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Gaëlle Snoeckx, May 2026



Towards Natural Human-Robot
Dialogue Through a Reflective LLM

by
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Abstract - Loneliness among older adults in care settings is a growing public health problem linked
to cognitive decline, depression and premature death. Social robots offer a promising way to provide
consistent social engagement, but current systems struggle to maintain long-term engagement. Large
language models (LLMs) improve fluency but suffer from structural shortcomings, including no persis-
tent memory, no proactive initiative and no stable persona. This thesis therefore proposes the Dialogue
Analyser, a supervisory LLM layer that runs in parallel with a primary conversational agent, providing
turn-level guidance to address these shortcomings in real time. The system was evaluated in a controlled
within-subjects experiment involving 16 participants and the humanoid robot Pepper. Outcomes were
assessed through subjective self-report scales, behavioural latency metrics and an LLM-as-a-Judge tran-
script analysis. The results showed that the Analyser significantly improved perceived conversational
proactivity and suggested improved emotional responsiveness during stressful discussions. The LLM-as-
a-Judge analysis revealed that the Analyser entirely eliminated question stacking on emotionally charged
turns in the stress condition, while latency metrics indicated a trend toward faster human response times.
However, the Analyser did not affect the robot’s perceived warmth, comfort or enjoyment. These findings
demonstrate that a supervisory LLM layer can improve specific aspects of social robot behaviour, though
replication with the intended elderly population and longer interaction protocols remains necessary.
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Abstract—Although current LLM-powered social robots can hold
fluent conversations, they struggle to maintain meaningful long-
term engagement. They forget previous interactions, never take the
initiative and don’t have a stable personality. This thesis presents
the Dialogue Analyser, a real-time supervisory LLM layer that
runs in parallel with a primary conversational agent. It steers
responses through pre- and post-analysis and proactive intervention,
without replacing the underlying generative model. The system was
evaluated in a controlled 2x2 within-subjects experiment involving 16
participants and the humanoid robot Pepper [9]. The experiment
compared a baseline GPT-4o system with the same system with
the Dialogue Analyser active, across both positive and stressful
conversation topics. The results showed that the Analyser signifi-
cantly improved perceived conversational proactivity (pFDR = .009,
d = +0.95) and produced a significant crossover interaction on
perceived emotional responsiveness, with the Analyser outperform-
ing the Baseline during stressful conversations. In that condition,
the Analyser eliminated question stacking entirely on emotionally
charged turns (0% versus 8.5% for the Baseline). These findings
suggest that a reflective supervisory layer can enhance specific
aspects of social robot behaviour, such as proactivity, emotional
attunement in stressful situations and perceived understanding.

Index Terms—Social Robots, Long-term Engagement, Reflective
LLM Layer

I. INTRODUCTION

Loneliness among older adults in care settings is a growing
public health crisis linked to cognitive decline, dementia and
premature death [1, 2]. Social robots offer a promising solution,
as they are available on demand and do not require an external
human partner. However, traditional systems rely on pre-scripted
dialogue, which limits conversational depth [4, 6]. While large
language models (LLMs) improve fluency, they introduce three
structural shortcomings: a lack of persistent memory across
sessions [3], a lack of proactive initiative [5] and an inability
to maintain a stable persona [3]. When a robot speaks naturally,
users instinctively apply the same social expectations they have
for human companions, expecting the robot to remember them,
recognise their emotional state and engage with them proactively
[6, 7]. Current systems cannot meet these expectations, producing
interactions that feel fluent in the moment but reset-like across
sessions [6].
This thesis proposes the Dialogue Analyser as a solution to this
issue. Rather than replacing the primary language model, the
module runs in parallel as a real-time supervisory layer inspired
by the dual-process evaluation framework of Constitutional AI
[8], monitoring the conversation and steering responses through
pre- and post-analysis and proactive intervention. The aim is to

create a robot that feels like a consistent, emotionally present
companion that enhances long-term engagement.
Two research questions guide the evaluation: Firstly, does the Dia-
logue Analyser improve the conversational experience compared
to a baseline system in terms of perceived empathy, emotional
appropriateness, conversational naturalness, felt comfort and in-
teraction enjoyment? Secondly, does the effect of the Analyser
depend on the emotional load of the conversation? In other words,
is its benefit greater when participants are discussing something
stressful rather than something positive?

II. SYSTEM ARCHITECTURE

The Dialogue Analyser is built on the open-source TEN Frame-
work, which is a real-time voice pipeline that processes audio,
text and contextual data as a directed graph of asynchronous,
independent nodes [10]. This architecture enables speech tran-
scription, memory retrieval and social error analysis to run in
parallel, without any task blocking another [11]. Once a user’s
turn has been confirmed, the primary language model (GPT-
4o) waits for the analyser to return a guidance signal before
generating its response. If the signal arrives within the timeout
window, it is included in the prompt. Rather than rewriting
the next turn, the Analyser steers responses through directional
instructions, such as ‘Ask if they are still looking forward to the
hiking trip they mentioned yesterday.’ preserving the naturalness
of the primary model’s output. An overview is given in Figure 1.
The Analyser operates across three parallel phases.

A. Pre-Analysis (Prevention)

The pre-analysis phase examines the user’s input before the
robot responds and has two primary functions. First, it checks
for safety signals, such as crisis language or self-harm cues.
This ensures that the robot never probes further when a user
expresses acute distress. It also applies a deterministic question-
stacking rule. If the robot has asked questions in three or more
consecutive turns and the user’s replies were brief, a correction
is enforced regardless of other signals. This redirects the robot
towards making a warm statement or reflection rather than asking
another question.

B. Post-Analysis (Correction)

The post-analysis phase evaluates the robot’s previous response
in light of what the user says next, which is something that
the pre-analysis cannot do. For example, if a user says, ‘My



Figure 1: System Overview

sister called yesterday. We hadn’t spoken in years,’ and the robot
replies, ‘That’s wonderful! What else did you do yesterday?’, the
pre-analysis would see nothing unusual. The user has answered
and the conversation has moved on. Post-analysis, however,
recognises that a personal moment has been overlooked with a
single word and an immediate generic follow-up. It would flag
this as a missed emotional moment and instruct the robot to return
to it in the next turn. Post-analysis monitors for three types of
failure:

• A missed emotion flag is raised when the user expresses
something emotionally meaningful, but the robot moves past
it without acknowledging it.

• A persona consistency flag is raised when the robot’s tone
conflicts with its defined persona, such as detecting the user’s
emotional distress but reacting too cheerfully to it.

• An incoherent topic shift flag is raised when the robot
changes the subject abruptly or revisits something that the
user has already moved on from.

The intervention threshold is intentionally high, firing only when
the analyser is confident that a response has caused concrete
social failure.

C. Proactivity (Initiation)

The proactivity module operates alongside the other two
phases. Rather than waiting for the user to drive the conver-

sation forward, it determines whether the robot should raise
an unacknowledged detail, introduce a new angle or withdraw
entirely and provide quiet companionship when the user’s social
energy is low. A cooldown system prevents the same topic from
being raised more than once per session, unless the user actively
engages with it.

III. EXPERIMENTAL METHODOLOGY

The system was evaluated in a controlled 2x2 within-subjects
experiment that crossed two independent variables: system condi-
tion (Baseline versus Dialogue Analyser active) and conversation
topic (positive versus stressful). A total of 16 participants (22.2 ±
1.2 years) were recruited. Each participant completed two eight-
minute conversations with the humanoid robot Pepper, which
embodied the companion persona Noa. The order of topics
and conditions was fully counterbalanced across four groups to
control for carry-over effects and participants were not informed
which condition was active during which session. Outcomes
were measured using three complementary methods. Subjective
experience was captured using the Perceived Empathy of Tech-
nology Scale (PETS) [13] and the Robotic Social Attributes Scale
(RoSAS) [14], as well as single-item measures of naturalness, felt
comfort and enjoyment and five custom conversational dynamics
items targeting proactivity and timing. Behavioural data were
extracted from session silence logs to calculate human turn dura-
tion and robot-to-human and human-to-robot response latencies.
Objective, turn-level quality was evaluated using an LLM-as-a-
Judge that rated each robot response using the Empathic Com-
munication Coding System (ECCS) [12] and extracted metrics
such as the multi-question and grounded reference rates while re-
maining blind to the experimental condition. All hypothesis tests
were corrected for multiple comparisons using the Benjamini-
Hochberg false discovery rate (FDR) procedure and all findings
are treated as exploratory given the sample size.

IV. RESULTS

Three findings stand out. Conversational proactivity was the
most consistent and statistically robust finding. The Custom
Proactivity Index was the only outcome to survive FDR correction
under RQ1 (pFDR = .009, d = +0.95), with participants rating the
Analyser significantly higher for active conversational guidance
(M = 3.75 versus M = 3.40). This effect was consistent across
both topic conditions and at the individual level: 11 out of 16
participants showed a positive difference between the Analyser
and the Baseline, with only one showing a negative difference.
Item-level analysis identified ‘kept conversation flowing’ as the
dominant driver (RBC = +0.71). The only exception to this trend
was the timing item ‘didn’t rush topic changes’ (d = -0.43),
suggesting that, while the Analyser made the robot more directive,
it occasionally changed topics before participants were ready to
move on.
The second key finding was context-dependent emotional respon-
siveness. Under RQ2, the PETS Emotional Response produced
a significant crossover interaction (F(1,14)=12.68, pFDR=.025,
η2p=.475), as can be seen in Figure 2. The analyser outperformed
the baseline on perceived emotional responsiveness during stress-
ful conversations (M=4.00 versus M=3.88), while the reverse was
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true for positive topics (M=3.60 versus M=3.77). The objective
LLM-as-a-Judge analysis provides a behavioural explanation for
this pattern. During emotionally loaded turns in the stress con-
dition, the Analyser never asked more than one question per
response (0 out of 82 emotional interactions, 0%), whereas the
Baseline did so in 8.5% of cases (6 out of 71). This difference
was significant and survived FDR correction (Fisher’s exact test,
pFDR = .036). The forced-choice preference data support this
conclusion: 77% of participants who expressed a preference felt
more understood in the Analyser session (praw= .046).

Figure 2: Subjective: PETS Emotional Response

The parallel architecture was associated with significantly
faster robot response times (H→R latency: M = 7,045 ms
versus M = 8,843 ms, pFDR = .009; RBC=-0.809), though this
may partly reflect API variability across sessions rather than an
architectural property. There was also a marginally significant
trend, suggesting that participants responded more quickly after
the robot had finished speaking in the Analyser condition (R→H
latency: M = 1,644 ms versus M = 2,033 ms; pFDR = .071; d=-
0.625), which is a medium to large effect.

V. DISCUSSION AND CONCLUSION

The Dialogue Analyser did not make the robot warmer,
more enjoyable or more comfortable overall. However, it did
significantly improve conversational proactivity and enhanced
perceived emotional responsiveness during stressful exchanges.
During these emotionally loaded turns, the Analyser prevented
question stacking entirely.
Two limitations require acknowledgement. Firstly, the proactivity
module occasionally redirected conversations before participants
were ready to move on, resulting in negative timing and sug-
gesting the need for an adaptive pacing mechanism in the future.
Secondly, the sample of engineering students aged 20-24 differs
from the intended deployment population of elderly care home
residents, so replication with a properly powered target sample
is needed.
A functioning prototype and a responsibly deployed system are

not the same thing. The risks of substituting human contact,
reinforcing false memories due to hallucinations in cognitively
vulnerable users and collecting intimate personal data without
meaningful consent must be resolved before these systems can
be used outside of the research lab. Social robots can complement
human care meaningfully, but only if the line between technology
that supports people and technology that exploits them is taken
into account.
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Introduction

Loneliness and social isolation among older adults are a global public health crisis. Prolonged isolation
has been consistently linked to depression, cognitive decline, dementia, cardiovascular disease and prema-
ture death. [74]. Between a third and half of all older adults experience loneliness or social isolation [41].
In Belgium, this affects around 500,000 adults aged 65 and older, representing 22% of this age group [22].
This widespread feeling of loneliness has serious clinical implications, increasing the risk of developing
dementia by approximately 50% [30] and stroke by 25% [71]. This issue is difficult to address because the
harm is not driven by the number of social contacts a person has. It is the subjective perception of being
connected that most strongly predicts health outcomes [19]. Someone who sees family regularly but feels
lonely is at the same risk as someone who sees nobody at all. Subjective loneliness and objective social
isolation increase the likelihood of early mortality by 26% and 29% respectively [33].

This issue is most severe for older adults in care homes. With declining fertility rates and rising life
expectancy, today’s older adults have smaller family networks and fewer relatives available for regular
visits [77]. In care homes, this issue is made worse by the physical separation from the wider community
and the cognitive or health-related decline that limits meaningful relationships with others. As a result,
the responsibility for social interaction falls largely on care staff, who are already overwhelmed by their
primary caregiving duties. This is a burden that the system does not have the resources to sustain, es-
pecially when considering that Belgium alone is projected to have a deficit of around 120,000 healthcare
and elderly care workers by 2040 [2]. Video calls offer a partial solution and are generally well received,
but they depend on a willing family member being available, as well as the resident having the cognitive
capacity to manage the interaction [81]. For many residents, neither condition is reliably met. On top of
that, organising these calls places an extra scheduling burden on the understaffed facilities [52]. Although
passive alternatives such as television and radio provide stimulation, they lack the active, cooperative
elements necessary for building social connections [62, 76]. In contrast, interactive experiences have been
shown to significantly reduce loneliness and increase feelings of connectedness [38]. Therefore, an inter-
active solution that does not depend on external availability and does not impose practical barriers is
needed, one that can provide consistent, on-demand social engagement. Socially interactive robots are a
promising solution.

