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Highlights

 Twenty trust signals across five layers are built into one advising chatbot.

 A background-recognition layer carries programme knowledge into every reply.

 Each signal was endorsed by 83.3 to 100 per cent of the users it applied to.

 Six of twenty signals clear the pre-set 0.80 rule; fourteen remain undetermined.

 All users reported trust while signals varied, so endorsement and trust are distinct.

Abstract

Trust-relevant mechanisms in conversational agents have mostly been studied one at a time, and it is rarely asked

whether the cues a designer embeds are noticed by the people they are built for. This study implements a trust-

by-design approach  in a  multimodal  avatar  advising  chatbot  for  international  undergraduates  and measures,

signal by signal, how far the design is endorsed by its users. Twenty trust signals were specified across five layers,

covering  chatbot  identity,  response  quality,  interaction  naturalness,  operational-policy  transparency,  and  a

background-recognition layer that carries what the programme knows about a student into the reply, with each

signal tied to a stated basis, an implementation location, and a survey item. The system pairs retrieval-augmented

generation with an embodied avatar and runs face-to-face, speech and text modes from a single backend. It was

deployed in a business programme and evaluated with thirty-nine respondents. Every one of the twenty signals

was reported by between 83.3 and 100 per cent of the respondents to whom it applied, and the five layers sit

within six percentage points of one another, so endorsement was not concentrated in conspicuous cues at the

expense of the rest. Under a conservative rule requiring the lower bound of a Wilson interval to exceed 0.80, six

signals met the design target; at this sample size the remaining fourteen cannot be resolved in either direction.

Overall trust was reported by every respondent while individual signals varied, so an aggregate trust judgement

cannot show that the parts are working.

Keywords: Trust-by-design; Conversational agents; Embodied avatar; Retrieval-augmented generation; 

International students; Signal endorsement



1. Introduction

1.1 Background

Conversational agents have been applied across a range of functions in higher education, and a scoping review of

66 studies documents both their versatility and the benefits and challenges reported to date (Pereira et al., 2023).

Large language models have since made advising assistants more capable. A recent system combines retrieval

over institutional documents with email-based human-in-the-loop interaction to help students navigate university

policy (Tamascelli  et al.,  2025),  and case studies from universities in North America, Europe, Asia,  and Africa

report chatbots  used for academic advising,  personalized learning,  and administrative support (Kalashi  et  al.,

2025).

Academic advising is a natural target for this kind of support. Student access to advising is unevenly distributed,

and  Soria  (2023)  reported  disparities  in  undergraduates'  access  to  academic  advising  during  the  COVID-19

pandemic. Advisors themselves are under strain, with Soria et al. (2023) documenting burnout among academic

advisors. An always-available assistant does not resolve either condition on its own, but it can extend the hours

and the volume at which routine advising questions are answered.

Whether students use such a system depends on whether they trust it. Trust is a key influence on whether people

rely on automation, particularly where complexity or unanticipated situations make a complete understanding of

the system impractical (Lee and See, 2004). Trust in artificial intelligence rests on both cognitive and emotional

bases, and the form of AI representation is an antecedent of each (Glikson and Woolley, 2020). In education

specifically, Ayanwale and Molefi (2024) reported a direct path from perceived trust to undergraduates' intention

to use a chatbot, while Polyportis and Pahos (2025) placed trust as an antecedent of students' attitude toward a

large language model chatbot.

These considerations are sharpened for international students,  who access university services across language

and institutional boundaries. Language and institutional barriers to service access are documented across settings,

and the difficulties do not necessarily ease with time on campus (Hiratsuka, 2016; Newton et al., 2021; Tajvar et

al., 2024). Section 2.4 returns to this evidence. Conversational AI is already used by this population as an informal

first line of support (Nourian et al., 2026).

Two  technical  developments  make  a  trust-oriented  advising  agent  feasible.  Retrieval-augmented  generation

conditions a model on passages drawn from an external index rather than on parametric memory alone, and

produces more specific, diverse, and factual language (Lewis et al., 2020), and placing retrieval in the loop reduces

hallucination in knowledge-grounded dialogue (Shuster et al., 2021). Agent representation raises social presence:

increasing the anthropomorphic level of an agent's visual representation significantly increased perceived social

presence (Li et al., 2023), and humanoid embodiment with human voice raised social  presence, which in turn

enhanced  trusting  beliefs  (Qiu  and  Benbasat,  2009).  In  practice,  however,  these  mechanisms  are  usually



introduced and evaluated one at a time. It remains unclear whether they can be integrated into a single system by

design, and whether each intended trust signal is actually endorsed by users.

1.2 Research problem and research questions

Prior  work has largely  examined  trust-relevant  mechanisms one at  a  time.  Retrieval  augmentation has been

evaluated for factual grounding (Lewis et al., 2020; Shuster et al., 2021), agent representation for its effect on

social presence (Qiu and Benbasat, 2009; Li et al., 2023; Liew et al., 2017), and chatbot trust for its structure and

predictors (Glikson and Woolley, 2020; Ng and Zhang, 2025). That each mechanism contributes in isolation does

not establish that a system combining them will be trusted as a whole. Two problems follow. The first is whether

such mechanisms can be organized and implemented as a coherent design rather than accumulated ad hoc. The

second is whether each implemented signal is actually endorsed by the user.

The  second  problem  has  a  basis  in  credibility  research.  Prominence-interpretation  theory  holds  that  a  user

evaluates an element only after noticing it, so an element that goes unremarked does not enter the judgement

(Fogg, 2003). Trust seals, though placed deliberately as assurance cues, were frequently overlooked or misread by

users (Kirlappos et  al.,  2012),  and an empirical  test  of  the theory found that  prominence and interpretation

together, rather than either alone, distinguished how users assessed website credibility (George et al., 2016).

These findings come from website credibility rather than from conversational agents, and we import them as a

design principle rather than as established results for agents. They nevertheless motivate measuring endorsement

signal by signal instead of inferring it from an aggregate trust score. Throughout this paper we use endorsement

for  the share of  eligible  respondents  who agreed that  a signal  was present  and had its  intended character.

Endorsement is not equivalent to noticing, and Section 4.1 sets out why.

Advising for international students adds a third problem. Beyond chatbot identity, response quality, interaction

naturalness, and operational-policy transparency, these users may be sensitive to whether a system recognizes

their background, their prior visits, and their situation. Evidence here is thin. Personalization has been associated

with  trust  in  an  agent  in  a  small  study,  where explanations  were  adapted  within  a  session  from the user's

measured trust, workload, and performance (Verhagen et al., 2023), and it has been applied to the design of

motivational messages that adapt between sessions from a patient's symptom trend and initial trust (Tielman et

al., 2019). In both cases the system adapts to a state it has measured during use. We are not aware of work that

specifies recognition of a user's enrolment background, carried across sessions, as a distinct trust layer, or that

measures whether such recognition is endorsed by users.

A prior deployment of the same design approach in a domestic setting reported that subtle cues were noticed less

often than overt ones (Authors, 2026). Whether that pattern recurs in a different cohort has not been tested.

Replication is uncommon in this literature (Hornbæk et al.,  2014; Wilson et al., 2011, 2012, 2013, 2014),  and

Section 2.5 sets out what follows from that.



This study accordingly sets three research questions. RQ1 concerns system construction, RQ2 concerns how far

that construction is endorsed by users, and RQ3 concerns whether that endorsement aligns with overall trust; the

three are examined together.

RQ1. Can a trust-by-design avatar advising chatbot, extended with a background-recognition layer, be designed

and deployed for international university students?

RQ2. To  what  extent  is  each  embedded  trust  signal  endorsed  by  users,  and  does  endorsement  differ

systematically between element-borne and behaviour-borne signals?

RQ3. How does per-signal  endorsement relate to overall  trust,  and how well  are the background-recognition

signals endorsed by users?

