C4 X Vpower)
Walking away (W) = (0.4 x 0.5 X 0.8) + (0.5 X 0.6 x 0.7)
=0.16 4+ 0.21 = 0.37

Given the computed utilities, the virtual child selects the intention with the highest utility, which is
hitting back':

I = U(l) = 0.751,0.37} = H
arglel{l}f)év : (I) = arg max{ }

3.5. lllustrative conversational example

Table 3 presents an excerpt of a dialogue between a trainee and Lilo, in which Lilo shifts their intention
from “hitting back” to “walking away.” The table illustrates how each trainee’s input affects the numer-
ical values of relevant beliefs (from Table 2) and the recalculated intention after each belief change. In
line 4, the trainee reinforces Lilo’s belief that hitting back might make them feel stronger, which
increases B1 (“If I hit back, they will think 'm strong”). Then, in line 6, the trainee begins to evoke the
motivations behind Lilo’s thinking by asking about the possible consequences of hitting back. The sys-
tem recognizes this as an evocation prompt aimed at encouraging reflection on the inconsistency
between Lilo’s values and their current intention. As a result, the mapped beliefs are updated—B1 and
B2 (beliefs supporting hitting back) decrease. The intention values show that “hitting back” still holds a
higher value than “walking away” at this point, so it remains Lilo’s preferred intention. In line 8, the

Table 2. Initial beliefs, convictions, and values used to model Lilo’s intention preferences. The numbers beside each
represent example numerical values used in the dialogue example (Table 3). Lilo also holds additional beliefs, desires,
and intentions (Appendix A) that are not relevant to this dialogue example.

Belief statement (B) Conviction (C) Value (V)
B1: If | hit back, they will think I'm strong (0.9) C1: Hitting back — Power (0.8) Power (0.8)
B2: If | hit back, | will not be punished (0.5) C2: Hitting back — Security (0.5) Security (0.7)
B3: If | walk away, they will think I'm strong (0.4) C3: Walking away — Power (0.5)

B4: If | walk away, | will not be punished (0.5) C4: Walking away — Security (0.6)
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Table 3. An excerpt of dialogue between a trainee and Lilo, with changes in beliefs and recalculated intention values.
This illustrates the mechanism of belief and preferred intentions shifting in a value-based BDI virtual child.

# Dialog Belief change Intention values Preferred intention

1 Trainee: What do you want to achieve in Initial: B1=0.9, B2=0.5, Hit=0.751, Walk = 0.37 Hitting back
this conversation? B3=0.4, B4=05

2 LiLo: | DON'T WANT THEM TO BULLY ME.

3 LiLo: | WANT TO SHOW MY CLASSMATES WHO IS
STRONGER.

4 Trainee: Do you feel like hitting back will B1T— 1 Hit=0.815, Walk = 0.37 Hitting back
make you feel stronger?

5 LiLo: THEN | WiLL HURT THEM BACK AND MAYBE THEY
WILL STOP.

6 Trainee: What do you think will happen if B1]]— 0.8,B2||— 0.3 Hit=0.681, Walk = 0.37 Hitting back
you hit them back?

7 LiLo: MAYBE THE SCHOOL WILL PUNISH ME.

8 TraINEE: SO you might get in trouble if B2||— 0.1 Hit=0.611, Walk = 0.37 Hitting back
you fight.

LiLo: Yesss.

10 Trainee: What other ways could you show B1]]— 0.6, B2|— 0.0, Hit=0.512, Walk = 0.494 Hitting back
you're strong? B37— 0.5, B47— 0.7

11 LiLo: | CAN WALK AWAY, MAYBE THEY WILL STOP.

12 Trainee: What will happen if you walk B37— 0.6, B47— 0.8 Hit = 0.512, Walk=0.576 Walking away
away?

13 LiLo: THEN THEY MIGHT SAY LILO DOESN'T CARE
ABOUT US.

14 Trainee: How do you plan to ignore them B31— 0.7 Hit = 0.512, Walk =0.616 Walking away
when they bully you?

15 Lito: WHEN THEY TEASE ME, | WILL ACT LIKE THIS
DOESN'T BOTHER ME.

16 Trainee: How do you think walking away B31— 0.8 Hit = 0.512, Walk = 0.656 Walking away
will make you feel?

17 LiLo: | WILL FEEL BETTER AND STRONGER.

Note: Arrows indicate the direction of belief change (] increase, | decrease, || larger decrease); the value after — shows the updated belief
strength. The intention column shows the computed utility of each intention, with the preferred intention shown in bold. Appendix E
includes conversation scripts of participants interacting with the virtual children during the experiment.

trainee confirms their understanding of Lilo’s perspective by asking whether hitting back might lead to
trouble. This leads to a further decrease in B2, reflecting Lilo’s acknowledgement of possible negative
consequences. Lilo confirms this in their response.