Social robots are physical agents designed to interact with humans in a natural and socially aware way.
Unlike passive technologies, they are available on demand, do not require an external human partner and
can sustain a continuous conversational presence. Paro, Pepper, and Nao are examples of systems that
have shown real success in this area. Studies report that they help lower anxiety and increase feelings
of companionship among older adults [17, 48]. These results are encouraging, but these systems are also
still limited. Traditional social robots rely heavily on pre-scripted dialogue and rule-based interaction
systems, which limits the depth and naturalness of the conversations they can sustain [37].
They can recognise broad emotional states, such as sadness or agitation, but they cannot interpret the
deeper psychological context behind them. This means that they cannot adapt in a meaningful way when
a resident shares something unexpected, painful or personally significant [25, 50]. This is important be-
cause physical presence alone is not the key factor in effective social companionship. It is emotional
companionship that reduces loneliness [23, 31]. A robot that responds from a fixed script cannot reliably
produce this perception, regardless of how lifelike its appearance or how expressive its movements are.
The limiting factor is not the hardware, but the rigidity of the language used.
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Large Language Models (LLMs) address this limitation (partially). As they are trained on extensive
datasets, these models possess an ability to understand context, make logical deductions and integrate
diverse information from multiple sources [84]. They demonstrate remarkable adaptability, successfully
executing complex instructions without the need for task-specific programming [10, 44]. This flexibility
enables artificial agents to handle unpredictable open-domain dialogue and liberates them from prede-
termined conversation pathways [37, 70]. As a result, the nature of interaction shifts from mechanical
exchanges to continuous, dynamic collaboration [40, 72].

LLMs make robotic conversation more fluent, but this creates a new problem. When a robot speaks
naturally and has a human-like appearance, users instinctively apply the same social expectations they
have for human companions. They expect to be recognised and remembered and to be proactively en-
gaged with [25, 34]. Yet the language model alone has no mechanism to meet these expectations. Three
concrete shortcomings explain why.
First, language models process each session within a bounded context. Without a structured mechanism
to preserve what was discussed in prior interactions, earlier information is forgotten, topics are repeated
and the sense of having an accumulated shared history that underlies trust is never established [82].
Secondly, current systems remain entirely passive, requiring the user to initiate every interaction. For
socially withdrawn, physically fatigued, or uncertain older adults who do not know how to begin, a system
that waits passively for initiation forces the most vulnerable people to carry the full burden of sustaining
the relationship [37, 68]. Thirdly, without explicit mechanisms to stabilise the robot’s relational identity
across sessions, the tone, register and apparent personality of the system can shift in subtle yet cumulative
ways, which undermines the consistency required for affective trust to develop [25, 82].
These three deficiencies are not separate engineering problems. A system with perfect recall but no
capacity for initiative remains a passive tool. A robot that engages proactively but forgets previous
conversations produces interactions that feel superficial rather than warm. Together, these issues point
to a single underlying absence. The current architecture has no dedicated module to manage how a
relationship evolves continuously across multiple sessions. Solving this specific structural problem is the
focus of this thesis.

This thesis proposes the Dialogue Analyser as an architectural response to the structural gap identi-
fied above. The Analyser operates in parallel with the primary language model, rather than replacing it.
Inspired by the dual-process evaluation framework of Constitutional AI [5], it operates as a reflective su-
pervisory layer positioned above the base model. This separation is necessary because primary language
models are known to struggle with self-critiquing complex social rules, often rephrasing their own errors
with equal confidence rather than correcting them [35]. Therefore, an independent layer is required to
evaluate the interaction from an external perspective.
The Dialogue Analyser runs alongside the primary language model, monitoring the conversation in real
time. When it detects a social error or missed opportunity, it sends a brief corrective instruction to the
main agent before the next response is generated. It does not rewrite the robot’s replies, but rather steers
them.
The Analyser aims to address the three shortcomings identified above in three phases. Before responding,
the Analyser reviews what the user has just said and sends a short guideline to the main agent, ensuring
that the upcoming output is emotionally appropriate and consistent with the robot’s established per-
sona. After responding, it evaluates the reply for relational missteps, such as missed emotional cues or
inconsistencies in its personality. Throughout the session, the Analyser also monitors the conversation
for opportunities to steer it proactively. To do so, it draws on both the current exchange and stored
memory from previous sessions.
The result should be a robot that feels like a consistent and emotionally present companion across weeks
of interaction, rather than a fluent but forgetful conversational tool.

The remainder of this thesis is structured as follows: Chapter 2 provides a review of the relevant
literature. Chapter 3 provides a detailed overview of the system architecture. Chapter 4 outlines the
experimental methodology. Chapter 5 presents the results, which are discussed in Chapter 6. Chapter
7 summarises the conclusions, limitations and directions for future work. Finally, chapter 8 presents the
social reflection.
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Literature Overview

This chapter establishes the theoretical basis for the system proposed in this thesis. It starts from the
psychology of why social robots so often fall short. It then reviews the state of the art in memory,
proactivity and persona modeling before establishing why an independent supervisory layer is required
to bring these components together in real time.

2.1 The Psychology and Evolution of Robotic Companionship

To understand why current social robots fall short, their technical limitations and the psychological
expectations they trigger must be examined. This section traces the gap from its cognitive origins to
its architectural consequences, exploring how these elements interconnect to define the precise relational
criteria that social robots must fulfil in order to succeed.

2.1.1 The Expectation Gap and the CASA Paradigm

When people first encounter a social robot, they tend to respond positively. The novelty of interacting
with a machine that can speak, move and respond generates curiosity and engagement. However, once
this initial curiosity dissipates, users begin to judge the system against strict social standards, that most
current systems are not able to meet [3]. The reason for this lies in a cognitive tendency known as the
Computers Are Social Actors (CASA) paradigm. When a machine takes on a humanoid form and com-
municates in natural language, users automatically apply human social expectations without consciously
choosing to do so. The robot is no longer evaluated as a tool, but it is instead evaluated as a social
partner. However, a social partner that fails to follow basic conversational norms, such as taking turns
appropriately, responding at the right time, or acknowledging what has just been said, is experienced as
unsettling or untrustworthy [3, 7, 56]. This sense of unnaturalness does not arise from physical awkward-
ness or mechanical noise, but from the absence of social cognition [7]. For example, a robot lacks social
cognition when it cheerfully asks a follow-up question immediately after a user shares distressing news,
failing to recognise that the social context requires a shift to a more supportive tone.
To understand what users actually require from a social robot, it is necessary to delve into four psycho-
logical layers that make a robot a companion.

1. Coherence: A robot must remain logically consistent within and across conversations, connecting
new exchanges to previous discussions to sustain a continuous dialogue rather than a sequence of
isolated responses [15, 29]. Without coherence, even a technically fluent robot will seem inconsis-
tent, because the user cannot develop an understanding of what the robot knows, remembers or
understands. Coherence is what maintains the impression of a thinking presence.

2. Empathy: Users need to feel that the robot understands what they are saying, rather than just
producing an appropriate-sounding response. This distinction matters because empathy operates
at the level of perceived understanding, not linguistic accuracy [4, 42, 59]. For example, a user who
shares that they are grieving does not need a technically correct statement about loss. They need a
response that acknowledges the specific weight of what they have just said. A reply that is too flat
suggests that the robot has not properly registered the emotional content. Similarly, a reply that
is exaggerated suggests that the robot is acting rather than feeling empathy. Effective empathic
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responses find a balance between these extremes: they reflect back to what the user shared in a
way that feels appropriate, specific and sincere.

3. Personalisation: A companion is not just someone who responds well to anyone. They respond
specifically to you. In order to produce this experience, a robot must draw on its accumulated
knowledge of the individual user, adapting its tone and choice of topics to their particular history,
preferences and current emotional state [11]. Even if a robot can respond in a natural way, this
does not mean that it knows the person it is talking to. Over repeated sessions, this absence of
personalisation progressively undermines the sense that the relationship is developing.

4. Behavioural dynamics: What is said is very important, but also how or when it is said matters.
The mechanics of spoken interaction, including response latency, backchannelling and conversa-
tional pacing, are as important as the content of the words themselves [4, 7]. For older adults in
particular, these dynamics require careful calibration. This group may speak more slowly, pause
more frequently or require more time to process a response [8]. A system that interrupts too
early, responds too quickly or fails to signal active listening will be perceived as socially intrusive,
regardless of the appropriateness of its verbal output.

When these four layers are functioning together, the result is what the literature calls social comfort,
i.e. a state in which the user experiences the interaction as natural and safe [68]. Social comfort is not
a fixed threshold, but rather a dynamic equilibrium. Failure in any one of the four layers can destabilise
this equilibrium. A robot that is empathetic but incoherent feels unpredictable. One that is coherent
but impersonal feels indifferent. One that says the right things at the wrong pace feels intrusive. Social
comfort is only achieved when all four conditions are met simultaneously, and it is this requirement that
defines the engineering challenge in human-robot interactions (HRI).

2.1.2 The Fragmentation Gap: from Task Execution to Open-Domain Dia-
logue

Historically, robotic architectures were unable to fulfil these four psychological conditions. Early con-
versational robotics focused on task execution. Systems were designed to receive commands, retrieve
information and perform specific actions [29], with social engagement being neither a design goal nor a
success criterion. However, as robots began entering environments where sustained human interaction
was important, a different need emerged. A robot that could only respond to commands seemed cold
and impersonal in settings that required warmth and continuity. This drove the development of systems
capable of open-ended, low-stakes conversation intended to build relationships and maintain engagement
over time [18].
LLMs appeared to resolve what scripted dialogue or fixed response systems could not. Trained on large
amounts of human language data, these models can generate contextually relevant, grammatically fluent
responses on any topic without the need for task-specific programming [37, 82]. Yet the advance was
incomplete. Although individual responses are fluent, extended interactions with LLM-powered robots
still feel mechanical and reset-like [3, 56]. While each response may be locally appropriate, the conversa-
tion as a whole lacks continuity, initiative and relational depth. While the model produces high-quality
output at the level of the single turn, it remains compartmentalised across sessions [18]. It does not carry
forward information from previous sessions. It does not recognise when a topic important to the user has
been overlooked and it does not initiate.
In addition to these structural shortcomings, LLM-powered systems tend to ask several questions in a
single response. In emotionally charged conversations, this can create an excessive cognitive burden, as
discussing sensitive topics requires some mental and emotional processing. Research evaluating empa-
thetic social robots designed to discuss personal memories with older adults found that asking several
questions simultaneously disrupts the natural rhythm of the conversation and overwhelms the listener
[61].
These examples illustrate the fragmentation gap: the robot is fluent enough to pass as a conversational
partner in the moment, but lacks the long-term continuity to feel like one over time [12, 37, 68]. The
following sections examine the specific architectural components required to close this gap.
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2.2 Approaches to Relational Coherence

Bridging the fragmentation gap requires more than fluent language generation. A robot that feels like a
companion must maintain a coherent memory of who it is talking to, take initiative at the right moments
and present a stable and recognisable personality across weeks of interaction. This section examines each
of these three requirements.

2.2.1 Episodic and Semantic Memory Architectures

In friendships, people remember what you told them last week, notice when something has changed and
bring up details you shared without being asked. This accumulated shared history is what transforms a
series of pleasant exchanges into an actual relationship [25]. To produce the same effect, a social robot
needs two distinct types of memory working together: episodic memory, which stores specific events and
conversations, and semantic memory, which retains stable, long-term facts about the user [43].
Early attempts to implement this in social robotics relied on structured, rule-based approaches. The
CARESSES project, for example, used ontology-based memory to store user-specific preferences, such
as whether they preferred tea or coffee and used this information to personalise future interactions [29].
The Oro server took a more architectural approach, dividing memory into short-term, episodic and long-
term categories with different lifespans and retrieval rules [43]. These approaches represented meaningful
progress. They could remember that a user had mentioned their daughter, for example, but they could
not recognise that the user has been anxious about a family visit in the past three days [25, 43]. Temporal
reasoning, the ability to detect patterns that unfold across days or weeks, remains out of reach.
More recent frameworks address this limitation by moving away from static fact retrieval towards con-
tinuously updated knowledge structures. Rather than operating as a list of stored facts, these systems
build an interconnected and evolving map of everything the system knows about the user, tracking their
situation, concerns and conversational history as a structure that evolves with each session. MemU is
one such example [53]. This underlying intention tracking enables proactivity, as the system always has
a comprehensive and up-to-date understanding of who it is talking to and what matters to them.

2.2.2 Contextual Proactivity and Anticipatory Frameworks

A robot that only responds when spoken to is still a passive tool. It is proactivity that distinguishes
a reactive system from one that feels present. In the literature, proactivity is defined as the ability to
anticipate a situation and act on it without waiting for an explicit prompt [12]. For a socially withdrawn
older adult who is unsure how to begin a conversation or simply does not feel like making the effort
on a particular day, a robot that waits silently for initiation places the entire relational burden on the
person. Specifically in elderly care, proactive behaviour takes the form of low-pressure, naturally timed
interventions, such as suggesting a light activity, asking whether a family member has visited recently or
simply opening the conversation with a reference to something the user mentioned last time [14, 46, 54].
These small gestures signal awareness and continuity, giving the feeling that the robot has been paying
attention.
However, proactivity is also one of the easiest things to get wrong. An intervention that arrives at the
wrong moment feels intrusive rather than warm [12, 14, 46]. This is why the literature emphasises the
need for robotiquette, which is a set of social timing rules that govern when and how a robot can take
the initiative appropriately. Equally important is avoiding repetition. A proactive callback that remains
unchanged across multiple sessions quickly begins to feel scripted and a generic prompt that could have
been directed at anyone feels impersonal [14, 37].