RQ2 and RQ3 are addressed through descriptive analysis of an exploratory cross-sectional  survey, and causal

inference among variables is left to future work. The case domain is major introduction and academic advising for

international undergraduate students in a business program.

1.3 Contributions and organization of the paper

This study implements a trust-by-design approach in a multimodal avatar advising chatbot and examines how far

its signals are endorsed by users. It contributes in four respects: an analytical framework, a system architecture,

an empirical case, and a finding on the relation between endorsement and trust.

First, it proposes a trust-by-design framework of twenty trust signals organized into five layers, covering chatbot

identity, response quality, interaction naturalness, operational-policy transparency, and background recognition.

Personalization has been studied where the system adapts to a state it measures during use, but recognition of a

user's enrolment background, carried across sessions and surfaced back to the user, has not been specified or

measured as a distinct trust layer, and this study is the first to do so.

Second,  it  reports  the design and implementation of  a multi-tier  architecture  that  pairs  retrieval-augmented

generation with an embodied avatar, operates face-to-face, speech, and text modalities from a single backend,

and keeps user data on institutional servers rather than external services.

Third,  it  reports  an  empirical  deployment  with  international  undergraduate  students  and provides  per-signal

endorsement  for  every implemented signal.  Because the same design approach and the same measurement

procedure  were  used  in  an  earlier  domestic  deployment  (Authors,  2026),  the  study  also  tests  whether  the

reported  gap  between  overt  and  subtle  cues  recurs  in  a  different  cohort,  which  addresses  the  scarcity  of

replication in this literature.

Fourth,  it  reports  that  per-signal  endorsement  and overall  trust  do not  move together.  Several  signals  were

endorsed by noticeably fewer users than others, while overall trust was reported by every respondent. Endorsing

a designed signal and trusting the system therefore appear to be distinct outcomes, which has consequences for

how trust-oriented systems are evaluated.



The remainder of the paper is  organized as follows.  Section 2 reviews prior work on chatbot trust,  retrieval-

augmented generation, agent representation, and AI for international students. Section 3 describes the system

design and the five-layer, twenty-signal framework. Section 4 describes the survey instrument, the deployment,

and the analysis procedure. Section 5 reports the sample, per-signal endorsement, the layer-level comparison, the

background-recognition layer, and free-text responses. Section 6 discusses the endorsement gap, the relation

between endorsement and trust, limitations, and directions for future work.



2. Related Work

2.1 Trust in AI and chatbots

Trust is generally understood as a willingness to accept vulnerability toward another party on the expectation that

the party will  act in one's interest. Applied to automated systems, Lee and See (2004) treated trust as a key

influence on whether people rely on automation, particularly where complexity or unanticipated situations make

complete understanding impractical,  and argued that the design objective is appropriate reliance rather than

maximal trust.

Research on artificial intelligence has since separated the bases of that judgement. Glikson and Woolley (2020)

distinguished cognitive trust, built on cues such as reliability, tangibility, transparency, and immediacy behaviours,

from emotional trust, and identified the form of AI representation as an antecedent of both. Lukyanenko et al.

(2022) observed that trust-in-AI research remains fragmented without a common conceptual foundation, and

proposed a foundational framework in response.

Chatbot-specific reviews have organized the field empirically. Ng and Zhang (2025) grouped trust predictors into

user-related,  machine-related,  interaction-related,  social,  and contextual  factors,  and mapped trust  outcomes

across affective, relational, behavioural, cognitive, and psychological domains. They also noted that the literature

is dominated by cross-sectional designs and called for longitudinal work on the dynamics of trust. In a qualitative

interview study of chatbot users, Wang et al. (2026) found that human-like cues and perceived reliability both

emerged as themes in users' accounts of trust.

In educational settings the evidence is more specific but also more heterogeneous. Ayanwale and Molefi (2024)

reported a direct path from perceived trust to undergraduates' behavioural intention to use a chatbot, alongside

relative advantage, compatibility, and trialability. Polyportis and Pahos (2025) placed trust as an antecedent of

students'  attitude rather  than of  intention directly,  and Shahzad et  al.  (2024)  modelled  perceived trust  as  a

moderator between awareness and perceived usefulness. Bilquise et al. (2024), surveying 207 students at two

universities,  found that perceived ease of use and social  influence, rather than perceived usefulness or trust,

drove intention to adopt an academic advising chatbot. Trust therefore appears in different positions across these

models, and all of them measure intention rather than sustained use.

Two implications follow for the present study. Because trust rests on both cognitive and affective bases, a trust-

oriented design has to address factual accuracy and the interpersonal qualities of the interface together. And

because  these frameworks describe  trust  as  an  outcome of  cues  that  users  perceive,  a  designed  signal  can

contribute only once it is noticed, which is why this study measures endorsement signal by signal.

2.2 Retrieval-augmented generation and factual grounding

Grounding a model's output in retrievable sources is the standard technical response to unreliable generation.

Lewis et al. (2020) introduced retrieval-augmented generation, which conditions a sequence-to-sequence model



on  passages  drawn  from  an  external  non-parametric  index  rather  than  on  parametric  memory  alone,  and

reported that it produces more specific, diverse, and factual language than a purely parametric baseline. Shuster

et al.  (2021) then showed that placing retrieval  in the loop substantially  reduces hallucination in knowledge-

grounded dialogue while retaining conversational ability.

Subsequent  work  has  tested  the  approach  in  narrower  settings.  Xiong  et  al.  (2024)  benchmarked  retrieval-

augmented generation for medicine, and Béchard and Marquez Ayala (2024) reported reduced hallucination in

structured output  generation for  an enterprise  task.  The available  evidence  is  therefore  domain-bounded.  It

covers dialogue models of that period, medical question answering, and structured enterprise output, and does

not establish a general reduction in hallucination for contemporary instruction-tuned models. For an advising

agent the relevant implication is narrower and safer, namely that answers tied to an institutional corpus are less

likely to be fabricated than answers generated from parametric memory alone.

In the present system, retrieval serves the cognitive basis of trust identified in Section 2.1. It is treated as one

implemented trust signal among others rather than as a sufficient condition for trust.

2.3 Agent representation and social presence

How  an  agent  is  represented  to  the user  affects  how  present  it  feels.  Qiu  and  Benbasat  (2009)  found in  a

laboratory  experiment  that  humanoid  embodiment  together  with  human voice  significantly  raised perceived

social presence, which in turn enhanced trusting beliefs and intention to use the agent as a decision aid. Li et al.

(2023) manipulated the anthropomorphic level of a health care agent's visual representation and found that a

higher level significantly increased perceived social presence; in their path model, social presence and mindless

anthropomorphism predicted trust, while privacy concerns predicted it negatively. Liew et al. (2017) added a non-

interactive talking avatar to an e-commerce site and found that perceived social presence improved relative to

the same site without an avatar.

Three qualifications matter. First, the repeated finding across these studies is that representation raises social

presence, and the effect on trust is mediated rather than direct. Second, the effect is not uniformly positive. In

Liew et al. (2017) the credibility and patronage effects were moderated by gender, and Kim et al. (2024) found

that an affectively expressive virtual agent reduced perceived social  presence and trustworthiness in a group

discussion task, while the agent's task engagement yielded the most preferred configuration. Third, embodiment

is not the only relational lever. Bickmore and Picard (2005) varied relational rather than embodied qualities and

found that an agent using social-emotional and relationship-building dialogue was respected, liked, and trusted

more than an equivalent task-oriented agent over four weeks of use.

Embodiment is therefore adopted in this study as a signal expected to raise social presence, with trust treated as

a downstream and mediated outcome rather than an assumed consequence.