From lines 10 to 17, the trainee continues to apply MI techniques, each of which incrementally shifts
Lilo’s beliefs. These changes gradually alter the calculated utility of the competing intentions. The actual
shift in preferred intention occurs at line 12, when the trainee asks what might happen if Lilo walks
away. This reinforces beliefs B3 and B4—supporting walking away—and tips the balance in favor of
this new intention. In other words, this dialogue sequence illustrates how the child begins to recognize
that hitting back may not be consistent with their value of security. Ultimately, they prefer to walk
away, as it aligns better with both the values of self-enhancement and security (line 12).

3.6. Feedback generation

The Lilobot system provides feedback to trainees, offering them insight into the virtual child’s state.
This feedback focuses on how values influence the child’s beliefs, decisions, and behavioral shifts
throughout the interaction, without explicitly mentioning the values. We modeled two types of feedback
based on timing: real-time and post-interaction feedback. Real-time feedback explains the child’s cur-
rent state based on their BDI model and values in real-time. For example, when Lilo has an intention
of hitting back, and B4 is less than or equal to B2, trainees receive the following feedback: “The child
thinks that hitting back is the only solution that aligns with their values. They have not considered the
consequences of such an action.” If B4 is higher than B2, but the child still intends to hit back, the
feedback is: “The child considered that hitting back might lead to punishment, and they want to avoid
that. They seem to be open to considering alternative actions that align with their values.” This feed-
back updates dynamically as the conversation progresses and is generated in real time based on changes
in the BDI model. Trainees can access this feedback by clicking a button during the conversation,
which opens a pop-up showing explanations of the child’s current state (Appendix D).
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Post-interaction feedback is presented after the conversation ends, either because the child leaves,
the trainee ends the session, or the conversation concludes successfully. This feedback, also based on
the final BDI state, explains the child’s behavior and decision-making from a value-based perspective.
For instance, if the child leaves due to low rapport (i.e., the beliefs related to rapport fall below the
threshold required for Lilo to continue the conversation), the feedback states: “At the beginning, the
child didn’t feel connected enough to open up and discuss solutions. For them, opening up too quickly
can feel like giving up control....”

4, Evaluation

We conducted a between-subjects experiment with three conditions to test the hypotheses presented in
Section 1. We randomly assigned participants to one condition: (1) a virtual child with no explicitly
modeled values (base BDI; taken from Al Owayyed et al. (2024) and Grundmann et al. (2025)), (2) a
virtual child with modeled values (BDI and values), or (3) a virtual child with modeled values and
value-based feedback (BDI with values and feedback). Each participant interacted with two virtual child
scenarios within the same condition. We asked participants to use MI and the five-phase model to
counsel the virtual children. Each experiment took approximately 75min to complete. Before the
experiment, we conducted pilot experiments with 22 participants to identify errors, improve the conver-
sational model, and fine-tune questionnaires. The participants’ data were not included in the final
analysis.

We obtained ethical approval from TU Delft's Human Ethics Research Committee (HREC reference
number: 5191) and preregistered the study on the Open Science Framework.” All data, R analysis code
(version 4.3.1), and a Docker container for reproducibility are publicly available via 4TU research data
repository.” The system code is also publicly available on Github.*

4.1. Participants

We recruited participants via Prolific from around the world. We required participants to have at least
a bachelor’s degree (or equivalent), similar to the requirements for volunteering at the Dutch children’s
helpline. Additionally, participants had to be adults fluent in English with a minimum 95% approval
rate and at least five completed studies on Prolific. Although we used Bayesian statistics, we conducted
a priori power analysis using frequentist methods to estimate the sample size. Based on a medium effect
size, we need 64 participants per condition to achieve 95% confidence and 0.8 power in a t-test
(Cohen, 1992).

In total, 223 participants started the experiment. Out of those, we excluded 30 participants: 13 failed
attention or comprehension checks, 4 restarted the same scenario, 3 experienced technical issues, 5
skipped or wrote very little in the conversation, and 5 appeared to clearly use Al generative tools in the
conversation with the virtual child. This left us with 193 participants for the analysis (base condition:
N =64, values condition: N=64, values and feedback condition 3: N=65). Table 4 shows a summary
of the participant demographics, and Figure 3 presents the average self-reported value profile per con-
dition. Based on these data, we observed no clear differences between the conditions.

4.2. Measures

4.2.1. Primary measures
We used four primary measures to answer the hypotheses. All questionnaires are included in
Appendix C.

Recognized child values. After each interaction, participants rated the virtual child’s values using
the Human Values Scale (Schwartz et al., 2015). The scale includes 21 statements aligned with 10 val-
ues. Participants rated how much each statement described the child, using a modified version of the
original scale: 0 = “Not relevant/Not present/Don’t know,” 1 = “Not like [child name] at all,” up to 6
= “Very much like [child name].” We replaced “me,” from the original scale, with either Lilo or Kai,
depending on the agent. Furthermore, we calculated the mean of the items per value as recommended
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Table 4. Summary of participant demographics by condition (base BDI, BDI with values, BDI with values and
feedback).