2.2.3 Persona Modeling and Identity Evolution

Although memory and proactivity solve the problems of continuity and initiative, they do not address
the third requirement, that the robot must appear to be the same entity throughout every session. Users
build trust with a robot’s specific personality, tone and way of engaging. A robot whose character shifts
unpredictably between interactions does not feel like an evolving companion. It feels like a different
system each time. Research consistently shows that a clearly defined personality is one of the strongest
predictors of user trust in social robots [51, 73].
The most widely used framework for defining this personality is the Big Five OCEAN model, which
characterises personality along five dimensions: Openness, Conscientiousness, Extraversion, Agreeable-
ness and Neuroticism [1]. By anchoring a robot’s personality to a specific OCEAN profile, designers can
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produce a consistent and predictable relational identity.
Early implementations of this relied on static, preset prompts. At the start of each session, systems
were given a fixed persona description, such as that of a 32-year-old counsellor who is warm, patient and
supportive, and were instructed to maintain this persona throughout [16, 51, 73, 83]. While this approach
works reasonably well in short interactions, it breaks down over time. Furthermore, static persona de-
scriptions also influence how users relate to the robot. For example, framing the robot as a counsellor or
care worker can affect user perception. Research shows that older adults respond better to peer-like social
relationships than to care-oriented ones, and that overly therapeutic behaviour is frequently perceived as
condescending [20, 64].
More recent work has moved towards dynamic persona frameworks, such as Self-Evolving Personalised
Dialogue Agents (SPDA), which allow the robot’s identity to adapt gradually in response to the user’s
evolving expectations and preferences [16]. This approach addresses the cold start problem of attempting
to define an optimal identity before any interaction occurs, as it can now develop through the relationship
itself.
However, there are still two problems. The first one is persona drift. This refers to a model’s tone, register
or apparent personality gradually and unsupervisedly shifting across successive turns [83]. Unlike the cold
start problem, which occurs at the beginning of a deployment, persona drift accumulates silently over
time. The robot does not suddenly become a different entity. Instead, it changes in small, subtle ways
that the user may not consciously notice, yet will still perceive. Over weeks of interaction, these shifts
quietly erode the sense of a stable social presence [25]. The user can no longer predict how the robot will
respond and this unpredictability undermines the psychological safety that affective trust requires.
The second problem is that frameworks such as SPDA manage gradual, long-term persona evolution rea-
sonably well, but they don’t operate at turn level. They are not designed to detect real-time discrepancies
between the robot’s output and the user’s immediate emotional state. A robot that reacts in a positive
way to a user who has just expressed sadness (turn-level), or that stays cheerful when the conversation
has turned to grief or loss (multiple turns), is an example of a different kind of persona failure. This is
not about the robot drifting across time, but about it not being emotionally in line with the user at that
moment.
This distinction is important because both types of failure damage trust, but through different mech-
anisms and at different timescales. Preventing drift requires tracking consistency across sessions. Pre-
venting emotional misalignment, on the other hand, requires evaluating each response against the user’s
current emotional state. Addressing both forms of failure cannot be solved at the level of prompt design
alone. It requires a real-time supervisory architecture that monitors the robot’s output across turns and
intervenes when the persona begins to deviate, or when a response risks being emotionally inappropriate.

2.3 Supervisory Frameworks and Model Self Evaluation

The previously discussed requirements cannot be met because the current LLM evaluation frameworks
do not operate in real time and because language models cannot reliably evaluate their own outputs.
When prompted to self-critique, they do not identify and correct errors. Instead, they rephrase the
original response with equal confidence [35]. They cannot recognise when a response is contextually
inappropriate, temporally inconsistent or emotionally misaligned because they have no mechanism for
stepping outside the generation process to evaluate it [63].
Constitutional AI [5] demonstrates the importance of separating evaluation and generation. The system
generating the dialogue should not be the same system evaluating it. By separating these roles, a
secondary model acts as an independent supervisor, checking the proposed response against a strict set
of core principles to catch errors. This two-stage structure reliably identifies errors that the generating
model would not detect itself. However, Constitutional AI was designed for offline training where the
evaluation criteria are explicit and well-defined, primarily for detecting harmful or toxic content. The
rules regarding social naturalness, emotional appropriateness and relational continuity in open-domain
social dialogue are highly ambiguous and context-dependent. They cannot be reduced to a fixed checklist,
meaning the Constitutional AI framework cannot be transferred directly to live conversational settings
without adaptation [5].
Another limitation in the current literature is its temporal nature. The majority of LLM evaluation
frameworks operate post hoc, meaning that once the conversation has finished, the interaction is analysed
offline to identify where things went wrong [45]. While this is useful for improving future systems, it
offers no solution to errors that have already damaged the user experience. In social interactions, missed
emotional cues or inconsistent persona responses cannot be corrected afterwards. By the time the analysis
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is complete, the conversation will have moved on and relational damage will have been done. What is
needed is an evaluation layer operating within the latency budget of a live voice conversation to detect
and correct errors before the next response is generated.

2.4 Contribution

As demonstrated by the literature reviewed in this chapter, researchers have developed partial solutions
to the discussed challenges. More specifically, individual aspects of memory infrastructure, dynamic per-
sona frameworks and proactivity mechanisms have been addressed, though none of these issues have been
fully resolved.
The literature does not yet provide a system that brings these components together and keeps them
working in coordination during a live interaction. Memory, proactivity and persona consistency have
been treated as three separate research problems, each with its own literature, benchmarks and proposed
solutions. No existing framework treats these three factors as interconnected constraints that a supervi-
sory layer must balance in real time.
This is the gap that this thesis addresses. The proposed solution is a secondary reflective layer referred
in this thesis as the Dialogue Analyser that sits above the primary language model and acts as a social
supervisor during live conversations. Rather than replacing the generative capacity of the main model,
the Dialogue Analyser monitors the interaction as it unfolds, detects social errors that the primary
model cannot identify itself and provides corrective guidelines before the next response is produced. The
specific architecture of this module and its mechanisms for managing memory, proactivity and persona
consistency in real time are detailed in the following chapters.
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Architecture

3.1 Bridging the Gap: The Dialogue Analyser

This chapter explains how the Dialogue Analyser is constructed. The focus shifts from explaining why
the Analyser is needed to showing how it works in practice.
The Analyser operates alongside the primary language model as an independent supervisory layer. The
primary model retains full responsibility for generating responses, as the Dialogue Analyser does not
generate them. Instead, it monitors the conversation as it unfolds. When it detects a social error or a
missed opportunity, it sends a short corrective guideline to the primary model before the next response
is generated.
These guidelines are not scripts. The module does not dictate what the robot should say word for word
but it provides directional instructions, such as ‘acknowledge the user’s sadness about their deceased
dog’ or ‘take the initiative to bring up the hiking trip they mentioned yesterday’. The primary model
then decides how to incorporate the instruction naturally in its own words and style, ensuring that the
correction never feels like an interruption. When the conversation is going well, the Analyser stays silent.
The robot’s persona, its knowledge of the user and any guidance produced by the Analyser are brought
together into a structured prompt that is injected before each robot response is generated, as described in
Section 3.3.5. The Dialogue Analyser operates across three functional phases, each targeting a different
point in the conversational turn. The specifics of each phase are detailed in Section 3.3.

3.2 System Overview

The system is built on the TEN Framework, which is an open-source, real-time voice pipeline designed
for agentic applications requiring the simultaneous processing of audio, text and contextual data with
sub-second latency. TEN operates as a directed graph of isolated, asynchronous processing nodes, each
running independently [75]. Tasks such as speech transcription, memory retrieval and social error analysis
run in parallel, without any task blocking another. This parallel architecture makes it feasible to run a
reflective supervisory layer alongside a live conversation without introducing noticeable delay.
Figure 3.1 provides a visual overview of the full pipeline. When the user speaks, their voice is captured
and distributed simultaneously to two components: a speech-to-text module (Deepgram), which tran-
scribes the words and a voice activity detection module, which tracks when speech starts and stops. Both
processes draw on the same audio input and run in parallel, so neither delays the other.
Once a transcription is available, the system must determine whether the user has actually finished their
turn. Using a fixed silence timer alone is unreliable, as it may cut in during a natural pause in the middle
of a sentence or wait too long after a short reply [69]. A more effective approach is to use a lightweight
model that reads each transcript and judges whether a thought has been completed. A sentence that
ends with ‘and ’ or ‘because’, for example, does not necessarily mark the end of a turn, regardless of how
long the silence that follows it lasts. This semantic judgement is handled by a dedicated turn detection
model, which provides a verdict on whether the user’s thought is complete before the pipeline proceeds
[60].
In this deployment context, a particular challenge is that elderly users speak more slowly and pause more
frequently during their turns than younger adults do. If the silence thresholds are set too low, the system
misinterprets natural pauses as the end of a turn and cuts in before the user has finished speaking. To
address this issue, the voice activity detection silence threshold is set higher for elderly users. However,
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User speaks

Speech to Text
Deepgram transcription

Voice Activity
Detection

Start / stop timing
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Figure 3.1: Overview of the conversational pipeline built on the TEN Framework. User input is processed
in parallel for transcription and voice activity detection prior to turn confirmation. Asynchronous nodes
that follow, including Memory, the Dialogue Analyser and the Visual Monitor, feed into the main LLM
to ensure a real-time, low-latency response.
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this is currently a static configuration rather than a dynamic adaptation, meaning it cannot adjust to
variation between individuals within the elderly population. A user who speaks particularly slowly will
still encounter premature cut-ins that a longer threshold would prevent. This is a known structural lim-
itation of relying on static silence thresholds for turn-taking [70].
When the turn is confirmed, several things happen simultaneously. The system queries MemU for seman-
tically relevant memories about the user. To capture the physical environment, an ambient monitoring
process runs independently on a separate timer, sampling a visual frame approximately every five seconds
and scoring its relevance to the ongoing conversation. When an environmental cue exceeds a relevance
threshold, it is stored and incorporated into the context of the next turn. Additionally, a reactive visual
routing check runs when the user’s words suggest a visual question, such as ’look at this’, triggering an
immediate analysis of the current camera frame.
The user’s input is also sent to the Dialogue Analyser. The primary language model waits until either
a timeout is reached or the analyser returns a corrective guideline. If the guideline arrives in time, it is
merged into the prompt before the model generates its response. Otherwise, the primary model proceeds
without it and the guideline is applied to the next turn.
The primary language model (GPT-4o) generates its response incrementally, streaming tokens as they are
produced rather than waiting for the full reply to be completed. As soon as the first complete sentence is
formed, it is immediately sent to the text-to-speech module (ElevenLabs), which begins vocalising before
the rest of the response has been written. This keeps the total delay from when the user finishes speaking
to when the robot’s first audible reply is heard within a range that human listeners experience as natural.

3.3 The Dialogue Analyser

Although the primary language model generates fluent and contextually relevant responses, it has three
structural blind spots that make it unsuitable for long-term companion interaction on its own. It does not
critique its own previous responses, so if it produces an inadequate reply, it has no mechanism to adjust
without external feedback [35]. Secondly, it does not reliably track patterns across turns. For example, it
may continue to ask follow-up questions without registering that the user’s replies are becoming shorter,
which is a well-documented indicator of disengagement. Furthermore, its default tendencies, such as
ending each turn with a question and maintaining forward momentum in the conversation, actively
conflict with good companion behaviour for elderly users. It has been shown that an unbroken stream of
questions disrupts conversational flow and causes disengagement in this group [80]. The Dialogue Analyser
aims to address these errors by monitoring the interaction at every turn and providing corrections without
interrupting the main conversation.

3.3.1 Architecture and Delivery

The Dialogue Analyser operates as an independent node within the TEN Framework, receiving the current
user turn and the most recent robot response as input. It also uses its own rolling conversation history to
interpret the current user turn and robot response in relation to the overall conversation. The Dialogue
Analyser triggers three parallel analyses:

• Pre analysis: which occurs before the robot responds, examining what the user has just said in
the context of the recent conversation history.

• Post analysis: which evaluates the previous robot response against both the user’s current reply
and the conversational context.

• Proactivity module: which determines whether the robot should initiate something.

These results are packaged as a structured guidance block and injected into the primary model’s prompt.
To meet the latency constraints of live conversations, the system uses a three-payload delivery approach.
The pre-analysis payload is sent as soon as the pre-analysis call completes, allowing the primary model
to act on it immediately. Post-analysis follows as the second payload once its analysis is complete. The
proactivity decision arrives as the third payload and is merged into the current turn if it arrives within
the timeout window. This design ensures social correction is delivered in the same turn wherever possible
while guaranteeing the pipeline never stalls waiting for guidance.

The Dialogue Analyser’s internal calls use GPT-4o-mini rather than the full GPT-4o model. Since all
three phases perform classification and detection rather than open-ended generation, the reduced model
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capacity is sufficient and keeps the pipeline within the required timeout window [28].
Figure 3.2 provides an overview of the three parallel analyses, their respective checks, and how their
outputs are merged into a single guidance block before each response is generated.

Figure 3.2: The internal structure of the Dialogue Analyser. Each phase produces a payload that is
merged into a structured guidance block. This block is then injected into the GPT-4o prompt before the
next response is generated.

3.3.2 Pre-Analysis: Prevention Before the Response

Pre-analysis examines the user’s input before the robot responds. Its purpose is to prevent the robot
from producing a harmful or socially inappropriate reply by applying a behavioural constraint before
generation begins. It applies four checks:

• Safety signals: Crisis language and self-harm cues are flagged. In an elderly care context, the
robot must never probe further when a user expresses distress. The correct response in this situation
is to offer a warm acknowledgement and, if appropriate, gently suggest that they speak with a
family member or caregiver [4]. Social robots lack the clinical empathy and judgement required
for managing severe psychological crises. An automated system that attempts to intervene in cases
of acute distress risks creating a therapeutic misconception whereby the user overestimates the
machine’s capacity to provide therapeutic support [39]. Relying on a robot for complex emotional
support can worsen a user’s mental state rather than providing comfort [4].

• Emotional cue detection: The system flags signs of personal distress or emotional load, ensuring
the primary model explicitly acknowledges and validates the user’s feelings rather than moving past
them.

• User style preferences: Explicit preferences expressed during the session, such as ‘be less chirpy ’,
are captured and stored for use in future prompts of that conversation.

• Engagement check: This check operates deterministically without calling a language model. If
the robot has asked questions in three or more consecutive turns and at least two of the user’s replies
contain fewer than ten words, a correction is forced because short replies are a reliable behavioural
indicator of disengagement [58] and an unbroken sequence of questions met with increasingly brief
answers is a recognised failure pattern in companion interaction. In such cases, the robot is in-
structed to respond with a warm statement, reflection or observation, rather than asking another
question. This constraint only applies to the current turn, after which normal behaviour resumes.
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3.3.3 Post-Analysis: Correction After Robot Response

The pre-analysis focuses on what the user said. Post-analysis, on the other hand, focuses on what the
robot said, specifically whether its previous response was socially appropriate in light of what the user
said next. While pre-analysis can detect when a user expresses distress, it cannot assess whether the
robot’s response to that distress was adequate. Post-analysis considers the entire conversation and asks
whether it was handled well.
To illustrate this, suppose a user says, ‘My sister called yesterday, we hadn’t spoken in years.’ The robot
might reply, ‘That’s wonderful! What else did you do yesterday?’ If the next user’s response is a normal
reply to the question asked, pre-analysis sees nothing unusual and has no reason to flag anything. The
user has answered, the conversation is moving and everything looks fine. However, post-analysis sees
the full picture, a user who has shared something emotionally significant, a robot that has acknowledged
it with a single word and immediately moved on to a generic follow-up question and a user who has
followed along without the moment ever being properly addressed. Post-analysis would flag this as a
missed emotional moment and instruct the robot to return to what the user said about their sister in
their next response, giving the robot a second chance to handle the moment it failed to acknowledge.
A limitation of this retroactive approach is that the robot has already made a conversational misstep
and addressing this a turn later might feel unnatural. However, this limitation is mitigated by the fact
that the post-analysis output is provided as a guideline and the main generative model (e.g. GPT-4o)
uses its own judgement to decide how to incorporate this information naturally. For example, if the user
responded to the generic question by saying that they had gone for a walk in the garden, the robot could
connect the two topics by asking, ‘A walk in the garden sounds lovely. Did you find yourself thinking a
lot about that phone call with your sister while you were walking?’ This ensures that the system validates
both the user’s latest input and the previously overlooked emotion without disrupting the conversational
flow.
Post-analysis monitors for three issue types.