2.4 AI and international students



International students access university services through additional linguistic and institutional filters. Hiratsuka

(2016) described the Japanese language as an organizational barrier to international students' access to campus

services, and Newton et al. (2021), in a qualitative study of 21 students at an Australian university, identified

informational and cultural obstacles alongside opportunities for improved support. Perry et al. (2020) compared

international and domestic students at one university on their awareness, use, and valuation of student services

and found the gap to lie in awareness rather than provision, so that making an existing service known mattered

more than adding another; that is the same distinction between what is provided and what users report back,

which this study measures signal by signal. Tajvar et al. (2024) surveyed 165 international students at a single

Iranian medical university and found that total challenge scores differed significantly by length of study (one-way

ANOVA, p < 0.001), with those enrolled more than three years scoring highest (M = 75.1) and those enrolled

under a year the lowest (M = 47.0, n = 11); the study enrolled only students who had completed their first year, so

it  does  not  contrast  newcomers  with  continuing  students.  These  studies  concern  access  to  services  and

information broadly, and none of them isolates academic advising.

Generative AI has entered this space quickly. Zhu and Yang (2026) examined generative AI as an informational,

emotional,  and social  support  channel  in  international  students'  cross-cultural  adaptation,  and Nourian et  al.

(2026)  reported  in  a  mixed-methods  study  that  international  students  in  the  United  States  already  use

conversational AI as a first-aid resource within a fragmented support ecosystem, while identifying boundaries to

what they will delegate to it. At a broader level, a review of generative AI in language education positions such

tools as a means of narrowing equity gaps through real-time feedback and adaptation to individual learner needs

(Weng and Fu, 2025).

This population therefore combines high need with high sensitivity to whether a system can be relied upon, which

makes it a demanding setting in which to test whether designed trust signals are endorsed by users.

2.5 The need for a trust-by-design approach

The preceding sections describe a literature organized by mechanism. Trust research specifies what trust rests on,

retrieval research addresses factual grounding, work on agent representation addresses social presence, and work

on international students describes the access conditions under which such a system would be used. What is

missing is  a  system that  embeds  these  mechanisms  deliberately,  as  layers  of  a  single  design,  together  with

evidence on whether each embedded signal is endorsed by users.

Two further gaps shape this study. First, personalization has been linked to trust and to engagement in agent

research,  but  the adaptation studied is driven by a state the system measures during use,  whether  within a

session from measured trust, workload, and performance (Verhagen et al., 2023) or between sessions from a

symptom trend (Tielman et al., 2019), and the most direct measurement of trust in the agent comes from a small

study (Verhagen et al., 2023). Recognition of a user's enrolment background, carried across sessions and surfaced

back to the user, has not to our knowledge been specified as a distinct trust layer or measured for whether users

endorse it. Second, replication is rare in this literature. A survey of publications in human-computer interaction



found roughly 3% to be replications (Hornbæk et al., 2014), and the field has repeatedly called for more (Wilson

et al., 2011, 2012, 2013, 2014). A design approach evaluated in one deployment therefore has limited standing

until it is applied again in a different setting.

This study responds to both. It implements a trust-by-design system whose signals are specified layer by layer,

adds a background-recognition layer for which no precedent has been established, measures whether each signal

is endorsed, and does so in a second deployment with a population different from the one in which the approach

was first evaluated.



3. System Design

3.1 Architecture overview

The assistant  is  organized  into  four  tiers,  shown in  Fig.  1.  The first  tier  is  the  browser  client,  a  single-page

application that renders the advising interface, holds the avatar session, and captures speech and text input. The

second tier is an edge proxy that receives the client's chat request and forwards it to the inference host; it holds

no conversation state and stores nothing. The third tier is the inference host, a self-managed server that runs the

retrieval pipeline and the language model. The fourth tier is the institutional server, which authenticates users,

records chat logs, and stores survey responses in the institution's own database.

The separation is deliberate and follows the design intent stated in Section 1. Student identifiers, conversation

logs, and survey records are written only on the institutional tier, so no user data accumulates with an external

service provider. Generation runs on the self-managed inference host rather than a commercial API, which keeps

the model and the corpus under institutional control. The tiers communicate over HTTP only, so a change inside

one tier does not require changes in the others.

3.2 Retrieval pipeline

Answers are grounded in a curated corpus of the program's public information. The corpus holds forty-three

question-and-answer chunks covering the program overview, admission, curriculum, career tracks, and faculty.

Each chunk carries an identifier, a section label, a question, and an answer.

At build time each chunk is embedded with a multilingual embedding model and the vectors are stored with the

chunk text. At query time the user's message is embedded with the same model, the vectors are L2-normalized,

and cosine similarity is computed against the corpus. The three highest-scoring chunks are retrieved, and any hit

scoring below 0.40 is discarded. When no chunk clears the threshold, no source text is injected into the prompt,

and the assistant is instructed to say that it does not have the information rather than to answer from parametric

memory. This threshold is the system's main guard against fabricated answers on off-topic questions, and it is the

implementation behind the retrieval-grounding and limitation-admission signals described in Section 3.4.

Generation  is  performed  by  an  open-weight  instruction-tuned  model  served  locally  on  the  inference  host.

Because  both  retrieval  and  generation  run  on  institution-managed  hardware,  student  questions  are  not

transmitted to an external inference provider.

3.3 Multimodal interface

The advising page is divided into a video interaction area and a conversation area, shown in Fig. 2. The video area

holds the avatar stage, the session start and end control,  the mode switch, and a control that interrupts the

avatar's speech. The conversation area holds the message thread, a set of suggested questions, and an input dock

with a microphone control, a text field, and a send action.



Three interaction modes run from the same backend. In face-to-face mode the student speaks and receives a

spoken reply from the avatar; in speech mode the exchange is voice only; in text mode it is keyboard only. A

student  can  switch  modes  within  a  session.  Because  all  three  modes  pass  through  the  same  retrieval  and

generation  path,  the  factual  content  of  a  reply  does  not  depend  on  the  mode  chosen.  Speech  output  is

normalized before synthesis so that acronyms and program names are pronounced consistently.

3.4 The five-layer, twenty-signal framework

The trust signals implemented in the system are organized into five layers. The first four follow the formulation

used  in  the  earlier  domestic  deployment  (Authors,  2026):  chatbot  identity,  response  quality,  interaction

naturalness, and operational-policy transparency. The fifth layer, background recognition, is introduced here.

Each signal is specified so that three things are tied to one identifier: the reason the signal is expected to matter,

the place in the system where it is implemented, and the survey item that records whether users endorsed it.

Organizing the signals into layers rather than a flat list follows an integrative review of human-AI dialogue which

found that user judgements of a conversational agent converge on a small number of distinguishable levels rather

than a single quality (Marconi et al., 2026), so the grouping used here is not merely an authoring convenience. Fig.

2 shows where the signals surface in the interface. Layer one covers the avatar's likeness to a named instructor,

the display  of  institutional  identity,  and the  explicit  statement  that  the assistant  is  an  AI.  Layer  two covers

retrieval grounding, admission of limitations, tone, and format consistency. Layer three covers response pacing,

guarding against the system transcribing its own speech, user-initiated interruption, avatar lip-sync and gesture,

and mode switching. Layer four covers the privacy consent screen, browsing without an account, greeting form,

visit counting, and speech normalization.

The fifth layer follows from the setting. At sign-up the system collects the student's country and interest track,

and these are available to the assistant when it composes a reply, which supports the background-awareness and

background-tailored  signals.  Visit  days  are  counted  per  account,  and  from  the  second  distinct  visit  day  a

returning-user greeting is shown; first-time visitors see nothing. This layer is treated as new rather than as an

extension of existing personalization work, because prior studies adapt to a state the system measures during

use,  whether  stated  preferences  or  observed  behaviour,  whereas  the  signals  here  depend  on  enrolment

information the user supplied once and never restated.

Grounding  is  stated  at  the  level  of  the  layer,  not  the  individual  signal.  What  the  literature  establishes  is  a

mechanism:  that  an  embodied  representation  raises  social  presence,  that  retrieval  grounding  reduces

unsupported generation, that privacy concern depresses trust. It does not establish that a particular threshold, a

particular  greeting,  or  a particular  button is  the right  way to realize that  mechanism.  Those are engineering

choices made here, and attaching a citation to each of them would misstate what the cited work shows. Table 1

therefore gives the grounding per layer, and Table 2 gives the signals as what they are, the concrete form each

layer takes in this deployment.