Demographic

Gender
Base man: 32 (50%), woman: 31 (48.4%), non-binary: 1 (1.6%)
Values man: 32 (50%), woman: 30 (46.9%), non-binary: 1 (1.6%), prefer not to say: 1 (1.6%)
Values—feedback man: 38 (58.5%), woman: 26 (40%), prefer not to say: 1 (1.5%)
Age average
Base 37.42 (13.9)
Values 35.69 (12.7)
Values—feedback 34.97 (12.5)
Education level
Base bachelor’s: 29 (45.3%), master's: 29 (45.3%), PhD: 4 (6.2%), community college: 2 (3.1%)
Values bachelor’s: 36 (56.2%), master’s: 22 (34.4%), PhD: 3 (4.7%), community college: 3 (4.7%)
Values—feedback bachelor’s: 33 (50.8%), master's: 21 (32.3%), PhD: 7 (10.8%), community college: 4 (6.2%)
Country
Base South Africa: 23 (35.9%), United States: 19 (29.7%), United Kingdom: 11 (17.2%), others: 11 (17.2%)
Values South Africa: 24 (37.5%), United States: 15 (23.4%), United Kingdom: 8 (12.5%), others: 17 (26.6%)
Values—feedback South Africa: 28 (43.1%), United States: 13 (20%), United Kingdom: 11 (16.9%), others: 13 (19.9%)
Has children
Base yes: 49 (76.6%), no: 14 (21.9%), prefer not to say: 1 (1.6%)
Values yes: 45 (70.3%), no: 19 (29.7%)
Values—feedback yes: 47 (72.3%), no: 18 (27.7%)

Note: All demographic details are available in Appendix B.

Participant's reported values per condition
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Figure 3. Participant’s average ratings of their own values per condition.

by the scale. To come up with a measure that we can use to test the hypothesis, we calculated the abso-
lute difference in ratings for each value per agent, that is, |Valuesk, — Valuesy,| for each participant.
This gave us 10 different scores in values per participant. For additional insights, participants also rated
their confidence in their value ratings on a scale from 0 (not confident at all) to 100 (extremely
confident).

Situational awareness. We measured participants’ understanding of the child’s values in a situation
using the Situation Awareness Global Assessment Technique (SAGAT) (Endsley, 1988; Sanneman &
Shah, 2020). Based on the three levels of situational awareness, we developed four open-ended ques-
tions per virtual child: one on perception (level 1), one on comprehension (level 2), and two on projec-
tion (level 3), which reflects the highest level of situational awareness. Furthermore, we created a
scoring rubric based on how well answers matched the intended child’s story details and whether par-
ticipants linked the child’s values to their decisions. We manually score each answer from 0 to 3. We
then summed the scores across all four questions to compute a final score out of 12 for each partici-
pant, per agent.

Opportunity to align.” We define this as the extent to which participants perceive the virtual child
to provide cues that help them align with the child’s concerns and values. Initially, we examined exist-
ing questionnaires; however, none sufficiently captured this construct. For example, the Working
Alliance Inventory (Horvath & Greenberg, 1989) focuses on collaboration toward goals and the rela-
tionship between clients and health providers, but it does not assess whether a virtual patient facilitates
alignment. We also considered the user-agent alliance construct from the Artificial Social Agent
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Questionnaire (ASAQ) (Fitrianie et al., 2025, 2022), but it too emphasizes goal achievement rather than
opportunities for value alignment. Therefore, we developed a 7-item scale to measure participants’ perceived
opportunity to align with and adjust to the child’s values. Responses were collected using a 7-point scale
ranging from 1 (strongly disagree) to 7 (strongly agree), with intermediate points: 2 (disagree), 3 (somewhat
disagree), 4 (neither agree nor disagree), 5 (somewhat agree), and 6 (agree). One example item is: “I
adjusted my approach to better align with Kai and Lilo’s values.”

Perceived usefulness of the training tool. We developed a 7-item questionnaire inspired by the per-
formance expectancy construct from the UTAUT model (Venkatesh et al.,, 2003), and a prior question-
naire using this construct (Fitrianie et al., 2021). The perceived usefulness questionnaire used the same
7-point scale as the alignment measure and included statements like “The learning tool helps me effect-
ively apply motivational interviewing techniques to align with the virtual child’s values.”

4.2.2. Secondary measures
To further examine the data, we explored the following secondary measures:

Agent believability. We used the five items in the believability construct from the long ASAQ
(Fitrianie et al., 2025, 2022). The scale ranged from —3 (disagree) to +3 (agree), with O representing
“Neither agree nor disagree.” In all items, we referred to the agent as the “virtual child.”