• A missed emotion flag is raised when the user expresses personal emotion explicitly and the robot
fails to acknowledge it.

• A personality consistency flag is raised when the robot violates a protected behavioural value, such
as dismissing real distress, repeating itself on a topic that the user has already moved on from, or
maintaining a forced cheerfulness that conflicts with the user’s emotional state.

• An incoherent topic shift flag is raised when the robot changes the subject without providing a
connection to the previous topic or returns to a topic that the user has indicated they want to leave
behind.

The intervention threshold is intentionally high so that post-analysis only fires a corrective guideline
when it is confident that the delivered response would cause concrete social failure. False positives that
overwrite a good response are more damaging to the interaction than false negatives.
The post-analysis also scores how the user responded to the previous proactive move, determining whether
they engaged with it, ignored it or displayed disengagement. This score is fed directly into the proactivity
cooldown system. A single low or medium uptake score means that the same topic cannot be used
proactively again for the rest of the session. Only a high uptake score allows the same topic to be
reintroduced after a fifteen turn cooldown period, a value defined as an adjustable system hyperparameter.

3.3.4 Proactivity: Initiating rather than Reacting

The proactivity module determines whether the robot should take the initiative by raising an unacknowl-
edged detail, introducing a new topic or providing quieter companionship. It runs as a separate process,
triggered at a heuristically chosen baseline of six turns, or sooner if pre-analysis detects a drop in en-
gagement or if the user responds with short replies on consecutive turns. The module operates in four
modes:

• Anticipatory: The system acts before a need arises. It predicts where the conversation is heading
and surfaces something relevant (often drawn from memory) before the user explicitly raises it. For
example, if a resident remarks, ‘I can’t believe it’s already the end of October ’ and the system’s
memory notes that it is their deceased spouse’s birthday this week, the robot can recognise the
emotional weight and say something like : ‘Time is passing quickly. I know this week is usually
tough for you with John’s birthday approaching. How are you feeling about it?’ This validates the
emotion without the user having to explain why they are feeling down.
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• Self-initiated: The robot brings up something that the user has mentioned in passing earlier in
the session, or recalls a specific detail from a previous day, which has not yet been explored.

• Change-oriented: When the current conversational trajectory is no longer serving the user, the
system introduces a fresh angle or topic aligned with the user’s known historical interests to initiate
a shift.

• Passive Presence: This is the most important for elderly care. When the user’s social energy
is consistently low, the system backs off entirely, offering one calm, validating statement with no
question or new topic attached.

A cooldown system prevents the same topic from being raised proactively more than once per session
unless the user engages with it the first time. Topics are assigned a stable label when introduced and their
cooldown period is updated based on uptake scores. This prevents the proactivity module from repeatedly
cycling through the same material, which the literature identifies as a primary cause of disengagement
once the initial novelty has worn off [80].

3.3.5 Persona and Prompt Architecture

Before generating a response, all relevant information (the robot’s persona, its knowledge of the user,
the conversation history and the guidance signal from the Dialogue Analyser) is combined into a single,
structured prompt. This prompt can be divided into three layers, each of which contributes to the robot’s
next response.

• The First Layer (Fixed Identity): The first layer is a fixed system prompt that is assembled
at the start of each session. Its core is a single identity statement: ’You are Noa, a lifelong friend
of [user name], not a therapist or care worker.’ The system prompt implements this through
concrete behavioural rules: responding to what the user has actually said rather than offering
generic comfort, never inferring or naming the user’s emotional state unless they have named it
themselves, asking specific follow-up questions rather than open-ended therapeutic prompts and
never filling conversational space with empty affirmations.

• The Second Layer (Background Memory): At this stage, Noa knows how to behave, but has
no idea who they are talking to. The second layer addresses this. At the start of the session, a
background task queries MemU for a summary of the user’s profile, interests, current plans and
recent life events. If anything is returned, it is added to the per-turn context.

• The Third Layer (Per-Turn Context): This layer is rebuilt with every turn. Before each call
to the primary language model, a structured context message containing relevant memory (both
the general background and specific details retrieved for that turn), the conversation history, and
the guidance signal from the Dialogue Analyser is assembled.

The first layer tells the robot how to behave. The second tells it who it is talking to. The third builds
the actual per-turn prompt. Without all three working together, the robot might know how to behave,
but would lack the context to do so.



4
Experimental design

The previous chapters established the need for socially coherent robots and the architectural response
proposed by this thesis. This chapter describes how this approach is evaluated. The study is guided by
two primary research questions:

• Research Question 1: Does the Dialogue Analyser enhance the user’s conversational experience
compared to a baseline system without it?

• Research Question 2: Does the effect of the Analyser depend on the emotional load of the
conversation? In other words, is its benefit greater when participants are discussing something
stressful rather than something positive?

To address these questions, a controlled within-subjects experiment was conducted, involving the
social robot Pepper (see Figure 4.1). Pepper is a widely used, semi-humanoid robot designed specifically
for HRI [57]. Each participant engaged in two eight-minute conversations with the robot, where in one
conversation the Dialogue Analyser was active and one where it was not.

4.1 Experimental Conditions

The study uses a 2 x 2 within-subjects design that crosses two independent variables: system condition
(baseline versus Dialogue Analyser active) and conversation topic (positive versus stressful). Each par-
ticipant experiences both conditions, one per session. The specific pairing and order are determined by
random assignment to one of four counterbalancing groups.

4.1.1 System Condition

In the baseline condition, the social robot Noa, which is embodied by the humanoid robot Pepper, is
driven only by a GPT-4o language model and a standard companion role system prompt. This model
generates responses one at a time without any retrospective evaluation. It does not critique its own
preceding output or track behavioural patterns across turns. Nor does it have a mechanism for detecting
tone mismatches between its response and the participant’s emotional state.
In the active Dialogue Analyser condition, the same underlying GPT-4o model and system prompt are
used. However, a supervisory layer runs in parallel with every conversational turn, performing three
concurrent analyses as described in Chapter 3. All other aspects of the experiment are identical for each
participant, including the robot’s voice and physical appearance, the room setup, the experimenter’s
behaviour and the length of the conversation. Participants are not informed which condition is active
during which session. This information is only revealed during the debriefing session once both sessions
have been completed.

4.1.2 Conversation Topic

The second within-subjects factor is the emotional content of the conversation. At the start of each
session, the participant is given a prompt card with a conversation topic on it. In the positive topic
condition, they are asked to discuss a recent positive experience of their choice, such as a pleasant moment
with friends, a personal achievement or an upcoming event. In the stressful topic condition, they are
asked to discuss something that is currently worrying or stressful, such as an approaching deadline, a

15



4.2. SETTINGS 16

difficult conversation or an ongoing concern. Participants choose the specific content within each category
themselves, ensuring that the emotional material is personally relevant rather than externally imposed.
The topic factor tests whether the benefit of the Dialogue Analyser depends on the emotional load of the
conversation. It is hypothesised that the module adds most value when empathic attunement matters
most, i.e. in the stressful condition. If participants’ scores improve when discussing the stressful topic but
not the positive one, this suggests that the benefit is driven specifically by emotional sensitivity rather
than by a general improvement in conversational fluency. Without the positive topic as a comparison
point, this conclusion cannot be drawn.
The idea of a design in which participants would experience only one topic was considered, but rejected
because it would not allow the second research question to be tested. In order to determine whether
the module’s effect depends on emotional load, it is necessary for each participant to experience both a
stressful and a positive conversation. A between-subjects comparison of topics would confound the effect
of the topic with individual differences in expressiveness, stress sensitivity and baseline comfort with the
robot. Therefore, the within-subjects design is the only approach that cleanly separates the module’s
general effect from its emotionally specific one.

4.1.3 Counterbalancing

As shown in Table 4.1, four counterbalancing groups handle the crossing of condition order (baseline
first versus Dialogue Analyser active first) and topic order (positive first versus stressful first). The
16 participants were randomly and equally distributed across four groups (n = 4 per group). This
counterbalancing controlled for carry-over effects and session order effects. However, residual carry-over
effects such as mood, fatigue and adaptation to the robot’s voice cannot be fully eliminated given that
both sessions occur on the same day.

Group Session 1 Session 2 n
A Baseline + Stressful Topic Analyser + Positive Topic n/4
B Baseline + Positive Topic Analyser + Stressful Topic n/4
C Analyser + Stressful Topic Baseline + Positive Topic n/4
D Analyser + Positive Topic Baseline + Stressful Topic n/4

Table 4.1: Experimental Design Conditions

4.1.4 Participants

A total of 16 participants (7 male and 9 female, 22.2 ± 1.2 years) were recruited. The group was
mainly made up of engineering students, as well as a student of psychology and one of social work. All
participants were native Dutch (Flemish) speakers. At the start of the experiment, they were asked
if they were comfortable conducting the sessions in English and all participants agreed. Twelve of
them reported using AI chatbots on a weekly basis, indicating a high level of general familiarity with
conversational technology. However, most of them had no prior experience with physical social robots.
Their talkativeness was rated as M = 6.6 (SD = 2.0) on a scale of 1-10. Participants with severe hearing
or speech impairments that would affect their ability to interact naturally with the robot were excluded,
as were those with prior exposure to the Dialogue Analyser in an experimental context.

4.2 Settings

All sessions took place in a meeting room at the IGent building on the campus of Ghent University.
Participants sat facing the Pepper robot, which was positioned facing a white wall to optimise its face-
tracking performance, as is shown in Figure 4.1b. To overcome the limitations of Pepper’s built-in
microphones, each participant wore an external lapel microphone to ensure accurate voice detection and
clear speech transcription. Audio was played back through a tablet attached to the robot’s chest, which
also served as the primary interface, as can be seen in Figure 4.1a. The TEN Framework and all processing
ran on a high-performance external workstation equipped with a dedicated GPU. By decoupling the
computation from the robot in this way, response latency was reduced and it was ensured that the
parallel supervisory analyses of the Dialogue Analyser did not compete with the main conversational
pipeline for processing resources.
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(a) The Pepper robot, featuring the tablet-
based primary interaction interface.

(b) Participant orientation and robot po-
sitioning to optimise face-tracking perfor-
mance.

Figure 4.1: Experimental setting

4.3 Procedure

Each session lasted approximately forty to forty-five minutes and the overview can be found in Table 4.2.

Table 4.2: Overview of the experimental procedure and approximate timings per participant.

Phase Approximate Duration
Participant intake, consent and demographic form 8 minutes
Introduction to Noa 2 minutes
Session 1 (First conversation topic) 8 minutes
Post session 1 questionnaire 5 minutes
System changeover Background task
Session 2 (Second conversation topic) 8 minutes
Post session 2 questionnaire 5 minutes
Post experiment questionnaire, audio recorded interview and debrief 5 minutes
Total estimated time 40 to 45 minutes

Participants began by completing an informed consent form and a short questionnaire covering their
demographics (Appendix A.2), including their age, gender, field and year of study, baseline stress level,
prior experience with social robots and AI chatbots, general comfort with technology and any hearing
or speech-related issues. They then spent approximately two minutes in an unrecorded conversation to
familiarise themselves with Noa, to reduce the novelty effect, before any data collection began. For this
short introductory conversation, the opening was ‘Hi {user name}! I’m Noa, nice to meet you. Tell
me a bit about yourself or what you have been up to lately?’ This was followed by the first recorded
eight minute conversation, which began with a topic-specific greeting prompt. For the positive topic,
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Noa opened with ‘Hi {user name}! Good to see you. I heard something good happened recently. I’d love
to hear about it. What’s been a nice moment for you lately?’ For the negative topic, the opening was
‘Hi {user name}, good to see you. I heard you might have something on your mind today, feel free to
share whatever it is, I’m listening.’ Once the conversation had concluded, the participant completed the
post-session questionnaire while the experimenter silently switched the system to the alternate condition
in the background. A second eight-minute conversation then took place under the alternate condition,
after which the participant completed the questionnaire a second time. The experiment concluded with a
comparative survey, a brief semi-structured audio-recorded interview and a full debrief, during which the
experimenter explained the two-condition structure and described the Dialogue Analyser and its purpose.
They also answered any remaining questions. The full questionnaire can be found in Appendix A.1.

4.4 Metrics

Before deciding what to measure, it is important to clarify what a better interaction means in this context.
A conversation does not simply feel good because the robot produces fluent sentences. It feels good when
the robot notices your emotional state, responds with an appropriate tone and takes the initiative to
maintain the conversation rather than passively waiting for you to speak [59, 68]. The Dialogue Analyser
is designed to address these issues and each measure in this study targets something that the module is
designed to improve or prevent. All scale choices follow the guidelines established by Saad et al. [65] and
the GMU HRI Scale Database, which rates scales against a thirteen-item psychometric quality checklist
[27]. Only scales that have been rated above 77% on this checklist or have comparable independent
validation are included. One scale that did not survive this process is Godspeed, which Saad et al.
identify as requiring further investigation before use in HRI contexts, as its sub-scales do not clearly
distinguish the constructs they claim to measure.