The grounding is  transferred, and the transfer should be stated.  The retrieval  evidence comes from pre-LLM

sequence-to-sequence models on open-domain benchmarks, not from an instruction-tuned assistant answering

institutional questions. The calibration guidance comes from supervisory control of safety-critical automation, not

from conversation. The social-presence findings come from a laboratory shopping task and from a video-vignette

study in which participants watched an interaction rather than held one. Each mechanism is used here as a design

principle carried into a new setting, not as a result that has been shown to hold in this setting.

Two things follow from splitting the tables this way. The signals are presented as design decisions, which is what

they are, and the reader can see which parts of the system rest on published mechanisms and which rest on our

judgement. And the fifth layer's empty grounding cell is not a weakness in the table but the statement of the gap:

the signals in L5 depend on information carried between sessions, and we found no prior work that treats that as

a trust signal or measures it. The survey item for each signal is listed in the appendix.



4. Method

4.1 Survey instrument

Perceptions were collected with a questionnaire delivered in the browser as a modal dialogue at the end of a

session. It has four parts. Part I records the respondent's country, intended track, age band, gender, and MBTI

type, the last of these optional. The personality-type field was not used in any analysis reported here. Part II

presents  the  twenty  trust-signal  items,  grouped  under  five  headings  that  correspond  to  the  layers  of  the

framework. Part III presents a single overall-trust item. Part IV presents two open-ended prompts, one asking

what felt most trustworthy and one asking what felt least trustworthy or awkward.

Each of the twenty-one closed items is answered with one of two buttons. There is no midpoint, no "not sure",

and no explicit  non-response option, and the form cannot be submitted until every applicable item has been

answered. The binary format was chosen to keep the response burden low enough that students would complete

the  questionnaire  immediately  after  a  session  rather  than  abandon  it.  The  cost  of  that  choice  is  that  the

instrument cannot register  degree,  so a signal  that  was noticed faintly  and one that  was noticed clearly are

recorded identically. Section 6 returns to this limitation.

The items are worded as first-person statements about the session just completed, and the respondent indicates

agreement. An item therefore records agreement that a signal was present and had its intended character, rather

than an isolated report  of  having  noticed it.  We use endorsement  throughout  for  the proportion  of  eligible

respondents  who agreed,  and it  should be read in that  sense.  Agreement  of  this  kind bundles  noticing with

appraisal:  a respondent who noticed the avatar's speech but judged it poorly synchronised is recorded in the

same way as one who did not attend to it at all. The measure is therefore not a conservative estimate of noticing

and should not be read as one. Agreement can be raised by acquiescence, or by a respondent inferring that a

signal must have been present, and it can be lowered by a respondent who did register the signal but judged it

unfavourably. The two directions do not cancel,  and this instrument cannot separate them. Several items are

moreover worded so that they record appraisal, preference, or effect rather than registration: F4 asks whether

answers felt accurate rather than whether retrieved material was present, F12 asks whether the respondent liked

being able to switch modes, and F14 asks whether browsing without an account made them feel more at ease.

Results for those items are read as endorsement of the feature, not as evidence that the underlying mechanism

was noticed. Of the twenty items, five ask directly whether a signal was present or registered; the remaining

fifteen ask about an appraisal, a preference, or an effect, with one of those fifteen mixing the two. Appendix A

records which is which for every item.

Five items are conditional.  Two concern voice output and are presented only to respondents whose recorded

interaction included the avatar or speech mode; one concerns the avatar's visible behaviour and is presented only

when the avatar mode was recorded; and two concern recognition across visits and are presented only from the

second distinct visit day. Items that are not applicable are not displayed, are not required for submission, and are



stored  as  missing  rather  than  as  a  negative  response.  Because  the  mode  record  is  held  in  the  browser,  a

respondent whose record was empty was treated as eligible for the voice and avatar items, so the eligible group

for those three items may include students who did not use the mode in question. Section 4.3 states how missing

responses are handled, and Section 6 treats the consequences of this fallback.

Item numbering shown on screen is assigned in sequence over the items a given respondent actually sees, so the

same signal may appear under different numbers for different respondents. Signals are therefore identified in this

paper by their framework identifiers rather than by the numbers respondents saw. The full instrument, with the

wording of every item and the option lists, is reproduced as Table A.1 in Appendix A.

4.2 Deployment and participants

The assistant was deployed for an undergraduate business administration programme at a private university in

the Republic of Korea, and was reached over the programme's public web address. Data were collected between

5 and 13 June 2026. A survey entry point had been present in the site footer since 1 June, and responses were

gathered mainly during class sessions in which students were introduced to the assistant and invited to try it.

Participation  was  voluntary  and  no  incentive  was  offered.  Respondents  were  international  undergraduate

students in the programme.

Forty-one questionnaires were submitted. The instrument recorded the time each respondent spent in the form,

and two submissions completed in under sixty seconds were excluded as inattentive. Both fell on 9 June, at forty-

five  and  forty-six  seconds;  the  fastest  retained  response  took  sixty-seven  seconds,  so  the  exclusion  did  not

depend on a marginal judgement. The analysed sample is thirty-nine responses, with a median completion time of

two minutes and thirty-three seconds. No further exclusions were applied.

The study collected feedback on a departmental teaching tool.  The questionnaire asked for no name, contact

detail, or other direct identifier; it recorded country of origin, intended track, age band, year of study, gender, and

an optional personality-type field alongside the closed items. The ethics statement in the back matter sets out the

basis on which the study proceeded without institutional review board review.

Two features of the deployment constrain what the sample can support, and we state them here rather than in

the limitations alone because they bear on how the results in Section 5 should be read.

First, opening the questionnaire required no minimum amount of conversation. There was no turn count, no

elapsed-time condition, and no check that the assistant had been used at all, so a visitor could reach the survey

from the footer  without  having  held a session.  Thirty-nine responses  arrived from thirty-six  distinct  browser

sessions, and the instrument carried no safeguard against a second submission from the same browser.

Second, the presentation of the system changed on 10 June, in the middle of the collection window. The advising

page began to open in avatar mode rather than text mode, the avatar option was marked as recommended, a

short usage guide and a sign-in prompt were added, a survey link was placed directly beneath the conversation,



and an introductory screen was added ahead of the questionnaire. The retrieval settings, the prompt, the avatar

identity, the returning-visitor logic and the survey items themselves were not altered. The change is therefore one

of presentation rather than of the advising system, but it is not inert: making avatar mode the default alters how

many respondents encountered the avatar at all, and the sign-in prompt stated that signing in lets the avatar

greet the student by name. Twenty-two of the retained responses precede 10 June and seventeen follow it, and

no response was recorded on that day, so each response can be assigned to one arrangement without ambiguity.

Section 5 reports the two periods separately where the distinction bears on a result.

4.3 Analysis procedure

The analysis is descriptive. It reports, for each signal, the proportion of respondents who agreed, together with an

interval estimate, and compares those proportions across the layers and across a classification of the signals fixed

in advance. No causal relation among variables is estimated, and no model is fitted.

Endorsement is defined as the number of agreements divided by the number of respondents to whom the item

was presented. Items that were not applicable to a respondent are excluded from that item's denominator rather

than counted as disagreement. Applying a uniform denominator of thirty-nine would treat a question a student

never saw as a signal they did not endorse, which would understate the conditional signals for a reason that has

nothing to do with perception. The denominator is therefore thirty-nine for fifteen signals, thirty-seven for two,

thirty-six for one, and six for two.

Interval estimates use the Wilson score method at the ninety-five per cent level. With thirty-nine respondents and

proportions near the upper end of the scale, the normal approximation produces intervals that are too narrow

and can extend above one; the Wilson interval is bounded and behaves properly for small samples and extreme

proportions, which is the situation here for most signals. Intervals on the two signals with six eligible respondents

are correspondingly wide, and we do not interpret those two point estimates as if  they were comparable in

precision to the rest.