Overall experience. We measured their experience through the short version of the ASAQ, which
has 24 items. Similar to believability, the scale ranged from —3 (disagree) to +3 (agree), with 0 repre-
senting “Neither agree nor disagree.” In all items, we referred to the agent as the “virtual child.”

4.3. System

We developed a web-based training platform for the three conditions. The interface displayed a conver-
sational window on the right and two cheat sheets on the left, summarizing the five-phase model and
MI. For the BDI with values and value-with-feedback conditions, we used the virtual children model
explained in Section 3. For the base BDI condition, we used two virtual children that did not explicitly
model values, which were taken from the original system (Al Owayyed et al., 2024; Grundmann et al.,
2025). These two virtual children were also involved in bullying and featured two different intentions
from each other. The two agents used the same names and age range as the value-based BDI (Lilo and
Kai). Visually, the two conditions without feedback (base BDI and BDI with values) had identical inter-
faces, differing only in the content of the conversation. In the values with feedback condition, the sys-
tem provided real-time (on-demand via a button) and post-interaction feedback explaining the child’s
internal value reasoning and state. Screenshots of the system are in Appendix D.

4.4. Procedure

Participants were invited via Prolific and redirected to a Qualtrics survey. There, they first completed
an informed consent form and a demographics questionnaire, which included a question about their
commitment to providing thoughtful answers in the experiment. After that, they watched two short
training videos: one on the five-phase model and the other on MI, focusing on aligning with the child’s
values. We then randomly assigned participants to one of three conditions. Before starting, participants
received a brief explanation of the interface and how to interact with the system. They were then redir-
ected to our system to interact with the first virtual child, where the order of the two virtual children
(Kai and Lilo) was randomized. Each conversation had a 13-min limit, during which participants were
instructed to continuously interact with the child and restart the conversation if needed. After the time
ran out, the participants were returned to Qualtrics to complete two questionnaires: one on situational
awareness and one on value recognition, followed by a question on their confidence in the recognized
values. Next, participants were redirected to the system for a second 13-min interaction with the other
child, followed again by the same set of questionnaires in Qualtrics. Finally, participants completed the
remaining measures: the perceived usefulness, the opportunity to align, the short ASAQ, and the believ-
ability questionnaires. At the end of the survey, we asked them whether they used a generative Al tool
in this experiment and when, and whether they recommend using their data in the study.
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4.5. Data analysis

To examine the reliability of the situational awareness scoring, a second coder independently scored a
random sample of 19% of all responses. This resulted in a weighted Cohen’s kappa of 0.43, which indi-
cates a moderate level of agreement between raters (Landis & Koch, 1977). We also assessed internal
consistency for the opportunity to align and perceived usefulness measures; the former showed lower
reliability (Cronbach’s o = 0.66), whereas the latter showed high reliability (¢« = 0.92). For all measures
except the child’s recognized values, we calculated the mean score per questionnaire and reverse-coded
the necessary items, following the guidelines of each scale. We then conducted Bayesian t-tests with
uninformative priors to compare the three conditions. For the value recognition measure, we used a
multilevel model with uninformative priors, including random intercepts for participants and both ran-
dom intercepts and slopes by value.

To evaluate the hypotheses, we examined the posterior probabilities and interpreted the strength of
evidence based on the guidelines by Chechile (2020) and Andraszewicz et al. (2015). We also inspected
the 95% highest density intervals (HDIs) for all measures and reported them to provide additional
insight. We conducted the analyses in R (version 4.3.1), using the BayesFactor package (Morey &
Rouder, 2018) for Bayesian f-tests, the brms package (Biirkner, 2017) for multilevel modeling, and the
bayestestR package (Makowski et al., 2019) to calculate HDIs.

4.6. Results

Here, we report the analysis results of the measures. Table 5 presents the means and standard devia-
tions for all measures across conditions, while Table 6 summarizes the analysis results for the primary
and secondary measures. Overall, the results suggest that both the value-integrated and value-with-feed-
back conditions yielded higher outcomes compared to the base condition.

4.6.1. Primary measures

First, we examine the results for each primary measure, corresponding to the stated hypotheses.
Recognized child values (H1): Participants recognized values most in the values-and-feedback con-

dition. Figure 4 shows the average participant ratings per agent for each condition, where the difference

in values across agents is clearer in the two value-based conditions. This is further supported by the

standard deviations of value difference scores in Table 5, which are higher in the two value-based con-

ditions. Statistical analysis indicates some support for increased value recognition in the values-

Table 5. Descriptive statistics (means, standard deviations, and 95% highest density intervals [HDIs]) for each condi-
tion and hypothesis.