4.4.1 Perceived Empathy

Perceived empathy captures whether the participant felt that the robot recognised their emotional state
and responded in a way that was appropriate to how they were feeling, rather than just saying something
kind.
This measure is assessed using the Perceived Empathy of Technology Scale (PETS), which was devel-
oped by Schmidmaier et al. through a rigorous, multi-phase process [66]. This makes PETS the most
thoroughly validated empathy scale for interactive systems currently available. The scale has two sub-
scales. The Emotional Response sub-scale (PETS-ER) captures the emotional side of empathy across
six items: Did the robot seem to notice and respond to the participant’s feelings? Did it show interest?
Did it sympathise or support the participant through an emotional situation? The Understanding and
Trust subscale captures the cognitive side of empathy across four items: did the robot understand the
participant’s goals, needs and intentions and did the participant trust it? Items are rated on a five-point
Likert scale, with each subscale scored as the mean of its items.
PETS was primarily validated with conversational agents, such as chatbots and voice assistants, rather
than with embodied robots. While the constructs it measures do translate directly to embodied inter-
action, absolute baseline scores may differ and this is acknowledged as a limitation. It is expected that
PETS scores will be higher in the active condition of the Dialogue Analyser, with the largest effect occur-
ring during the stressful topic, where empathic attunement matters most. This prediction follows from
the architecture of the module. The pre- and post-analysis components detect and respond to negative
emotional signals, such as worry and sadness, rather than positive ones, such as excitement or joy. There-
fore, the module is most likely to activate when the topic is stressful, which is why the largest empathic
benefit is expected there.

4.4.2 Emotional Appropriateness

Emotional appropriateness is related to, but distinct from, empathy. For example, a robot could score
highly for overall empathy yet still misjudge the tone of a specific moment, responding cheerfully when
someone shares a worry or remaining serious when the conversation turns to lighter topics. The pre-
analysis phase of the Dialogue Analyser is designed to identify this type of failure, making this construct
useful for determining whether the module is effective.
As there is no validated standalone scale for emotional appropriateness in HRI, it is captured through
triangulation across three sources. The PETS item ‘The robot supported me in coping with an emotional
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situation’ assesses whether the response felt appropriate to the situation emotionally. The custom item
‘The robot seemed aware of changes in my mood or tone’ directly measures tone tracking. The open-
ended reflection question, which asks whether there was a moment when the robot’s response surprised the
participant either positively or negatively, often reveals incidents of tone mismatch because participants
naturally describe the exact moments when something felt inappropriate.

4.4.3 Conversational Naturalness

Naturalness captures the overall feel of the conversation in terms of pacing, timing and flow. It is measured
using a single Mean Opinion Score (MOS)-style item, which is rated on a five-point scale ranging from
’Very unnatural’ to ’Very natural’, following the ITU-T Recommendation P.800 standard for subjective
assessment of conversational quality [36]. Only one item is used because there is no validated multi-
item naturalness scale for HRI in the GMU database. Constructing an unvalidated composite would
create the impression of a richer measure without the necessary psychometric foundation. This item is
supplemented by five custom conversational dynamics items, which capture aspects of conversational flow
quality (Appendix A.1 Block D).

4.4.4 Interaction Enjoyment

Enjoyment integrates all of the participant’s experiences, both positive and negative, into a single overall
judgement about whether talking to the robot was worthwhile. In the context of the eldercare deployment
targeted by this thesis, it is also the most practically meaningful outcome as it predicts whether a person
will engage with the robot again. A robot that scores highly for empathy but feels unnatural or forced
may still fail here.
Enjoyment is captured through two complementary instruments. The primary measure is a single Lik-
ert item per session, adapted from the ’Perceived Enjoyment’ (PENJ) construct of the Almere Model
[32], which is a framework that has been specifically validated for evaluating social robot acceptance
among older adults. The post-experiment questionnaire contains four forced-choice comparative judge-
ment items, asking participants to select which session felt more natural, empathic, understanding and
enjoyable. As participants cannot rate both sessions equally, this format eliminates the bias associated
with using a scale and is expected to be more sensitive than the single Likert item (participants can’t give
both sessions a 4 for example). Given the low reliability of single items, self-report enjoyment ratings
are expected to show small or null differences between conditions, while the forced-choice measures are
expected to be more discriminating.

4.4.5 Felt Comfort

’Felt comfort’ captures how relaxed or tense the participant felt during the conversation. It is distinct
from both perceived empathy, which evaluates the robot’s behaviour, and enjoyment, which is a retro-
spective, global judgement. Felt comfort focuses on the participant’s own emotional state during the
interaction. This distinction is important because the Dialogue Analyser is designed to make the robot
more emotionally attuned, which should, in turn, make participants feel more at ease, especially when
discussing stressful topics where someone sharing a personal worry needs the conversation to feel safe.
Felt comfort is measured using a single MOS style item rated on a five-point scale from ’Very uncom-
fortable’ to ’Very comfortable’. A single item is used for the same reason as for naturalness as there is
no validated, short, multi-item felt-comfort scale for HRI. To build a more complete picture of what this
score captures, it is triangulated with the post-session stress item, the enjoyment item and the PETS
Understanding & Trust sub-scale. It is expected that felt comfort will be higher in the active Dialogue
Analyser condition, with the greatest effect on the stressful topic and smaller or null effects on the positive
topic.

4.4.6 Robot Social Attributes (RoSAS warmth and discomfort) [13]

RoSAS captures the participant’s overall perception of the robot as a social entity, including how warm or
cold and comfortable or unsettling they found it throughout the conversation. If the Dialogue Analyser
makes the robot feel warmer overall, rather than just being more empathic at certain points, RoSAS
Warmth will detect this. Similarly, if the module’s interventions make the robot seem unnatural or
overly attentive in a way that makes the participant feel uncomfortable, RoSAS Discomfort will flag this.
Only the Warmth and Discomfort subscales are used. The Competence sub-scale is excluded because the
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Dialogue Analyser targets emotional behaviour rather than task performance and including it would add
six items per session for limited theoretical gain.
The warmth sub-scale has only five questions because the ’organic’ question has been omitted, as it is
vague and would not provide any useful information to participants. This sub-scale is a positive outcome,
scored as the mean of its items. Higher scores indicate a greater perception of warmth. Discomfort (six
items) is a negative outcome, meaning that a higher score indicates greater discomfort. Given that RoSAS
is a holistic measure and the module targets specific moments, modest effects on Warmth are expected.
Discomfort should remain near the minimum in both conditions.

4.4.7 Conversational Dynamics

Five custom items target specific functions that the Dialogue Analyser is designed to perform, such as
taking the initiative in guiding the conversation, responding at the right moment, maintaining the flow
of the conversation and noticing shifts in mood or tone. As no published HRI instrument covers this
combination of constructs, these items were written specifically for this study. Prior to analysis, the topic-
pacing item is reverse scored, and items can be averaged into a single Dialogue Analyser responsiveness
composite or examined individually, depending on the research question.

4.4.8 LLM-as-a-Judge

The LLM-as-a-Judge approach complements self-report measures. Using an LLM as an evaluation tool
is a validated methodological approach in HRI research. It has been shown to produce ratings that
correlate well with human judgement when applied to well-defined coding schemes [85]. An LLM, in
this case Claude Opus 4.7, receives each conversation transcript without any information about the
experimental condition. Empathic response quality is rated using the Empathic Communication Coding
System (ECCS) as applied by Pinto et al. [61], which evaluates the appropriateness of empathic responses.
The robot response is rated on a scale from 0 to 6 based on how effectively it acknowledges and addresses
the emotional content of the preceding user turn, as can be seen in Table 4.3. In addition to the ECCS
score, three structural metrics are extracted per turn: whether the robot grounded its response in specific
content from the user’s turn (named place, person, etc.), whether it acknowledged the user’s emotion and
whether it asked more than one question in a single turn. Combining self-report and automated scoring
means that conclusions about the effect of the Dialogue Analyser rest on two independent sources of
evidence rather than one.

Table 4.3: Coding levels for the Empathic Communication Coding System (ECCS), with illustrative
robot examples.

Level ECCS (0–6): Empathic appropriateness
0 Ignores, denies, or contradicts emotion. User: “I’m sad.” Robot: “That’s not true.”
1 Minimal acknowledgment; flat response. “Okay.” / “I see.”
2 Recognition: names or echoes emotion without depth. “You’re happy about that.”
3 Reflection: mirrors emotion with warmth. “That sounds really special for you.”
4 Pursuit: encourages elaboration. “That seems important—tell me more about what it

meant.”
5 Confirmation: deeper, accurate understanding. “I can tell it gave you comfort just

being together.”
6 Additive empathy: provides new meaning or reframe. “It sounds bittersweet—you

miss those days, but they also gave you strength you carry now.”

4.5 Data Analysis Plan

The analysis is structured to address the two research questions sequentially. Before any hypothesis tests
are performed, a series of preparatory steps ensure that the data is ready for analysis.

4.5.1 Scale Reliability and Scoring

Before computing composite scores, the internal consistency of each multi-item scale is examined using
Cronbach’s α. This step is necessary because averaging items into a single score only makes sense if those
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items measure the same underlying construct. If internal consistency falls below acceptable thresholds,
items will be inspected individually and removed or reorganised where appropriate. If the items within
a scale measure different concepts, those items will be grouped into separate indexes rather than being
forced into a single composite score. Items showing severe floor and ceiling effects (zero variance) across
all participants cannot contribute to any statistical analysis and will be excluded from hypothesis testing,
being reported descriptively only.

4.5.2 Normality Assessment and Multiple Comparisons Correction

For paired comparisons (RQ1), normality is assessed using the Shapiro-Wilk test on the difference score
for each participant (Analyser - Baseline). This is the appropriate approach for within-subject designs,
since it is the distribution of the difference that matters, rather than that of each condition separately.
For the interaction effect (RQ2), the normality of the residuals is assessed before running the mixed
ANOVA. Eight outcomes (overview in Table 5.2) are tested simultaneously for each research question.
Testing eight hypotheses at an α level of .05 creates a roughly 34% chance of at least one false positive
(Type 1 error) occurring by chance alone. To address this issue, the Benjamini-Hochberg false discovery
rate (FDR) procedure is applied to all eight raw p-values for both RQ1 and RQ2. This approach is
preferable to the Bonferroni correction, as the latter would be too strict for correlated outcomes in a
small sample.

4.5.3 Statistical Tests

For RQ1, if the difference score is approximately normally distributed, a paired t-test is used. Where
normality is violated, the Wilcoxon signed-rank test is used instead. This adaptive strategy is applied
to each outcome rather than selecting one test for all measures. For RQ2, a 2 x 2 mixed ANOVA is
used, with condition (Analyser versus Baseline) as the within-subjects factor and topic (stressful versus
positive) as the between-subjects factor. The central focus is on the interaction between condition and
topic: does the benefit of the Analyser differ depending on the topic assigned to the participant? An
overview of the test selection procedure for RQ1 is given in Figure 4.2.
Due to the small sample size of the main analysis cohort, all findings are treated as exploratory rather
than confirmatory. Statistical power refers to the probability of detecting a true effect if it exists. A
post-hoc power analysis using a non-central t-distribution revealed that with N = 16, the study achieves
adequate power (≥80%) only when the true effect is large (d ≥ 0.75). For a medium effect (d ≈ 0.5), a
sample of approximately N = 33 would be required to reach the same level of power. In practical terms,
this means the study is well equipped to detect strong, robust effects but may miss smaller yet meaningful
ones. Non-significant results should therefore be interpreted as inconclusive rather than as evidence of
no effect.
For the LLM-as-a-Judge analysis, the empathic quality of each robot response to emotionally marked
turns is compared between the Analyser and Baseline conditions using Mann-Whitney U tests, based on
the ECCS scale output. Fisher’s exact tests are used to compare the multi-question rate and grounded
reference rate between conditions, as these are appropriate for binary outcomes with small cell counts.
FDR correction using the Benjamini-Hochberg procedure is applied to all tests.
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Figure 4.2: Test selection procedure for RQ1 based on study design and normality. For RQ2, a 2x2 mixed
ANOVA was used to test the condition x topic interaction.



5
Results

The chapter is organised as follows: Section 5.1 covers preliminary analyses, including scale reliability
diagnostics and a manipulation check. Sections 5.2 and 5.3 address the two primary research ques-
tions. Section 5.4 presents secondary analyses, including forced-choice preference data, within-person
consistency profiles, session order effects and demographic covariates. Section 5.5 reports conversational
dynamics and latency.

5.1 Data Preprocessing and Diagnostics

5.1.1 Scale Reliability Diagnostics

Before computing composite scores and conducting any statistical tests, the internal consistency of each
scale was examined using Cronbach’s α. According to the established benchmarks of George and Mallery
[26], α ≥ .80 was considered good, α ≥ .70 acceptable, α ≥ .60 questionable but usable and α < .60 poor,
indicating that a scale may not measure a single coherent construct. The results, along with the decision
taken for each scale, are presented in Table 5.1.

Table 5.1: Reliability Analysis for Study Scales

Scale Items α Verdict Decision

RoSAS Warmth (5-item) 5 .585 Questionable
4-item composite, ‘Seemed happy’
removed

RoSAS Discomfort 6 .544 Poor Excluded from inferential analysis
PETS Emotional Response 6 .596 Questionable Retained as composite
PETS Understanding and Trust 4 .693 Acceptable Retained as composite

Custom Dialogue (5-item) 5 .386 Poor
Split into Proactivity and Timing
indexes

Two scales required structural modification prior to analysis. For the RoSAS Warmth scale, the item
‘Seemed happy’ showed near-zero inter-item correlations with all other items (r ≈ .00 to .15), suggesting
that robots in laboratory settings tend to be rated as uniformly happy, regardless of experimental condi-
tion. Removing this item increased the Cronbach’s alpha coefficient from .585 to .629, so all subsequent
analyses use a 4-item Warmth composite. For the RoSAS Discomfort scale, the item ‘Seemed dangerous’
exhibited zero variance across all observations (M = 1.00, SD = 0.00), indicating a floor effect. Items with
zero variance contribute no statistical information, as no correlation can be computed and no test retains
power. The Discomfort composite was therefore excluded from all inferential analyses. The floor effect
is itself a finding, as no participant perceived the robot as threatening or dangerous in either condition.
The PETS Emotional Response Scale showed an α of .596, with mild ceiling effects on two items (‘Sym-
pathised with me’, M ≈ 4.3; ‘Showed interest in me’, M ≈ 4.5).
The PETS Understanding & Trust scale performed best in the battery (α = .693), with all four items
(‘Understood my goals’, ‘Trusted the robot’, ‘Understood my needs’, ‘Understood my intentions’ ) cohering
well. It was retained as a composite scale without modification.
The overall α of .386 for the Custom Dialogue Scale was poor. Inspection of the inter-item correlation
matrix revealed that the five items did not form a single construct but fell into two clusters with negative
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cross-cluster correlations. Items 1, 3 and 4 (‘Took initiative in guiding’, ‘Kept the conversation flowing’,
‘Aware of mood/tone changes’ ) form a proactivity subscale, capturing the robot’s active conversational
guidance. Items 2 and 5 (‘Responded at the right moment’ and ‘Did not rush topic changes (Reversed)’ )
form a Timing subscale, which captures the appropriateness of the robot’s conversational pacing. The low
subscale α values (.138 and .545, respectively) suggest that these subscales function as indexes (the sums
of related items) rather than unidimensional scales [9]. Therefore, statistical findings for these composites
are interpreted item-by-item rather than assuming the composite captures an underlying trait.
Following the scale modifications described above, eight outcome measures were taken forward for hy-
pothesis testing. These are presented in Table 5.2.