Reporting an interval rather than a test follows the position that a study of this size is better used to estimate a

quantity than to decide a hypothesis about it (Anderson and Maxwell, 2016), and that a claim about whether a

proportion sits above or below a stated bound is properly settled by where the interval falls rather than by a

rejected null (Lakens et al., 2018).

The design set a target that each signal should be endorsed by at least eighty per cent of the users to whom it

applied. A signal is counted as having met that target only when the lower bound of its interval lies above 0.80.

Requiring the whole interval  to clear the threshold, rather than the point estimate alone, is the conservative

reading  and  is  fixed  here  before  the  results  are  presented.  Layer  values  are  reported  as  the  mean  of  the

endorsement of the signals belonging to that layer, so each signal contributes equally regardless of how many

respondents answered it.



To examine whether endorsement differs between signals that are carried by a discrete interface element and

signals that are carried by a property of the system's behaviour, the twenty signals were assigned to two groups

before the endorsement values were examined. A signal is classed as element-borne when it is delivered by a

distinct thing the user can read or act on: a label, a screen, a control, a message. A signal is classed as behaviour-

borne when it  has no dedicated element and is instead a quality distributed across the interaction,  typically

apparent only when it degrades. The assignment yields ten signals in each group and is listed in the appendix. This

distinction is  the one the earlier  deployment used to account  for  its  results  (Authors,  2026),  and fixing it  in

advance  is  what  allows  the  present  study  to  test  that  account  rather  than  restate  it.  Because  thirty-nine

respondents provide little power to detect a difference between two groups of proportions, the comparison is

presented as two sets of estimates with their intervals and is not accompanied by a significance test; the intervals

are reported so that the reader can see directly how far they overlap.

The overall-trust item is reported with the same caution. A single closed item invites a ceiling, and where more

than fifteen per cent of respondents select the highest available option the instrument is generally taken to have

lost the resolution needed to relate that measure to anything else (Terwee et al., 2007). Section 5.4 reports where

this study stands against that criterion.

One subgroup analysis follows from Section 4.2. Signals are reported separately for the periods before and after

the presentation change of 10 June, since the design changed mid-collection. The two periods are small, and the

split is presented to qualify the pooled values rather than to support a claim of difference.



5. Results

5.1 Sample

Thirty-nine retained submissions were analysed; the instrument did not verify unique participants, and the thirty-

nine submissions arrived from thirty-six distinct browser sessions. Nationality was self-reported and was not an

inclusion  criterion:  the  questionnaire  was  open  to  users  of  the  programme's  site,  and  thirty-six  gave  their

nationality as Nepal, two as Korea, and one as India, so the sample is dominated by a single national group and

should  not  be  read  as  representative  of  international  students  generally.  Thirty  respondents  intended  the

business track, seven the artificial-intelligence track, and two were undecided. Twenty-two were aged between

eighteen and twenty-one and fifteen between twenty-two and twenty-five, with one respondent in each of the

two older bands. Twenty-one were men and eighteen were women. Completion took a median of two minutes

and thirty-three seconds and a mean of two minutes and fifty-six seconds, with the shortest retained response at

sixty-seven seconds and the longest at just under six minutes.

Twenty-three of the thirty-nine reached the questionnaire without a recorded interaction mode, which as Section

4.1 notes made them eligible for the voice and avatar items by default.

5.2 Per-signal endorsement

Endorsement was high across the twenty signals and varied within a narrow band. The lowest value was 83.3 per

cent, for the avatar's lip movements and gestures, and the highest was 100 per cent, for the two conditional

signals answered by six respondents each. Fourteen of the twenty signals fell between 83 and 95 per cent. Overall

trust was reported by every respondent. Table 3 reports the endorsement of each signal with its Wilson interval,

and Fig. 3 plots those values against the two reference levels.

Applying  the decision  rule  fixed in Section  4.3,  six  of  the twenty  signals  met  the design target:  institutional

identity, warm tone,  format consistency,  latency pacing,  guest  browsing, and natural greeting.  The remaining

fourteen did not, and for every one of them the point estimate lies above 0.80 while the lower bound of the

interval does not. This is a statement about the precision available from thirty-nine respondents rather than a

finding that those signals failed. With this sample size an interval on a proportion near 0.90 is roughly twenty

points wide, so a signal would have to be endorsed by almost every eligible respondent to clear the threshold on

the conservative rule. The two conditional signals answered by six respondents illustrate the point in its extreme

form: both were endorsed by every eligible respondent, and both have intervals running from 61 per cent to 100

per cent, so neither can be said to have met the target.

5.3 Element-borne and behaviour-borne signals

The classification fixed in Section 4.3 divides the twenty signals into ten carried by a discrete interface element

and ten carried by a property of the system's behaviour. Element-borne signals were endorsed by a mean of 93.6

per  cent  of  eligible  respondents  and  behaviour-borne  signals  a  mean  of  89.7  per  cent,  a  difference  of  3.9



percentage points in the expected direction. Pooling responses within each group gives 92.3 per cent for element-

borne signals, with an interval from 88.9 to 94.7, and 89.8 per cent for behaviour-borne signals, with an interval

from  86.4  to  92.5.  These  intervals  overlap  substantially,  and  the  difference  between  the  groups  cannot  be

distinguished from sampling variation at this sample size.

One pattern is nevertheless consistent. The three signals with the lowest endorsement are all behaviour-borne:

the avatar's lip-sync and gestures at 83.3 per cent, the echo guard at 83.8 per cent, and background-tailored

replies at 84.6 per cent. Three further signals tie at 87.2 per cent, two of them behaviour-borne and one element-

borne.  No  element-borne  signal  falls  below  87.2  per  cent.  The  ordering  therefore  reproduces  the  direction

reported in the earlier domestic deployment (Authors, 2026), where cues distributed across the interaction were

endorsed  less  often  than  cues  presented  as  explicit  labels;  because  that  study  used  the  same  agreement

instrument,  its  result  is  restated  here in  the same terms.  The magnitude  is  much smaller.  The earlier  study

reported  a  gap  of  27.5  percentage  points  between  its  highest  and  lowest  layers  (Authors,  2026);  the

corresponding  spread  here  is  6.0  points,  between  the  operational-policy  layer  at  94.2  per  cent  and  the

interaction-naturalness  layer  at  88.3  per  cent.  We  treat  this  as  a  directional  replication  with  substantial

attenuation, not as a confirmation of the earlier effect size.

5.4 Layers and overall trust

Layer  means  were 91.5  per  cent  for  chatbot  identity,  92.9  per  cent  for  response  quality,  88.3  per  cent  for

interaction  naturalness,  94.2 per  cent  for  operational-policy  transparency,  and 91.5 per  cent  for  background

recognition;  Fig.  4  shows the layer  means.  The layers  are  therefore  close  together,  and the ordering places

interaction naturalness last. Layer means do not track the share of behaviour-borne signals, however: response

quality has the highest such share, three of four, yet stands second.

Overall trust was reported by all thirty-nine respondents. This ceiling has a direct methodological consequence:

with  no variance  in  the outcome,  the  relation  between  per-signal  endorsement  and overall  trust  cannot  be

estimated in this sample, and the question posed in RQ3 cannot be answered as a covariation. What can be said is

descriptive and, in its way, more pointed. Every respondent reported trusting the assistant, while fourteen of the

twenty signals did not meet the design target and three signals were endorsed by fewer than eighty-five per cent

of those they applied to. Endorsing the individual designed signals and arriving at a favourable overall judgement

therefore came apart in this deployment. A system can be trusted overall while a substantial share of the specific

mechanisms intended to earn that trust go unremarked.