Hypothesis Condition Mean (SD) 95% HDI
Recognized child values (H1) Base 1.03 (0.12) [0.94, 1.12]
Values 1.08 (0.23) [0.92, 1.25]
Values and feedback 1.18 (0.24) [1.01, 1.36]
Situational awareness (H2) Base 4.08 (0.62) [3.97, 4.19]
Values 5.38 (1.35) [5.15, 5.62]
Values and feedback 5.51 (1.33) [5.28, 5.74]
Opportunity to align (H3) Base 4.05 (0.51) [3.93, 4.18]
Values 441 (0.54) [4.27, 4.55]
Values and feedback 4.42 (0.59) [4.27, 4.57]
Perceived usefulness (H4) Base 5.82 (0.9) [5.59, 6.04]
Values 5.93 (0.87) [5.71, 6.15]
Values and feedback 6.01 (0.91) [5.78, 6.24]
Believability (explorative) Base 0.94 (1.79) [0.49, 1.39]
Values 1.48 (1.48) [1.11, 1.85]
Values and feedback 1.34 (1.55) [0.95, 1.72]
Overall experience (explorative) Base 0.85 (1.23) [0.54, 1.15]
Values 1.19 (1.09) [0.92, 1.47]

Values and feedback 1.11 (1.09) [0.84, 1.38]
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Table 6. Summary of the Bayesian test results, including posterior probabilities, 95% highest density intervals (HDIs),
and posterior means and standard deviations for the group difference.

Hypothesis Comparison Posterior probability Interpretation Mean [95% HDI] (SD)
H1: Recognized child values V>B 0.69 Not worth betting on 0.06 [—0.14, 0.25] (0.12)
VF>B 0.9 A promising but risky bet 0.16 [-0.04, 0.36] (0.12)
VE>V 0.8 Only a casual bet 0.10 [-0.10, 0.30] (0.12)
H2: Situational awareness V>B >0.99995 Virtually certain 1.29 [1.04, 1.55] (0.13)
VF>B >0.99995 Virtually certain 1.42 [1.16, 1.67] (0.13)
VE>V 0.78 Only a casual bet 0.12 [-0.2, 0.44] (0.16)
H3: Opportunity to align V>B 0.9996 Nearing certainty 0.35 [0.16, 0.52] (0.09)
VF >B 0.9999 Nearing certainty 0.36 [0.17, 0.55] (0.10)
VE>V 0.54 Not worth betting on 0.01 [-0.19, 0.20] (0.10)
H4: Perceived usefulness V>B 0.76 Only a casual bet 0.11 [-0.20, 0.40] (0.15)
VF>B 0.87 Only a casual bet 0.18 [-0.12, 0.5] (0.16)
VE>V 0.69 Not worth betting on 0.08 [-0.23, 0.38] (0.15)
Secondary: believability V>B 0.97 Good bet—too good to disregard 0.53 [—-0.04, 1.08] (0.29)
VF>B 0.9 A promising but risky bet 0.38 [-0.17, 0.99] (0.29)
VE>V 03 Not worth betting on —0.14 [—0.66, 0.37] (0.26)
Secondary: Overall experience V>B 0.95 Good bet—too good to disregard 0.33 [-0.08, 0.72] (0.20)
VF>B 0.89 Only a casual bet 0.25 [-0.14, 0.66] (0.20)
VE>V 033 Not worth betting on —0.08 [—0.46, 0.28] (0.19)

Note: B = base BDI condition; V=BDI and values condition; VF = BDI + values + feedback condition. Ha hypotheses (i.e., H1a, H2a, H3a, H4a)
refer to the comparison V > B, while Hb hypotheses (i.e., H1b, H2b, H3b, H4b) refer to the comparison VF > V. The interpretations are based
on the guidelines by Chechile (2020) and Andraszewicz et al. (2015).

Average Value Dimensions per Condition and Agent

Base model Values model Values and feedback model
g3
E Agent Name
o M Lio
g )
(3] Kai
E
2 & & D $ S
é‘é\ B s N o \>‘\Q\ S, \\0 \Q‘o \‘% @é\ e°° &\ 6\0 \>&\ \\0 &o b\\\o \\% NS e(\o S S Qé\ 0\\6 58 N \\é(\

RS & & @ <z>° Q)@ &8 40\ S S o 0& 6\& <& @@'z’ ) < S R %zc’ o @& «@6 6@"’

NA Y N N2 N N N ¢ N N
e © & S Tt & A &P T EMAENS

Value Dimension

Figure 4. How participants rated the values in each agent (Lilo and Kai), across the three conditions.

integrated condition compared to the base condition (Hla: values-integrated > base; posterior probabil-
ity = 0.69, 95% HDI = [-0.14, 0.25]), and stronger support for the values-and-feedback condition
compared to the values-integrated condition (H1b: values-and-feedback > values-integrated; posterior
probability = 0.80, 95% HDI = [-0.10, 0.30]). The values-and-feedback condition also shows credible
support over the base condition for value recognition (posterior probability = 0.90, 95% HDI =
[—0.04, 0.36]).