Table 5.2: The 8 Outcome Measures Used in Hypothesis Testing

Outcome Scale Type

RoSAS Warmth (4-item) RoSAS Composite
PETS Emotional Response PETS Composite
PETS Understanding and Trust PETS Composite
Custom Proactivity (items 1, 3, 4) Custom Dialogue Index
Custom Timing (items 2, 5rev) Custom Dialogue Index
Naturalness Single item Item
Felt Comfort Single item Item
Enjoyment Single item Item

5.1.2 Manipulation Check

To verify that the topic assignment produced a meaningful difference in subjective stress levels, the post-
session stress ratings were compared by contrasting each participant’s rating after their stressful topic
session with their rating after their positive topic session. This kind of manipulation check is needed to
verify that the experimental manipulation, in this case the topic assignment, has produced the desired
difference between conditions [7]. If the stressful topic did not produce higher stress levels than the
positive topic, then any differences between the two topic conditions could not be linked to emotional
load.
The difference scores were not normally distributed (Shapiro-Wilk W = 0.880, p = 0.039), so a Wilcoxon
signed-rank test was employed and the manipulation check reached significance. As can be seen in Figure
5.1a, the mean stress score after the stressful topic session was 4.00 (SD = 1.51), compared to 3.19
(SD = 1.26) after the positive topic session (W = 10, p = .021, RBC = 0.744). Participants reported
significantly higher stress after the stressful topic session than after the positive topic session, confirming
that the topic assignment produced a meaningful difference in subjective stress.

Examining the stress trajectory across the experiment provides additional context (Figure 5.1b).
Stress was measured at three timepoints: before the experiment began and after each session. The
highest post-session stress was recorded after the Baseline condition with a stressful topic (M = 4.38, SD
= 1.51) and the lowest after the Baseline condition with a positive topic (M = 2.50, SD = 1.07). The
Analyser condition with a stressful topic produced lower post-session stress (M = 3.62, SD = 1.41).
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(a) Manipulation Check: Post-session stress by topic.
(b) Post-session Stress by Condition & Topic. Dashed
line indicates pre-experiment baseline (M = 3.56).

Figure 5.1: Analysis of user stress levels following the interaction. Panel (a) confirms the successful
manipulation, showing higher post-session stress in the stressful topic condition than in the positive
topic. Panel (b) shows the absolute stress levels in each of the four experimental conditions relative to
the pre-experiment baseline.

5.2 RQ1: Main Effect of the Dialogue Analyser

The first research question was whether activating the Dialogue Analyser produced higher scores than
the Baseline condition across the eight outcome measures. Those outcome measures and their results are
presented in Table 5.3.
From the eight outcomes tested, only the Custom Proactivity index survived FDR correction (pFDR =
.009, d = +0.95). Participants rated the robot significantly higher for proactive conversational guidance
when the Analyser was active, with a mean score of 3.75 compared to 3.40 under the Baseline condition.
This was the most consistent finding in the dataset, with 11 out of 16 participants showing a positive
Analyser-Baseline difference on this index (and only one person showing a negative difference). The
remaining seven outcomes did not reach significance after correction. The Custom Timing index trended
in the opposite direction (d = -0.32, pFDR = .699), indicating that participants rated timing-related
behaviour lower with the Analyser active than with the Baseline condition.

Table 5.3: RQ1 Results: Paired Comparisons Between Analyser and Baseline (N = 16, FDR-corrected)

Outcome Test Analyser M Baseline M ∆ Effect pFDR

RoSAS Warmth (4-item) t-test 3.59 3.45 +0.14 d = +0.27 .699
PETS Emotional Response t-test 3.80 3.82 -0.02 d = -0.05 .827
PETS Understanding and Trust t-test 3.58 3.62 -0.05 d = -0.08 .827
Custom Proactivity (1,3,4) t-test 3.75 3.40 +0.35 d = +0.95 .009**
Custom Timing (2,5rev) t-test 2.75 3.03 -0.28 d = -0.32 .699
Naturalness Wilcoxon 3.50 3.38 +0.12 RBC = +0.20 .827
Felt Comfort Wilcoxon 3.88 4.00 -0.12 RBC = -0.25 .827
Enjoyment Wilcoxon 4.00 3.94 +0.06 RBC = +0.09 .827

Figure 5.2 shows the individual item means for the Custom Dialogue scale. The largest Analyser
advantage is visible on ‘Kept conversation flowing’ (RBC = +0.71, p-raw = .041, pFDR = .206), which
showed the strongest individual effect among the Proactivity items, though it did not survive FDR
correction. The only item where the Baseline clearly outperformed the Analyser was ‘Didn’t rush topic
changes’ (d = -0.43, p-raw = .088, pFDR = .220), consistent with the negative trend observed for the
Timing index.
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Figure 5.2: Custom Dialogue: Individual Item Analysis

5.3 RQ2: Condition x Topic Interaction

The second research question investigated whether the effect of the Dialogue Analyser was dependent on
the emotional content of the conversation.
A 2 x 2 ANOVA test was performed and, from the eight outcomes, only PETS Emotional Response
produced a significant interaction after FDR correction (F(1, 14) = 12.68, pFDR = .025, η2p = .475). As
shown in Figure 5.3a, in the stressful topic group, the Analyser performed better than the Baseline on
perceived emotional responsiveness (M = 4.00 versus M = 3.88, ∆ = +0.12), while in the positive topic
group, the Baseline performed slightly better than the Analyser (M = 3.77 versus M = 3.60, ∆ = -0.17).

(a) Subjective: PETS Emotional Response (b) Objective: Turn-Level ECCS Scores

Figure 5.3: Condition x Topic Interaction. The subjective questionnaire finding (a) is mirrored by
the objective transcript analysis (b), demonstrating a consistent crossover effect where the Analyser
outperforms the Baseline during stressful topics (N = 16).

Post-hoc simple effects tested whether the Analyser outperformed Baseline within each topic group
separately. As expected given the small per-group sample size (n ≈ 8), neither post-hoc simple effect
(stressful alone or positive alone) independently reached significance for PETS-ER (stressful: praw = .558,
positive: praw = .422).
Complementing these subjective findings, an LLM-as-a-Judge analysis was done. The LLM-as-a-Judge
ECCS score exhibits a similar crossover pattern as the PETS-ER interaction, as can be seen in Figure
5.3b. Mean ECCS scores on emotionally flagged turns were 2.85 versus 2.76 in favour of the Analyser
for the stressful topic, and 2.79 versus 2.85 in favour of the Baseline for the positive topic. However, a
2x2 mixed ANOVA on the participant-level mean ECCS scores revealed that neither the main effect of
condition (F(1, 14) = 0.05, praw = .834, η2p = .003), the between-subjects group effect (F(1, 14) = 0.61,
praw = .448, η2p = .042), nor the condition x topic interaction (F(1, 14) = 0.30, praw = .594, η2p = .021)
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reached significance.
During emotionally charged interactions in the stress condition, the Analyser never asked more than one
question per response (0 out of 82 emotional interactions, or 0%), whereas the Baseline did so in 8.5%
of cases (6 out of 71). This difference was significant after FDR correction (Fisher’s exact test, pFDR =
.036). Approximately once in twelve instances where the Baseline robot was confronted with an emo-
tionally charged user statement, it responded by asking two questions at once. In the positive condition,
no meaningful difference was found between the two conditions with regard to emotional turns (13.7%
versus 11.3% for the Baseline, Fisher’s exact test, pFDR = .797).
The Custom Proactivity finding from RQ1 was replicated within the ANOVA framework, with the Con-
dition main effect again reaching significance (F(1, 14) = 16.45, pFDR = .009, η2p=.540). Among the
post-hoc simple effects, Custom Proactivity showed a significant advantage for the Analyser in the stress-
ful topic group (praw = .034), while no significant difference was found in the positive topic group (praw
= .497). Felt comfort showed a trend towards a condition x topic interaction (F(1, 14) = 4.20, praw =
.060, pFDR = .239), which is worth noting for replication in larger samples.

5.4 Secondary Analyses and Methodological Checks

5.4.1 Forced-Choice Preference

Figure 5.4: Forced-choice preference results (N = 16). The dashed line indicates level (n = 8).

After completing both sessions, participants were asked which session they felt was more natural,
empathic, understood and enjoyable. Binomial tests were used to assess whether the observed preference
proportions differed from chance.
The results are shown in Figure 5.4. The only question that reached significance was ‘More understood’,
where 10 out of 13 participants who expressed a preference chose the Analyser session (77%, praw = .046).
This aligns directionally with the PETS Understanding & Trust scale, which did not reach significance
in the paired test, likely due to insufficient power at N = 16. For the remaining three questions, the
Analyser was favoured in the right direction, with 67% preferring it for naturalness and empathy and
62% for enjoyment, but none of these reached significance. Additionally, 69% of participants (11 out
of 16) reported noticing a difference between the two sessions, suggesting that the manipulation was
noticeable even when formal tests did not reach significance.

5.4.2 Within-Person Consistency

To examine how consistently the Analyser effect held at the individual level, the Analyser-Baseline
difference score was computed for each participant on each outcome, as can be seen in Figure 5.5. A
positive score means the participant rated the Analyser session higher than the Baseline and a negative
score means the reverse.
11 out of 16 participants rated the Analyser higher for Custom Proactivity, one rated it lower and four
showed no difference. For all other outcomes, participants were roughly evenly split between those who
rated the Analyser higher and those who did not. The null results for the other outcomes do not reflect
an absence of effect, but rather a pattern where the Analyser helped some participants but had no effect
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on others. Individual characteristics such as personality, conversational style and sensitivity to the topic
likely determine who benefits and who does not.

Figure 5.5: Within-person profiles showing the Analyser-Baseline difference score for each participant
across all eight outcomes (N = 16). Orange dots indicate participants for whom the Analyser scored
higher than Baseline, blue dots indicate the reverse. The red dashed line shows the group mean difference.
The shaded region represents the 95% confidence interval around the group mean.

5.4.3 Session Order Effects

To verify that the counterbalancing procedure had successfully prevented session position from influencing
condition comparisons, a paired t-test or Wilcoxon test was conducted on Session 1 versus Session 2 scores
for each outcome, with the results being averaged across conditions. After FDR correction, no significant
order effects were found on any of the eight outcomes. Participants did not systematically rate the second
session differently from the first, regardless of the condition it contained.

5.4.4 Demographic Covariates

To examine whether individual characteristics moderated the Analyser’s effect, Spearman ρ correlations
were computed between each demographic variable (age, tech comfort, talkativeness, AI chatbot experi-
ence and prior robot experience) and each Analyser condition outcome score, yielding 56 simultaneous
tests. No demographic variable survived FDR correction. The three strongest raw associations were tech
comfort and RoSAS Warmth (ρ = +0.69, praw = .003, pFDR = .179), tech comfort and Custom Proac-
tivity (ρ = +0.65, praw = .006, pFDR = .179) and age and Custom Timing (ρ = -0.62, praw = .010, pFDR

= .184). Correlations involving prior robot experience are based on only four participants and should be
interpreted with particular caution. Given the small sample size and the number of simultaneous tests,
these associations should be treated as hypotheses for future research rather than conclusions.

5.5 Conversational Dynamics and Latency

Three behavioural metrics were extracted from the session silence logs to complement the self-report
data: mean human turn duration (defined as how long participants spoke for on average per turn), robot-
to-human (R→H) latency (defined as the silence between the end of a robot turn and the start of the
participant’s response) and human-to-robot (H →R) latency (capturing how long the robot took to begin
responding after the participant had finished speaking). This final metric is an indicator of whether the
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Dialogue Analyser introduced processing delays into the interaction. All 16 participants were included
in this analysis. Of these, 2 participants assigned to Group C, whose first session combined the Analyser
with a stressful topic, reported finding the interaction strange. This is likely because they were required
to immediately discuss a stressful topic while still habituating to the novelty of a robot, as can be seen in
the questionnaire answers, P10: ‘At first, I felt a bit akward because I am not used to talk with a robot.’
Sensitivity analyses excluding these two participants are reported alongside the main results.

Figure 5.6: Comparison of conversational latency metrics between the Baseline and Analyser conditions
(N = 16). Bar heights represent the group mean for each condition, with error bars indicating ± 1
Standard Error of the Mean (SEM). The text below each metric details the within-participant trends,
showing the number of individuals who exhibited longer/faster times when interacting with the Analyser.

The mean duration of human turns did not differ significantly between conditions (M = 14,186 ms
versus M = 14,239 ms, paired t-test: pFDR=0.972, d=-0.009), suggesting that participants spoke for
comparable amounts of time regardless of condition. In the sensitivity analysis excluding the two Group
C participants, participants spoke on average 1.4 seconds longer per turn in the Analyser condition (M
= 14,637 ms versus M = 13,236 ms, paired t-test: pFDR = .293, d = +0.23).
Examining the two latency metrics, it was found that participants responded more quickly after the robot
had finished speaking in the Analyser condition than in the Baseline condition with a medium to large
effect (R→H latency: M = 1,644 ms versus M = 2,033 ms; paired t-test: praw = 0.047, pFDR = .071;
d=-0.625). The robot itself also responded significantly faster under the Analyser condition than under
Baseline (H→R latency: M = 7,045 ms versus M = 8,843 ms; pFDR = .009, RBC=-0.809), which was a
large effect. Sensitivity analyses excluding the two Group C participants yielded consistent conclusions
for Human-to-Robot latency (M = 7,153 ms versus M = 8,906 ms; pFDR = .006) and a slightly stronger
effect for Robot-to-Human latency (M = 1,561 ms versus M = 2,041 ms; pFDR = .042).