5.5 The background-recognition layer

The fifth layer is realized at two levels, and they are worth separating because the survey items speak mainly to

the first. At the level of the programme, the retrieval corpus is written for this student population: of its forty-

three chunks, nine address international  students explicitly,  covering English-medium instruction, the regional

career advantage,  and the practical  concerns of studying in Korea.  Any student who asks about  those topics



receives an answer composed for someone in their situation, whether or not they hold an account. At the level of

the individual, the country and interest track recorded at sign-up are available to the assistant when it composes

a reply, and the returning-visitor greeting appears from the second distinct visit day.

Measured endorsement was 89.7 per cent for background awareness and 84.6 per cent for background-tailored

replies. Background awareness falls inside the range of the other thirteen non-conditional signals,  which runs

from 87.2 to 97.4 per cent, while background-tailored replies at 84.6 per cent sit below all of them and are the

lowest of the non-conditional signals. Neither clears the design target on the conservative rule. The returning-user

greeting was endorsed by all six eligible respondents, with the wide interval that six observations imply.

These two items ask whether the assistant seemed aware of the respondent's background and whether answers

felt directed at someone like them. Both are satisfied by programme-level composition as much as by account-

level personalization, so the values above should be read as evidence about the layer as a whole rather than

about the account-level mechanism in particular. Section 6.4 returns to what would be needed to separate the

two.

5.6 The presentation change of 10 June

Twenty-two  responses  precede  the  presentation  change  and  seventeen  follow  it.  Most  signals  move  little

between the two periods. Three move downward, two of them by more than fifteen percentage points: smooth

mode transition from 95.5 to 76.5 per cent and the privacy consent screen from 100 to 82.4 per cent; the natural

greeting falls by 11.8 points, from 100 to 88.2 per cent. None of these three interface elements was itself altered

on 10 June.

A plausible reading is that the change altered which parts of the interface respondents encountered rather than

how those parts behaved. Opening the advising page in avatar mode rather than text mode, and marking avatar

as recommended, makes it less likely that a respondent will have exercised the mode switch, which is what the

mode-transition  item  asks  about.  The  added  in-conversation  survey  link  also  shortens  the  path  from  the

conversation to the questionnaire,  so respondents  in the later  period may have reached the survey without

passing through the sign-up and entry screens that carry the consent notice and the greeting. Both readings are

post hoc,  the subgroups are small,  and the intervals  are wide; we report the differences because the design

changed mid-collection and it would be misleading to present only pooled values, not because the comparison

identifies an effect.

5.7 Free-text responses

Fifteen respondents wrote something in the positive prompt and fourteen in the negative prompt. Many entries

are brief acknowledgements rather than descriptions, and several of the negative entries state that nothing felt

untrustworthy, so the material supports illustration rather than analysis.



Among the substantive positive entries, respondents most often named the clarity and usefulness of the answers,

and two named the assistant's handling of what it did not know. One wrote that the system provides many kinds

of information and that when the assistant does not know something it will guide the user, which describes the

limitation-admission signal as intended. Among the substantive negative entries, response latency was named

twice. Two entries describe the boundary of the corpus from the user's side: one respondent reported that when

a question fell outside what the assistant knew it did not give a direct answer, and another that responses were

sometimes  repetitive  or  lacked  specific  detail.  One  entry  noted  that  the  voice  was  somewhat  loud.  These

correspond to the retrieval threshold behaviour described in Section 3.2 and to the pacing and speech-output

signals, and they indicate that the same mechanism can be experienced as honesty by one respondent and as

evasion by another.



6. Discussion and Conclusion

6.1 What the results show

Two commitments shape how the results below are read. Each signal is weighted equally within its layer and each

layer equally within the design, so no cue is treated as more diagnostic than another before the data are seen;

equal weighting is a defensible default when the relative importance of predictors is not established in advance,

and often outperforms weights fitted on small samples (Dawes, 1979). And the endorsement values are reported

signal by signal rather than as a single index, because an aggregate would conceal the variation that Section 6.3

turns on.

The  three  research  questions  can  now  be  addressed.  RQ1  asked  whether  a  trust-by-design  avatar  advising

assistant,  extended  with  a  background-recognition  layer,  could  be  designed  and  deployed  for  international

university  students.  Section  3 reports  such a  system:  four  tiers  with  retrieval  and  generation  on institution-

managed hardware, three interaction modes over one backend, and twenty signals specified layer by layer with

their implementation locations. The system ran with real students over a nine-day window and produced the

records analysed here. In that sense RQ1 is answered affirmatively, with the qualification that construction is not

the same as demonstrated effectiveness.

RQ2 asked how far each signal was endorsed by users and whether endorsement differs systematically between

signals  presented as  discrete  elements  and  signals  carried by system behaviour.  Endorsement  was  high  and

narrowly  spread,  between  83.3  and  100  per  cent.  Six  of  twenty  signals  met  the  design  target  under  the

conservative rule fixed in advance, and the failure of the remaining fourteen to meet it is largely a matter of

interval width at this sample size rather than of low endorsement. On the second part, the difference between

element-borne and behaviour-borne signals runs in the expected direction at 3.9 percentage points, the three

least-endorsed signals are all behaviour-borne with three further signals tied at 87.2 per cent, and the confidence

intervals  for  the  two  groups  overlap.  The  pattern  reported  in  the  earlier  deployment  (Authors,  2026)  is

reproduced in direction and strongly attenuated in size.

RQ3 asked how per-signal endorsement relates to overall trust and how far the background-recognition signals

were endorsed.  The  background  signals  were endorsed  by  89.7  and  84.6  per  cent  of  respondents,  and the

returning-visitor greeting was endorsed by all six who were eligible for it, so the layer performed in the same band

as the four it was added to. The first part cannot be answered as framed: overall trust was reported by every

respondent, and with no variance in the outcome no covariation is estimable. What can be said is that the two did

not move together, which Section 6.3 takes up.

6.2 Implementation and endorsement

Two questions organize this study, and the results answer both directly. The first is whether the trust literature

can be turned into a system rather than left as a set of separate findings. Twenty signals were specified across five



layers, each with a stated basis at the layer level and a named implementation location, and all twenty were built

and deployed. Section 3.4 lists them, and the appendix carries the survey item that measures each. The count is

the contribution here:  not  one  mechanism  evaluated  in  isolation,  but  twenty  carried simultaneously  by  one

running system with real students.

The second is whether those signals were endorsed by the people they were built for. They were, and evenly.

Every signal was reported by between 83.3 and 100 per cent of the respondents to whom it applied, the five

layers sit between 88.3 and 94.2 per cent, and no signal fell into the range where a designer would conclude that

the  implementation  had  failed  to  surface.  For  a  system  carrying  twenty  simultaneous  signals,  that  is  the

substantive result: the design did not have to trade one signal against another to be endorsed.

The endorsement values are nevertheless tighter than they look. Under the rule fixed in Section 4.3, six of twenty

signals clear the 0.80 design target, for the reason of interval width given in Section 5.2. A study of this size can

establish that endorsement is high and even; it cannot certify individual signals against a threshold. That is a

statement about precision, and the remedy is sample size rather than redesign.

6.3 Endorsement and trust are distinct outcomes

Overall trust was reported by every respondent, while fourteen of twenty signals did not clear the design target

and the least-endorsed signal was not endorsed by roughly one respondent in six. The two measures therefore

did not move together: the global judgement was uniform while agreement about the specific parts built to earn

it was not.

Two readings are available and this study cannot separate them. Trust may rest on a small number of signals

endorsed by nearly everyone, with the response-quality signals among the candidates, since two of the six that

cleared the target belong to that layer, as do two from the operating-policy layer. Alternatively a single binary

item  asked  immediately  after  a  session  may  measure  something  closer  to  satisfaction  with  a  system  just

introduced in class, in which case its ceiling reflects the setting rather than the design. What follows for practice

holds under either  reading:  an aggregate trust  score is not  evidence that the individual  designed signals  are

working, and the two should be reported separately, as they are here.