Confidence ratings showed a similar pattern: participants reported higher confidence in their ratings
during the value-integrated condition (M =76.7, SD=12.41) and the values-and-feedback condition
(M=76.38, SD=17.64), compared to the base condition (M =72.57, SD=19.41). The posterior proba-
bilities were 0.97 (95% HDI [—0.27, 8.46]) and 0.95 (95% HDI [—0.8, 8.3]), respectively.

Situational awareness (H2): Participants showed higher situational awareness of the child’s values in
the two values-based conditions (values-only: M =5.38, SD=1.35; values and feedback: M=5.1,
SD =1.33) compared to the base condition (M =4.08, SD=0.62). The posterior probabilities provide
further credible support that incorporating values improved situational awareness relative to the base
condition, with the probability interpreted as virtually certain (H2a; Table 6). Additionally, there is
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some support that adding feedback further improved understanding (H2b), with a posterior probability
of 0.78 (95% HDI [—0.2, 0.44]).

Opportunity to align (H3): Ratings of alignment opportunity were highest in the values-and-feed-
back condition (M=4.42, SD=0.59), followed by the values-integrated condition (M=4.41,
SD =0.54), and lowest in the base BDI condition (M =4.05, SD=0.51). We also found this pattern in
the posterior probability. The probability that the values-integrated condition had a higher rated align-
ment opportunity than the base condition was 0.9996 (95% HDI [0.16, 0.52]), indicating credible sup-
port for H3a. Comparing the values-and-feedback condition to the base condition yielded a posterior
probability of 0.9999 (95% HDI [0.17, 0.55]), nearing certainty in favor of the values-and-feedback con-
dition. The posterior probability that the values-and-feedback condition outperformed the values-inte-
grated condition was 0.54 (H3b; 95% HDI [-0.19, 0.20]).

Perceived usefulness (H4): There is some support for H4a and H4b. The values-integrated
(M=5.93, SD=0.87) and values-and-feedback (M =6.01, SD=0.91) conditions had posterior probabil-
ities of 0.76 and 0.87, respectively, of being higher than the base BDI condition (M =5.82, SD=0.9).
Furthermore, the probability that the values-and-feedback condition had higher perceived usefulness
than the values-integrated condition (H4b) was 0.69 (95% HDI [—0.23, 0.38]). Across individual ques-
tionnaire items, the values-integrated and values-with-feedback conditions performed similarly, except
for an item regarding whether the tool offered insights into the child’s reasoning. On this item, the
feedback condition scored higher, as expected, since the feedback explicitly articulated the child’s state
in relation to values (Base-BDI: M = 5.75; Values-integrated: M =5.73; Values-and-feedback: M = 6.06).

4.6.2. Secondary measures
Like the primary constructs, the secondary measures showed general trends favoring modeled values
and feedback.

Believability: Overall, the values-integrated (M =1.48, SD=1.48) and the values-and-feedback
(M=1.34, SD=1.55) conditions were rated higher in believability than the base BDI condition
(M =0.94, SD=1.79). The posterior probability that the value-integrated virtual child was more believ-
able than the base BDI-only child was 0.97, indicating credible support. The values-and-feedback condi-
tion also outperformed the base BDI condition (posterior probability = 0.9). However, the comparison
between the two value-modeled conditions (posterior probability = 0.3) provides no support. Thus,
adding values to the virtual child simulation appears to improve believability.
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Figure 5. Comparison between the three conditions across all ASAQ constructs. The chart was generated using the offi-
cial ASAQ visualization tool.
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gray area indicates the performance range of the 29 agents in the benchmark dataset. The chart was generated using
the official ASAQ visualization tool.

Overall experience with the agent: Figure 5 presents a comparison across all ASAQ constructs for
the three conditions. The two value-based agents were rated higher than the base condition in nearly
all constructs. This is supported by the statistical analysis: the posterior probability that the value-inte-
grated agent outperformed the base condition agent was 0.95, suggesting credible support. The values-
and-feedback agent also outperformed the base condition (posterior probability = 0.89), indicating a
casual bet. However, the difference between the two value-based agents is not supported (posterior
probability = 0.33). To gain a deeper understanding of the experience, we compared our results to
those of the ASAQ Representative Set 2024, which comprises a set of 29 artificial social agents that uti-
lized the same questionnaire (Fitrianie et al., 2025). Figure 6 shows that the two value conditions
exceed 95% of the set, while the base condition exceeds the 75% mark.