6
Discussion

This chapter interprets the findings reported in Chapter 5 in relation to the two research questions that
formed the basis of this study:

• Research Question 1: Does the Dialogue Analyser enhance the user’s conversational experience
compared to a Baseline system?

• Research Question 2: Does the effect of the Analyser depend on the emotional load of the
conversation?

Overall, the results suggest that the Dialogue Analyser successfully transformed the Baseline LLM
from a reactive responder into a proactive conversational partner. The system achieved a significant
and consistent increase in perceived conversational proactivity. However, the data also reveal that the
benefits of this architecture are context-dependent. The system significantly improved the perception of
emotional understanding during stressful conversations, but not during positive ones.
The discussion is organised around three themes. Section 6.1 addresses the effect of the Dialogue Analyser
on conversational proactivity and the timing trade-off it introduced. Section 6.2 examines the context-
dependent nature of the Analyser’s empathic attunement, supported by the subjective scales, objective
LLM-as-a-Judge metrics and forced-choice preference data. Section 6.3 discusses the latency findings.

6.1 Effect on Timing and Proactivity

While the Dialogue Analyser did not produce a broad improvement across all eight outcome measures,
it did produce a significant improvement in conversational proactivity and this finding held across both
topic conditions. This is important because a proactive companion robot can support a user who is too
withdrawn, fatigued, or uncertain to maintain the conversation themselves. This means that the weight
of the relationship is not entirely placed on the vulnerable user [37, 68]. The proactivity module, which is
described in Section 3.3.4, addressed this issue by monitoring the conversation for moments when a new
perspective, an unacknowledged detail or a reference to something the user had previously mentioned
could prevent the exchange from becoming repetitive.
From all the outcomes, only the Custom Proactivity Index survived FDR correction across both research
questions, demonstrating a large effect size (d = +0.95) and exhibiting the most consistent individual
profile in the dataset. 11 out of 16 participants rated the Analyser higher, with only one rating it lower.
Without an explicit supervisory mechanism, LLMs respond to what the user says, but they cannot
anticipate where the conversation needs to go. The Baseline condition demonstrated this limitation in
practice, producing fluent and contextually appropriate responses, yet failing to reliably take the initiative
or maintain the directional flow of the conversation.
This was also visible in the qualitative feedback. For example, participant 14 noted about the Baseline +
Positive topic condition that the robot ‘feels like it gets stuck in the same conversation and doesn’t push
the conversation to a next topic or a next level’ and that ‘at the end of the conversation he kept kind of
summarising the conversation we just had instead of trying to initiate another topic.’ In their Analyser
session on a stressful topic, this participant wrote that, in the second session, the robot ‘seemed more
interested to keep the conversation going and tried to help me find solutions to my problems’, which is
a within-person comparison that directly captures the effect that the Proactivity module was designed
to produce. Participant 9 noted about the Baseline + Stressful condition that:‘I felt that in the second
conversation, it was more difficult to keep the conversation going, because the robot gave more ‘non
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sequitur’ [i.e. not logically following] answers.’ Participant 15 said about their Baseline + Positive
session that the robot ‘always summarised or repeated my answers, and that bothered me’, again an
example of a pattern that is consistent with a system that lacks proactive direction and therefore tends
to echo the user’s own words rather than advancing the exchange.
Item-level analysis showed that the dominant driver was the item ‘Kept conversation flowing’ (RBC =
+0.71), while other proactivity items contributed more modestly.
The timing index trended in the opposite direction (d = -0.32) and requires careful analysis. At the item
level, ratings for ‘Responded at the right moment’ were comparable across conditions, so the negative
trend for the Analyser condition was driven entirely by the response to the item ‘Did not rush topic
changes’. This relates to when the robot redirected, not when it spoke. As described in Section 3.3.4,
the Proactivity module operates on a heuristic trigger: a baseline of six turns, with earlier activation
if engagement signals drop. There is no mechanism in the module for estimating how long a given
participant wishes to remain on a topic before moving on. The module predicts what to raise next, but
not when the user is ready for it and in some sessions this redirection occurred before the participant was
ready to transition.
Therefore, the answer to the first research question is that, while the Dialogue Analyser did not produce
a broad improvement across all outcome measures, participants did notice that the robot guided the
conversation more actively and this perception remained consistent across both topic conditions and
individuals.
However, while users recognised this increased proactivity, it is equally important to note what the
Analyser did not change. Perceived warmth, felt comfort, naturalness and enjoyment were the same with
and without the Analyser, indicating that the robot was not more pleasant overall. While several of
these outcomes showed small positive directional trends (RoSAS Warmth: d = +0.27; Naturalness: RBC
= +0.20), none survived FDR correction. As the study was only powered for large effects and sessions
lasted approximately eight minutes, it is possible that these dimensions require a longer exposure period
to shift meaningfully. These outcomes should be treated as inconclusive rather than null and represent a
priority target for replication with larger samples and longer interaction protocols.

6.2 Context-Dependent Emotional Attunement

If overarching metrics like warmth and comfort did not show an overall improvement, where did the Anal-
yser then add value? The data reveals that the empathic benefit of the Dialogue Analyser emerges when
the conversation provides the supervisory layer with clear emotional signals to act on and it is absent
when these signals are not present. This conclusion is supported by the PETS-ER crossover interaction,
the LLM-as-a-Judge transcript analysis and the forced-choice preference data.
The crossover interaction on PETS-ER (pFDR = .025, η2p = .475) reveals that the impact of the Anal-
yser on perceived emotional intelligence depended on the emotional content of the conversation. When
participants discussed a stressful topic, the Dialogue Analyser outperformed the Baseline measure in
terms of perceived emotional responsiveness. However, when the topic was positive the pattern reversed.
The Baseline PETS-ER scores remained stable across both topic conditions. This indicates that GPT-
4o, when not using the Analyser, produced a consistent but generic emotional response, regardless of
whether the user was expressing distress or positivity. The flat Baseline score is evidence of the system’s
context-blindness.
It is worth noting that the Baseline was already quite empathic. It was driven by a companion persona
prompt that instructed GPT-4o explicitly to be attentive and friendly. The reasonably high absolute
scores (M = 3.82) confirm that this worked as intended. Therefore, the Dialogue Analyser did not create
empathy where there was none, but added situational awareness to an already empathic system. For
instance, a general empathic prompt instructs the robot to appear warm in all situations, but it cannot
recognise when a user who has just shared something difficult needs space rather than two questions at
once, or when a significant personal moment has passed without proper acknowledgement and deserves
to be revisited. This also suggests that the Analyser would be even more beneficial in systems that do
not start from an empathic prompt.
The LLM-as-a-Judge transcript analysis provides two complementary signals to explain the mechanism
behind this crossover. ECCS scores on emotionally flagged turns show a non-significant directional
crossover pattern that is consistent with the PETS-ER interaction. The effect sizes are negligible to
small, clustering around the reflection level (ECCS = 3) across all conditions (2.85 versus 2.76 for stress-
ful topics and 2.79 versus 2.85 for positive topics for Analyser versus Baseline, respectively). This limits
the sensitivity of the measure in detecting differences between conditions. The structural quality metrics
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are more revealing. During the stressful topic, the Baseline robot asked two questions in 8.5% of emotion-
ally flagged turns. For the Analyser, this was 0%, suggesting that the Analyser was able to avoid asking
a distressed user two questions simultaneously under negative emotional pressure. This means that, on
average, the robot replied by asking two questions at once approximately once in every twelve times a
participant in the Baseline condition shared something emotionally loaded. As discussed in Section 2.1.2,
asking multiple questions simultaneously during emotionally charged conversations feels unnatural and
creates an excessive cognitive burden [61]. For a distressed elderly user, being asked, ‘How long have you
been feeling this way? Have you spoken to anyone about it? ’ in a single turn is overwhelming and not
supportive. The findings of the ECCS pattern, the multi-question finding and the PETS-ER interaction
are therefore all consistent with each other.
The qualitative data and stress trajectory confirm that participants felt this behavioural difference. Par-
ticipant 7, whose Analyser session covered a stressful topic, reflected that ‘I feel really understood by the
robots. He also shows empathy, he really tries to help me. It’s not that he just answers and then moves
on.’, which is also something that the post-analysis is designed to prevent.
The stress trajectory data reported in Section 5.1.2 provides further supporting evidence. Post-session
stress was lower after the Analyser condition on a stressful topic (M = 3.62) than after the equivalent
Baseline session (M = 4.38). This suggests that the module may have partially buffered the emotional
impact of the conversation.
The reversal on positive topics is more difficult to interpret. When the conversation was light, the Base-
line performed better than the Analyser in terms of PETS-ER, but this difference was not statistically
significant (praw = .422). The Analyser’s pre- and post-processing components primarily manage the
emotional content of conversations by detecting signals of distress or missed emotion and they rarely
intervened during sessions on positive topics where these signals were largely absent. When the Anal-
yser did engage under these conditions, it was mostly through the proactivity mechanism rather than
emotional guidance, which also explains the slightly higher multi-question rate in the positive Analyser
condition. The proactivity module introduced new conversational directions through questions, without
having an incorporated question limit per turn. In practice, this is less of a concern than equivalent
behaviour under stress because in the positive condition, emotionally flagged turns usually reflect joy or
excitement rather than distress. So for most turns, the conversation unfolded in the same way as in the
Baseline condition. Therefore, the crossover pattern shows that the Analyser’s advantage was concen-
trated in the stressful topic condition, where there was a clear emotional target, rather than indicating
that the module has a negative impact on positive conversations.
The forced-choice preference data reached the same conclusion from a different angle of measurement.
When asked directly which session made them feel more understood, 77% of participants who expressed a
preference chose the Analyser session (praw = .046). Unlike the PETS scales, which asked participants to
rate specific robot behaviours after each session, the forced-choice question asked them to compare both
sessions and name which one made them feel more understood. The fact that the PETS Understanding
and Trust scale did not reach significance in the paired test is most likely due to insufficient power at N
= 16. As noted in Section 4.5.3, a sample of 33 participants is normally needed to detect a medium-sized
effect. The fact that a clear preference emerged with only half that number indicates that the Analyser
produces a strong effect.

6.3 Latency Dynamics and Architectural Efficiency in Parallel
Processing

A valid concern regarding any architecture that incorporates a supervisory processing layer into a real-
time dialogue pipeline is whether the additional API calls result in latency, which participants may
perceive as unnatural pauses. The results of Section 5.5 show that the Dialogue Analyser did not affect
interactional fluency. In fact, both the robot and the participants responded faster under the Analyser
condition than under the Baseline condition.
The Human-to-Robot latency showed that on average, the robot responded 1.79 seconds faster under
the Analyser condition (pFDR = .009, RBC=-0.809), which is considered a large effect. This finding is
counterintuitive because, at worst, an architecture that adds parallel supervisory calls should increase
response time, and at best, leave it unchanged. However, the reason for the faster response times could
not be determined from the available data. Both the primary model and the Analyser’s internal calls
rely on cloud-based API services whose response times are affected by server load and network variability
beyond the control of the system. Therefore, the observed difference may partly reflect natural variation
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in API performance across sessions rather than being a consistent property of the architecture. For this
reason, the Human-to-Robot latency finding should be treated as an observed result of this specific ex-
periment, rather than a reliable architectural property. It is discussed further as a limitation in Section
7.1.1. Nevertheless, the finding does allow us to conclude that the Analyser’s parallel architecture did
not introduce the anticipated processing overhead (in this experiment).
The Robot-to-Human latency finding adds a behavioural dimension to this picture. On average, par-
ticipants responded approximately 400 ms faster after the robot stopped speaking under the Analyser
condition. In conversational terms, shorter Robot-to-Human intervals indicate smoother turn transitions
and are associated with higher engagement and lower cognitive processing load for the listener [47]. This
suggests that participants who respond sooner found the robot’s turn easier to process and engage with.
The sensitivity analysis discussed in Section 5.5 showed a trend towards longer human turn duration
under the Analyser condition. On average, participants spoke for an additional 1.4 seconds per turn,
though this difference was not statistically significant and no meaningful difference in turn duration was
observed in the full analysis of N = 16 participants. Due to the small sample size, this pattern should be
treated as exploratory and should not be used to draw conclusions about engagement.
Despite the absence of processing overhead, perceived naturalness did not improve significantly under
the Analyser condition (RBC = +0.20, pFDR = .827). There are two possible, overlapping explanations.
Firstly, perceived naturalness of human-robot interaction cannot be reduced to response timing alone. It
depends on whether responses feel contextually appropriate, whether the conversational flow feels con-
tinuous and whether topic transitions feel smooth, none of which latency logs can capture. Secondly, the
timing trend discussed in Section 6.1 may have offset any naturalness gains from improved fluency. A
robot that responds quickly but redirects topics before the participant is ready may seem fast, but not
natural. Therefore, the latency and naturalness data are not contradictory.

6.4 Conclusion

These findings offer a partial validation of the supervisory architecture introduced in Chapter 3. Mea-
suring conversational experience is difficult because several factors need to be considered, such as par-
ticipants’ subjective experience, their behaviour during the interaction and the robot’s actions at the
turn level. This study addressed this complexity by using a triangulation approach across subjective
self-report (PETS, RoSAS and custom scales), behavioural metrics (response latency and turn duration)
and objective turn-level coding (ECCS scores and multi-question rate). The subjective and objective
measures did not always agree in magnitude, but they agreed in direction and in the experiment condi-
tions under which effects appeared. The Analyser improved specific dimensions of conversational quality,
such as perceived empathy and emotional appropriateness under stress. The spontaneous use of words
such as ‘empathic,’ ‘compassionate’ and ‘interested’ across different session orders and topic conditions is
consistent with the CASA paradigm discussed in Chapter 2, when a system responds in socially attuned
ways, users spontaneously attribute social qualities to it. This social attribution was triggered by the
interaction as a whole and not by the Analyser condition specifically, which aligns with CASA’s predic-
tion that minimal social cues are sufficient to elicit this response, regardless of the system’s underlying
architecture.
However, the timing trend reveals a specific design limitation. While Section 4.4 hypothesised that natu-
ralness might decrease due to the processing latency of parallel API calls, the system timing data did not
show the anticipated overhead. Instead, the subjective questionnaire results indicated that the limitation
was the system’s conversational pacing. The Analyser predicts what to say next but not how long the
participant wants to stay on a given topic. When it redirected too soon, participants noticed this and
rated it negatively, especially when discussing positive topics. Addressing this is the central challenge for
future iterations.
Within-person profiles reveal that the Analyser’s benefit was not uniform across individuals. Apart from
Custom Proactivity, the Analyser helped some participants but made no difference to others. It works
most reliably in emotionally demanding conversations that give the supervisory layer a clear signal to act
on.
The LLM-as-a-Judge framework was also important because, although questionnaires can indicate that
participants felt understood, they cannot reveal what the robot did differently to produce that feeling.
The turn-level analysis showed that the Analyser completely eliminated question stacking during emo-
tionally loaded turns in the stressful condition, while the ECCS scores revealed a trend towards warmer,
more reflective responses.
The results show that adding a supervisory LLM layer can improve certain aspects of conversational qual-
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ity, such as proactivity, emotional attunement under stressful topics and perceived understanding. These
improvements can be detected in brief interactions with a non-target population. However, it remains
to be tested whether these improvements scale to longer interactions, older users and the emotionally
complex conversations typical of real-world companion robot use.