A third possibility bears on both readings. Agreement-format items draw more agreement from respondents in

cultures  scoring  higher  on  collectivism  and  power  distance,  and  administering  the  instrument  in  a  second

language moves responses in the same direction (Harzing, 2006). The present sample is drawn almost entirely

from one such setting and answered in English, so the uniformity of the overall-trust item cannot be attributed to

the design alone.

6.4 Limitations

The sample is small and narrow. Thirty-nine respondents give the interval width noted in Section 5.2, which is why

most signals cannot be resolved against the 0.80 target in either direction. Thirty-six of the thirty-nine gave the



same nationality, so the results describe one cohort in one programme and not international students in general.

Participation was voluntary and took place around class sessions, which favours students already disposed toward

the system.

The instrument has three specific weaknesses. It records agreement rather than perception, as Section 4.1 sets

out,  so  a  signal  that  was  noticed  but  judged  unfavourably  is  recorded  in  the  same  way  as  one  that  went

unnoticed.  It  is  binary,  so  it  cannot  register  degree and cannot  distinguish  a signal  noticed  faintly  from one

noticed  clearly.  And  its  single  overall-trust  item  was  at  ceiling,  which  removed  the  outcome  variance  RQ3

required.

The  deployment  constrains  inference  further.  Opening  the  questionnaire  required  no  minimum  amount  of

conversation, so some respondents may have answered about a system they had barely used; the instrument

carried no safeguard against a second submission from the same browser, and thirty-nine responses arrived from

thirty-six browser sessions.  The eligibility  record for the voice and avatar  items was held in the browser and

defaulted to eligible when absent, so twenty-three of the respondents counted in the denominators of three

signals have no recorded use of the mode in question. A complete-case check restricted each of those three

signals to respondents with a recorded use of the relevant mode. Endorsement moved in both directions: from

83.8 to 78.6 per cent for the echo guard, from 83.3 to 84.6 for lip-sync and gesture, and from 89.2 to 100 for

pronunciation  normalization.  No  signal  changed  its  status  against  the  design  target  under  either  rule.  The

complete-case denominators are thirteen or fourteen, so those intervals are wider than the ones reported in

Section 5.2; the check bounds the fallback rule rather than replacing it. The presentation of the system changed

mid-collection, and while retrieval, prompt and avatar configuration were untouched, the default mode and the

route into the survey were not.

A further constraint follows from the design itself. Browsing without an account is one of the twenty signals (F14)

and was endorsed by 94.9 per cent of respondents, among the six that met the design target. The deployment

accordingly did not require sign-in, and six of the thirty-nine respondents held an account when they answered.

For the remaining thirty-three the account-level mechanism of the background-recognition layer, which carries

the country and interest track recorded at sign-up into the reply,  was not active,  while the programme-level

mechanism described in Section 5.5 was: nine of the forty-three retrieval chunks are written for international

students and are returned irrespective of account state. The two background items were therefore answered by a

majority for  whom only  one of  the two mechanisms could  have operated.  Those responses  are reported as

recorded, and no attribution to either mechanism is made here; Section 6.5 sets out the logging that would allow

the two to be separated.

The interface carries a constraint of the same kind. Mode switching is signal F12 and was endorsed by 87.2 per

cent, short of the design target. The three modes share one retrieval and generation path, so the factual content

of a reply does not depend on the mode chosen, but they do not share conversational state: a student who moves

from face-to-face to speech or text begins the new mode without the exchange that preceded it. This was the



limit of what the implementation reached at the time of deployment rather than a property of the design, and it

is recorded here as a technical limitation and carried into Section 6.5 as a development task.

The narrowness of the sample cuts in two directions. A cohort drawn almost entirely from Nepal is a poor basis

for claims about international students generally. It is also, however, a population that this literature has hardly

reached:  samples  in  behavioural  science,  and  in  human-computer  interaction  specifically,  are  drawn

overwhelmingly from Western, educated, industrialized, rich and democratic settings, and generalizations built on

them have repeatedly failed to hold elsewhere (Henrich et al., 2010; Linxen et al., 2021). The one comparison that

speaks to this cohort directly found that Nepali and British respondents differed in what drove their adoption of a

generative assistant, with the same technology-acceptance constructs carrying different weight in each country

(Budhathoki et al., 2024), which is the kind of divergence a single-country sample cannot reveal. What is reported

here is therefore narrow in the ordinary sense and unusual in its constituency, and the two should be stated

together rather than one standing in for the other. Following the recommendation that empirical papers state the

participants, materials and contexts to which a result is intended to apply (Simons et al., 2017), the findings are

offered as applying to South and East Asian undergraduates using an advising assistant in a second language, in a

programme whose retrieval corpus was written for them.

Finally, the study is descriptive throughout. No causal claim is made about the effect of any signal on trust, and

the layer  structure  is  a  design  scheme rather  than a  validated  measurement  model;  no  factor  analysis  was

performed and none is warranted at this sample size.

6.5 Future work

The clearest next step is sample size. A deployment of two to three hundred respondents would narrow those

intervals  enough  to  certify  individual  signals  and to  test  the element-borne and behaviour-borne difference,

which is 3.9 percentage points here and would need a sample several times larger to detect reliably.

The instrument should also be strengthened. Items should be paired with a graded response so that degree is

recoverable, with a subset reverse-coded so that undifferentiated responding can be detected directly. Overall

trust should be measured with a multi-item scale  rather  than a single binary item, which would  restore the

outcome variance this study lacked.

For the background-recognition layer specifically, the programme-level and account-level mechanisms described

in Section 5.5 should be separated by design. Requiring sign-in, or logging per session whether account context

was actually transmitted, would allow endorsement to be reported for each mechanism rather than for the layer

as a whole. The same logging would benefit the conditional signals, whose eligibility here was inferred from a

browser-held record.

Continuity across modes should also be closed. Carrying conversational state through a mode switch, so that a

student  who moves  from face-to-face  to  text  resumes rather  than restarts,  would  remove  the discontinuity

recorded in Section 6.4 and is a precondition for asking whether the choice of mode itself affects endorsement.



Separating the two mechanisms would also let the background-recognition layer be compared with work that

manipulates who the agent appears to be rather than what it knows, where avatar identity has been shown to

shift  epistemic  trust  and  the  uptake  of  an  agent's  answers  (Anthis  and  Kyriakidou-Zacharoudiou,  2026).

Endorsement measured per signal and trust manipulated by identity are complementary handles on the same

question, and a design that carried both would say more than either alone.

Beyond measurement, the replication should be extended. The direction of the element-borne and behaviour-

borne difference has now been observed in two deployments with different cohorts, languages, and domains,

while the magnitude differed substantially, and a third deployment powered for a difference of a few percentage

points would establish which magnitude is the stable one.

6.6 Conclusion

This study set out to do two things and reports on both. It turned a literature organized by separate mechanisms

into a  single  working system:  twenty  trust  signals  across  five  layers,  each with  a  stated basis  and a named

implementation location, extended with a background-recognition layer that carries what the programme knows

about a student into the reply. And it measured, signal by signal, whether what was built was endorsed by the

people it was built for.

It did. Every one of the twenty signals was reported by between 83.3 and 100 per cent of the respondents to

whom it  applied,  and the five layers  sit  within  six  percentage  points  of  one another.  Endorsement  was  not

concentrated in the conspicuous signals at the expense of the rest, which is the outcome a layered design is

meant to produce and the one that had not previously been demonstrated for a system carrying this many signals

at once.

Two qualifications travel with that result. Thirty-nine respondents give intervals wide enough that only six signals

can be certified against the 0.80 design target, so the finding is that endorsement is high and even, not that each

signal individually meets a standard. And overall trust was reported by every respondent while individual signals

varied, so the aggregate judgement cannot be used as evidence that the parts are working. Reporting the two

separately, as this paper does, is what allows either to be read honestly.



Table 1. Grounding of each layer.