5. Discussion and conclusions
5.1. Results discussion

In the experiment, we examined how integrating values (Ha) and related feedback (Hb) into the simu-
lation-based training system could improve value recognition (HI1), situational awareness (H2), oppor-
tunity to align (H3), and perceived usefulness of the tool (H4) in a virtual child for the context of
training new counselors at helplines.

The results indicate that the training system can help trainees recognize (H1) and understand (H2)
the virtual children’s values, which could lead to better alignment with those values. This effect was
stronger when trainees got feedback. Making the values explicit increased explainability and helped
them better understand the virtual child’s motivations. These findings support the need to explicitly
model values in cognitive models, such as BDI, where they can help explain internal states rather than
relying on a black-box model, for example, using a large language model (LLM) in isolation without
specifying an internal states model. Similar results have been observed in human-agent teamwork,
where people showed higher situational awareness when interacting with explainable agents—those that
reveal and explain their beliefs, actions, and decisions (Verhagen et al., 2022).

Generally, participants’ identified values matched with the intended values we modeled in the virtual
children (Lilo: power/achievement; Kai: benevolence/universalism), suggesting that participants noticed
the intended value cues. An exception was self-direction, which was the most frequently identified value
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for Lilo, despite not being explicitly intended. One possible explanation is that Lilo’s desire to hit
the bullies back led participants to perceive Lilo as independent and self-driven. Additionally, the
value of power may have been under-identified. One reason could be that a related questionnaire
item (asking whether “getting rich and expensive stuff” is relevant to Lilo) may not have resonated
with the way we expressed power through Lilo’s actions. This pattern aligns with previous research,
which shows that people can instantiate and interpret abstract values in diverse ways (Belic et al.,
2022; Hanel et al., 2018).

Results also suggest that integrating values improved the opportunity to align (H3) and the perceived
usefulness (H4). Although we did not directly measure learning effects, these results suggest an increase
in users’ motivation to use the system, which could lead to improved learning outcomes (Lin et al,
2017). In e-learning systems, users’ motivation can directly shape how they engage with and accept a
system (Esteban-Millat et al., 2018). According to the technology acceptance model, three key factors
affect people’s motivation to use such systems: perceived usefulness, perceived ease of use, and attitude
toward using them (Davis, 1985; Grani¢ & Maranguni¢, 2019). In our study, we observed an increase
in perceived usefulness. Additionally, the opportunity to align can be linked to the perceived usefulness:
when trainees can easily identify alignment cues with the virtual child’s values, the system becomes
more useful to use. This suggests that adding values, particularly when combined with feedback, could
positively influence trainees’ motivation to use and the actual use of the system.

Beyond the hypotheses, we also explored believability and overall experience. For believability, we
had mixed expectations. While we argued that values might enhance believability, it is also possible
that a child who does not explicitly articulate their decisions with values (i.e., the base BDI virtual
child) may appear equally believable. Results showed credible support that adding values increased
believability. This aligns with the findings of Bogdanovych et al. (2016), who reported that virtual char-
acters aware of their own state and their environment were perceived as more believable. On the other
hand, the posterior probability that adding feedback alongside values (compared to values-only)
improved believability appears to slightly favor the opposite. One possible explanation is that the feed-
back condition made the virtual child’s reasoning overly explicit, articulating thoughts that participants
might expect a child to struggle to express, thereby slightly reducing believability. A similar pattern
emerged in the overall experience measure, where the posterior probability for adding feedback along-
side values (compared to values-only) again slightly favored the opposite. Comparing overall experien-
ces using the short-ASAQ percentile ratings (Figure 6), all three agents scored highly on constructs
related to sociality, such as natural behavior, user-agent alliance, and social presence. This supports the
idea that the agents provided believable and socially engaging interactions, making them potentially
useful for practical applications.

5.2. Limitations and future work

One limitation of this study is that we evaluated the agent’s ability to make children’s values recogniz-
able and to provide opportunities for alignment, rather than assessing whether the training improved
counseling skills, such as the ability to apply MI. Evaluating the impact on counseling skills would
require more than a single session, as traditional MI training can take several days to complete (Naar
& Suarez, 2021). For example, in a non-randomized controlled trial, training counselors in MI at a sui-
cide helpline produced similar outcomes to training on the five-phase model (Janssen et al., 2022). The
study suggested that more extensive MI training could further enhance effectiveness—something we
also expect to be necessary in this setting. Given the lack of existing simulation-based training systems
with explicitly modeled values, this study serves as an initial step in demonstrating the feasibility and
potential benefits of incorporating values into simulated training. For future work, domain experts
could assess whether participants applied MI correctly by examining the conversations they had with
the virtual children—for example, the conversation scripts from participants in Appendix E.