Layer What the layer concerns Grounding

L1 Chatbot identity Who the student is talking to, and whether 
that is disclosed

An embodied humanoid representation 
raises social presence, which in turn raises 
trusting beliefs (Qiu and Benbasat, 2009; Li 
et al., 2023)

L2 Response quality Whether answers are grounded in 
institutional sources and bounded when 
they are not

Conditioning generation on retrieved 
documents yields more factual output and 
less hallucination (Lewis et al., 2020; 
Shuster et al., 2021). Conveying the limits 
of an automated system's competence 
supports appropriately calibrated rather 
than maximal trust (Lee and See, 2004)

L3 Interaction naturalness Whether the exchange behaves like a 
conversation

Raising the level of animation, from no 
image to a static portrait to an animated 
avatar, raises perceived social presence (Li 
et al., 2023)

L4 Operational-policy transparency What the system does with the student's 
data and access

Privacy concern is a negative determinant 
of trust in a conversational agent (Li et al., 
2023). Relational dialogue behaviour 
sustains a user-agent relationship over 
repeated sessions (Bickmore and Picard, 
2005). Trust predicts behavioural intention 
toward educational AI (Ayanwale and 
Molefi, 2024)

L5 Background recognition Whether the system carries what it knows 
about the student across sessions

No established precedent. Prior 
personalization adapts to a state the 
system measures during use (Tielman et al.,
2019; Verhagen et al., 2023)

Table 2. The twenty signals and where each is implemented.

ID Layer Signal Implemented as

F1 L1 Full digital twin Photo-based avatar session 
rendered in the video stage

F2 L1 Institutional identity Program identity shown in the 
top bar and page framing

F3 L1 AI disclosure System prompt and interface 
state that the assistant is an AI

F4 L2 Retrieval grounding Top-3 chunks above cosine 0.40
injected into the prompt

F5 L2 Limitation admission Below threshold, no source is 
injected and the assistant says 
it lacks the information

F6 L2 Warm tone Tone specified in the system 
prompt

F7 L2 Format consistency Fixed answer structure in the 
system prompt

F8 L3 Latency pacing Streamed response delivery

F9 L3 Multi-layer echo guard Speech capture suppressed 
while the avatar is speaking

F10 L3 Speech interrupt control Control that stops avatar 
speech mid-utterance



F11 L3 Avatar lip-sync and gesture Avatar video with synchronized 
speech

F12 L3 Smooth mode transition Face-to-face, speech and text 
modes over one backend

F13 L4 Privacy consent UI Consent presented at sign-up

F14 L4 Guest browsing Program pages usable without 
an account

F15 L4 Natural greeting Greeting phrasing on entry

F16 L4 Visit-count tracking Distinct visit days counted per 
account

F17 L4 TTS pronunciation 
normalization

Text normalized before speech 
synthesis

F18 L5 Background awareness Country and interest track from
sign-up available when 
composing a reply

F19 L5 Background-tailored reply Reply adapted to the stored 
background

F20 L5 Returning-user recognition Greeting shown from the 
second distinct visit day



Table 3. Per-signal endorsement with Wilson 95% confidence intervals (N = 39).

Layer means and the layer gap are computed on unrounded proportions.

ID Layer Signal Class Endorsement 
%

95% CI n Target

F1 L1 Full digital twin behaviour 87.2 [73.3, 94.4] 39

F2 L1 Institutional 
identity

element 97.4 [86.8, 99.5] 39 yes

F3 L1 AI disclosure element 89.7 [76.4, 95.9] 39

F4 L2 Retrieval 
grounding

behaviour 87.2 [73.3, 94.4] 39

F5 L2 Limitation 
admission

element 89.7 [76.4, 95.9] 39

F6 L2 Warm tone behaviour 97.4 [86.8, 99.5] 39 yes

F7 L2 Format 
consistency

behaviour 97.4 [86.8, 99.5] 39 yes

F8 L3 Latency pacing behaviour 97.4 [86.8, 99.5] 39 yes

F9 L3 Multi-layer 
echo guard

behaviour 83.8 [68.9, 92.3] 37

F10 L3 Speech 
interrupt 
control

element 89.7 [76.4, 95.9] 39

F11 L3 Avatar lip-sync 
and gesture

behaviour 83.3 [68.1, 92.1] 36

F12 L3 Smooth mode 
transition

element 87.2 [73.3, 94.4] 39

F13 L4 Privacy 
consent UI

element 92.3 [79.7, 97.3] 39

F14 L4 Guest 
browsing

element 94.9 [83.1, 98.6] 39 yes

F15 L4 Natural 
greeting

element 94.9 [83.1, 98.6] 39 yes

F16 L4 Visit-count 
tracking

element 100.0 [61.0, 100.0] 6

F17 L4 TTS 
pronunciation 
norm.

behaviour 89.2 [75.3, 95.7] 37

F18 L5 Background 
awareness

behaviour 89.7 [76.4, 95.9] 39

F19 L5 Background-
tailored reply

behaviour 84.6 [70.3, 92.8] 39

F20 L5 Returning-user
recognition

element 100.0 [61.0, 100.0] 6

F21 - Overall trust - 100.0 [91.0, 100.0] 39

Target = the lower bound of the Wilson interval lies above 0.80 (decision rule fixed in Section 4.3). Class: element = element-borne, behaviour 

= behaviour-borne.



Appendix A. Full survey instrument

Each closed item was answered with one of two buttons (Agree / Disagree); there was no midpoint and no explicit non-response 

option. Part I recorded country, intended track, age band, gender, and MBTI type (the last optional) and is not reproduced here. The 

university name in item F2 is masked for anonymized review and was shown to respondents in full. The Records column states what 

each item asks the respondent to confirm: the presence or registration of the signal, or an appraisal, a preference, or an effect. Five 

items are of the first kind.

Table A.1. Full survey instrument.

Survey item (as presented) ID Records

Talking with this assistant felt like talking to 
the program's real avatar host.

F1 Appraisal

This assistant felt like an official tool of 
[university name].

F2 Appraisal

The assistant made it clear that it is an AI, not 
a real person.

F3 Presence

The assistant's answers felt accurate and fact-
based.

F4 Appraisal

When it did not know something, the assistant
honestly said so or suggested contacting the 
program staff.

F5 Presence

The assistant's tone felt warm and friendly. F6 Appraisal

The assistant's answers were consistent and 
professional in style.

F7 Appraisal

The pacing of the conversation (time from my 
question to its reply) felt natural.

F8 Appraisal

During voice conversation, my voice and the 
assistant's voice never overlapped or cut off 
awkwardly.  [conditional]

F9 Presence

When I wanted to interrupt while the 
assistant was speaking, I was able to (or felt I 
could).

F10 Mixed

The avatar's lip movements and expressions 
looked natural.  [conditional]

F11 Appraisal

I liked being able to switch freely between 
Avatar, Voice, and Text modes.

F12 Preference

At sign-up, the data-handling notice (what is 
collected, why, and for how long) was 
presented clearly.

F13 Appraisal

Being able to browse without logging in made 
me feel more at ease.

F14 Effect

I liked that the assistant greeted me with a 
natural, friendly welcome message.

F15 Preference

It felt friendly that the assistant remembered 
how many times I had visited.  [conditional]

F16 Effect

The assistant read out abbreviations (AI, GPT, 
etc.) naturally when speaking.  [conditional]

F17 Appraisal

The assistant seemed aware of my 
background and interests.

F18 Presence

The answers felt tailored to someone like me, 
rather than generic.

F19 Appraisal

I felt the site recognized me as a returning or 
known visitor.  [conditional]

F20 Presence

Overall, I felt I could trust this assistant. F21 Overall



What moment or feature felt most 
trustworthy?  [free text]

-

What felt least trustworthy or awkward?  
[free text]

-
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Figures

Fig. 1. Four-tier system architecture.

Fig. 2. Structure of the advising interface. This schematic illustration was generated with Google Gemini and was reviewed

and edited by the authors.



Fig. 3. Per-signal endorsement with Wilson 95% confidence intervals.



Fig. 4. Layer-mean endorsement.