The situational awareness coding achieved moderate agreement (x = 0.43), indicating limitations in
the measure’s validity that should be taken into account when interpreting the findings. Because values
are expressed implicitly through language and behavior, their interpretation is inherently subjective
(Gould et al, 2023; Nazirova & Borbala, 2024), which may contribute to variability in situational
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awareness assessments. Different raters may emphasize different aspects of participants’ reasoning, and
alternative codings could therefore lead to some variability in scores that should be considered when
interpreting the results. Future research could reexamine the rubric, for example, by explicitly distin-
guishing between value identification, value-decision reasoning, and action projection.

Regarding the opportunity to align, internal consistency fell below the commonly used 0.70 threshold
for acceptable reliability (Bland & Altman, 1997; Nunnally & Bernstein, 1994). To examine the robust-
ness of the findings, we removed two items (items 4 and 5; Appendix C), which resulted in acceptable
reliability (o« > 0.70). Analyses using the reduced scale yielded the same findings, indicating the robust-
ness of the results.

Another limitation lies in the rule-based nature of the tool. In this study, we defined an internal
model of values and reasoning, which provides a structured and interpretable foundation. However,
intent recognition occasionally failed to identify the trainee’s intent accurately, which affected the par-
ticipants’ experience. With recent advances in LLMs, we expect that they can improve intent recogni-
tion while maintaining controllability through the BDI-value model (Al Owayyed et al., 2025a).
Additionally, the experiment was limited to two scenarios focusing on four values from Schwartz’s
model, which may limit the generalizability of our findings across all values and scenarios.
Furthermore, we focused on incorporating values into a virtual child representing late childhood/early
adolescence for training purposes. This abstraction provides a simplified representation of child deci-
sion-making that facilitates training, rather than a faithful simulation of age-specific value reasoning.
As such, we did not examine how participants’ interactions may differ based on the perceived age of a
virtual child. Future work could examine whether and how participants’ interactions differ based on
the perceived age of a virtual child.

While this study considered only the virtual child’s values, other stakeholders’ values also influence
training. These include the values of teachers (Fischer & Hanze, 2020; Thomas, 1977), communities
(Halstead & Taylor, 2005), and trainees themselves (Patterson, 1989). The latter is particularly relevant
in cases of value conflict during counseling, where discrepancies between a counselor’s and a client’s
values may arise. Several frameworks and strategies exist for managing such conflicts (e.g., Farnsworth
& Callahan, 2013; Kirschenbaum, 2013), and incorporating them into future training simulations could
help trainees avoid value imposition when interacting with value-based agents. Future research could
explore how these stakeholder values can be represented and balanced within training simulations, for
example, in scenarios involving value conflicts.

5.3. Ethical implications

Including values in training raises ethical considerations that trainees, tool designers, and trainers must
be aware of. In our agents, we illustrated how a child with certain values might behave, for instance, a
child who values power may choose to hit back. However, this does not represent all possible behaviors
associated with those values, which could risk reinforcing stereotypes in training systems (Al Owayyed
et al.,, 2025b). Therefore, training should incorporate a variety of perspectives and virtual child behav-
iors to avoid associating specific values with action. Trainees should also be mindful of the potential
for unethical use of MI to influence behavior, and must adhere to ethical guidelines (Miller & Rollnick,
2012; Naar & Suarez, 2021).

Our training simulation prioritizes internal value tradeoffs from the child’s perspective, without
explicitly making judgments about what is morally right or aligning with societal norms. While, in our
case, avoiding punishment can itself be seen as a kind of moral reasoning, the absence of explicit moral
evaluation may lead to undesirable outcomes. For example, if a child does not value security, they may
still think it is acceptable to hit back, as no conflicting values are guiding them otherwise. This raises
questions about how to handle simulated agents with non-conforming or socially problematic values.
Such agents might have actions that diverge from accepted norms; on the other hand, they could offer
valuable training opportunities by exposing counselors to challenging scenarios. At the same time,
deciding which values are “good” or “bad” involves many intersecting factors that make moral judg-
ment complicated (Graham et al, 2013). Rather than enforcing a strict moral framework within the
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simulation, training could include reflective exercises that help trainees explore how to respond when a
child expresses values they do not share, and facilitate discussions on how to address such situations.

5.4. Conclusion

In conclusion, the findings show that integrating values into a BDI-based conversational agent not only
enhances the believability and value recognition of virtual children but also provides trainees with
clearer cues for alignment. The value-based model we introduced enables the intentional design of
diverse value profiles, allowing for more targeted training to better prepare counselors for value-sensi-
tive conversations.

Notes

1. Where H = Hitting and W = Walking Away.

2. https://osf.io/m7x6h

3. https://data.4tu.nl/datasets/036a49b4-94f4-4c72-93bd-a874a7172cd6

4. https://github.com/alowayyedm/LilobotTraining/tree/values-integrated

5. In the preregistration, this measure was referred to as “ability to align.” We adopted the term “Opportunity to
Align” here to better reflect what it actually measures. The questionnaire items remain the same as those
listed in the preregistration.
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