7
Conclusion and future work

7.1 Limitations

While this study provides initial evidence for the viability of the Dialogue Analyser architecture, several
limitations restrict the conclusions that can be drawn.

7.1.1 Methodological and Experimental Limitations

The first constraint is the sample. The sixteen participants, mostly engineering students with a mean age
of 22.2 years, are far removed from the intended deployment population of elderly care home residents.
The participants were comfortable with technology, socially fluent and familiar with AI chatbots. These
qualities likely made the interaction easier to navigate than it would be for an older, less technologically
experienced user. Therefore, replication with the target population is a logical next step.
Statistical power is also a limitation. The study was only adequately powered for large effects (d ≥ 0.75).
Detecting medium effects would have required approximately 33 participants. Non-significant results
should therefore be interpreted as inconclusive rather than as evidence of no effect. The small group size
of around eight participants in the topic crossover analysis also limited the ability to isolate simple effects
within each topic condition, even when the overall interaction pattern was significant and large.
Session length adds a third constraint. Each session lasted approximately eight minutes, which is suffi-
cient to detect differences in the conversational process (e.g. proactivity), but probably not long enough
to change participants’ general impressions of the robot’s emotional state. The absence of significant
effects on warmth, comfort and enjoyment does not necessarily indicate a null effect.
Although the manipulation check reached significance with the Wilcoxon test, the effect size was moder-
ate (RBC = 0.744) and the absolute stress difference between the different topics was small. The topic
factor in RQ2 should thus be interpreted with this in mind.
The low internal consistency of several scales limits statistical precision. All scales, except for PETS
Understanding and Trust (α = .693), fell below the acceptable threshold of .70. The Custom Dialogue
scale (α = .386) had to be split into two indexes because its items measured different constructs. The
resulting subscales are treated as behavioural indexes (sums of related observable behaviours), rather
than as measures of a single underlying trait. This means that their findings should be interpreted on an
item-by-item basis, rather than as summary scores.
The reason why the robot responded faster under the Analyser condition could not be determined from
the available data. Specific technical factors, such as variability in cloud-based API response times or
network conditions during the session, may have contributed to the observed difference.
The LLM-as-a-Judge ECCS was applied to all emotionally flagged turns, regardless of whether they were
positive or negative. The Analyser was designed to intervene only on negative emotional content. This
mismatch means that the ECCS was partly evaluating the robot’s responses to emotional content that
the module was not designed to handle. This limits the sensitivity of the ECCS as an objective validation
instrument, particularly in the positive topic condition.
Another limitation is that the Pepper platform’s speech endpoint detection was sometimes inaccurate,
causing the robot to interrupt participants before they had finished speaking. As this occurred in both
conditions, the effect is expected to be minimal, but future research could quantify this with greater
certainty.
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7.1.2 Architectural Shortcomings

The architecture carries several known shortcomings apart from the experimental setup. For example,
guidance delivery relies on soft prompt directives, meaning that GPT-4o reads each instruction and ex-
ercises its own judgement about whether and how to follow it. Therefore, the model might partially
reinterpret it, or prioritise other conversational goals over it.
The proactivity and pacing logic optimises for conversational continuity, but it lacks a mechanism to
determine how long a participant wishes to remain on a given topic. This explains the complaints about
topic redirection captured in the Timing trend.
The current architecture does not detect indirect or implied distress, such as when elderly users implicitly
signal loneliness or sadness (‘Oh, it’s fine. I’m used to being alone’ ).
Hallucinations, where the robot invents a fact that was never given to it, are also not detected. For
example, if a robot says, ‘You told me your sister lives in Ghent ’ and this is not true, this will not be
noticed.
The architecture’s reliance on cloud-based API calls makes response timing unpredictable and outside
the system’s control. This is a limitation in a real-world deployment context, where consistent timing is
important for perceived naturalness and user trust.
The system consists of three parts with distinct functionalities, but only the entire system was tested.
Therefore, it is not possible to determine exactly which part had an effect, and the system may have been
overengineered.
Another limitation concerns long-term persona stability. The current implementation provides persona
guidance at the level of individual turns, but does not adapt dynamically across multiple sessions. Fur-
thermore, while turn-level persona consistency is monitored, it is unknown whether this is sufficient to
prevent persona drift over time. It remains possible that gradual shifts in the robot’s tone or personality
could still accumulate across sessions despite these turn-level checks.

7.2 Future Work

For future work, this study should be replicated with the intended target population. Testing with a
properly powered sample of at least 33 elderly care home residents would provide the statistical power
needed to detect medium effects that this study could not. Longer sessions would allow general impres-
sions, such as warmth and comfort, to emerge more clearly.
At the system level, the Dialogue Analyser’s proactivity module would benefit from an adaptive pacing
module. By analysing speech lengths and pause patterns, the system could more accurately determine
whether a user wants to stay on a topic before redirecting the conversation. This would address the
complaints about redirection captured in the Timing trend. Investigating dwell-time preferences within
the target population is also relevant, given that tolerance for topic redirection may differ from that ob-
served in a student sample. In addition to pacing, future iterations could also explore dynamic adaptation
based on the user’s cognitive state. For example, vocabulary could be simplified or dwell times could be
extended for users exhibiting signs of cognitive decline.
Another future iteration could evaluate the three components separately by deactivating each in turn.
This would clarify the contribution of the pre-analysis, post-analysis and proactivity modules to the ob-
served effects and determine whether the system is currently too complex or not.
Latency logging at the turn level, categorised by whether guidance was injected, could enable formal
validation of the Human-to-Robot latency reduction, which currently remains a hypothesis. Systematic
audio review across conditions would also be useful to quantify interruption frequency and clarify its
possible contribution to the Timing trend.
The within-person profiles revealed that the Analyser helped some participants more than others. Demo-
graphics such as talkativeness and comfort with technology showed possible associations with Analyser
condition outcomes. A future study with sufficient statistical power to test these moderating effects
directly would clarify which user profiles would benefit most from the supervisory layer.
In terms of hardware, the system could be further enhanced by incorporating multimodal cues such as
facial expression tracking. These cues could provide a fuller picture of user engagement than speech
alone can offer. However, continuous visual monitoring of elderly users in care settings raises privacy
considerations that would need to be addressed before deployment.
Another avenue to explore is prosodic analysis. Currently, the architecture only processes what a user
says, not how they say it. In practice, this distinction could be important, as a user saying ‘no’ in a
neutral tone is completely different to the same word delivered with frustration. Incorporating prosodic
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features would enable the Dialogue Analyser to distinguish between these cases and adjust its behaviour
accordingly.
Another future work to consider is how the system communicates with the wider care environment. For
now, the robot operates in a closed loop between the AI and the resident, with no mechanism in place
to share information about interactions with the nursing staff. Future work could explore how the Dia-
logue Analyser could summarise sessions in clinically meaningful terms and securely report these back to
caregivers. This would allow interaction patterns, such as sustained frustration or mental health issues
(e.g. emotional withdrawal), to become visible to those responsible for the resident’s wellbeing, rather
than being lost.

7.3 Conclusion

The aim of this thesis was to address a specific structural issue in social robotics. When a robot speaks
naturally but cannot remember anything, users notice the difference. When it remembers, but never takes
the initiative, the relationship remains superficial. When its personality shifts between sessions, trust
erodes. Similarly, when its personality is not adapted to the current emotional tone, the user does not
feel heard. These are failures that a base language model cannot fix on its own, requiring an additional
structure built around it. The Dialogue Analyser was proposed as an architectural solution operating in
parallel with the primary language model. It acts as a real-time supervisory layer, monitoring, correcting
and steering without replacing the generative process beneath it.
Results show that the Analyser transformed the baseline system from a reactive responder into a proactive
conversational partner. This effect was significant, consistent across individuals and observed in both
topic conditions. But, perfecting the timing of these proactive interventions remains challenging, as
demonstrated by the need for adaptive pacing. A second finding was that the Analyser improved perceived
emotional responsiveness when participants discussed something stressful. This conclusion is supported
by the PETS-ER crossover interaction and the forced-choice preference data, which showed that 77%
of participants felt more understood in the Analyser session. The LLM-as-a-Judge transcript analysis
showed that the Analyser eliminated question stacking entirely during emotionally charged turns in
the stress condition. The convergence of subjective, behavioural (latency) and objective measurements
strengthens the confidence that the effect is real rather than a measurement artefact. The third finding
was counterintuitive. Rather than introducing processing delays, the parallel architecture produced
significantly faster robot response times. This suggests that adding a reflective LLM layer does not
necessarily result in computing delays.
The Analyser did not change perceived warmth, comfort, naturalness or enjoyment. Given the short
sessions and the limited statistical power of the small sample size, these outcomes should be treated as
inconclusive rather than null.
As populations age and healthcare systems come under increasing pressure, the need for sustainable long-
term care solutions will only grow. Social robots are not a replacement for human caregivers, but they
can support the care environment by providing consistent social and cognitive stimulation. By addressing
the subtler aspects of conversation, such as personality and proactivity, this work contributes to a future
where artificial companions are not just tolerated by users, but welcomed as valuable additions to elderly
care.



8
Societal Reflection

Social robots are already present in care facilities, hospitals and homes, and their role is growing. This
thesis focuses on a specific technical issue, being how to bridge the gap between user expectations of
social robots and the capabilities of current systems. However, if robots are being built that remember
individuals, adapt to their personalities and take the initiative in conversation, it must be considered
what it means to deploy them in the real world and who would be responsible if something went wrong.

Most societal concerns focus on the software, such as the language model, the memory system and
the data they store. Research shows that deploying a physically embodied robot such as Pepper in a
care setting triggers a stronger psychological response than a voice from a speaker or a face on a screen
[21, 78]. People instinctively apply social rules to something that occupies space, moves and looks back
at them. This makes the interaction more engaging, but it also increases the expectations. For example,
a user who might dismiss an odd response from a chatbot as a software glitch may feel unsettled by the
same response from a robot sitting opposite them. This also amplifies the ethical concerns raised below.
A physically embodied agent has a stronger social influence than a disembodied one [6], meaning a robot
that confidently states a false memory is more likely to be believed, which is of importance when the user
is elderly or cognitively vulnerable.
The most immediate risk of deployment is that a working companion robot becomes a reason to reduce
human contact. Care institutions are under financial pressure and a conversational robot is cheaper than
a human caregiver. Yet robots cannot hold someone’s hand, share a meal or provide the quiet, comforting
resonance of shared silence that exists only between living people. Sharkey and Sharkey [67] raised this
concern over a decade ago and it remains relevant today. Robotic companions should be introduced as
an addition to, rather than a replacement for, human care.
Another closely related issue is transparency. The system in this thesis uses a persona called Noa, who is
framed as a lifelong friend of the user. When asked whether it is an AI, Noa stays in character without
directly denying it. This is a deliberate design choice, based on research showing that constantly remind-
ing vulnerable users they are talking to a machine can break the emotional comfort of the interaction [79].
This makes transparency outside the conversation non-negotiable. The robot can remain in character
within the room, but there must be no ambiguity outside of it. The people around them, such as their
family or caregivers, must fully understand the potential harms of the system, enough to give informed
consent on the vulnerable person’s behalf.
Another important aspect of this thesis is the risk of hallucinations for users, particularly those with de-
mentia. The documented architecture explicitly acknowledges that the main language model can invent
personal facts about the user without triggering an alert. For a cognitively healthy adult, being told ‘You
mentioned your sister lives in Ghent’ when this is not true is just an irritating mistake. For someone with
dementia, however, it can be harmful. False memories can be reinforced and real distress can arise when
family members contradict what the robot said. Furthermore, the user has no reliable way to distinguish
between fact and fiction [55]. Preventing hallucinations needs to be treated as a safety requirement, not
just a limitation to note and move past. Currently, that bar is not met.
The persistent memory that makes this system feel personal also raises serious privacy concerns [86]. The
system stores information about daily habits, emotional states, health signals, family relationships and
life history across sessions. While the GDPR gives users the legal right to check or delete their data,
simply following the law is not enough to protect someone who is too confused to know their privacy is at
risk. A resident suffering from cognitive decline cannot log into a database or request to wipe a memory
file they do not even realise exists. This means that consent procedures must be adapted to suit the indi-
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vidual user rather than being written for a general adult population. Additionally, there is the question
of secondary use. The data collected to personalise a conversational companion is also a detailed record
of a person’s emotional patterns and cognitive habits. It is crucial to provide explicit answers regarding
ownership of this data and whether it can be accessed by insurers or healthcare providers [49].
When a robotic companion causes harm by, for example, missing a crisis signal or reinforcing a false
memory, it is unclear who should be held responsible. Should it be the developer? The care institution?
In a live deployment involving vulnerable users, each of these issues carries a real human cost and someone
needs to be held accountable for that before these systems leave the research lab.
In conclusion, the work in this thesis addresses a real problem. Loneliness among the elderly causes
measurable harm and technology that can meaningfully reduce it is closer than ever before. As the pop-
ulation of Belgium, and Europe in general, is ageing rapidly [24] alongside a shrinking care workforce,
traditional care models are under pressure [2], making the development of supportive technologies nec-
essary. But, a working prototype and a responsibly deployed system are not the same thing. The issues
raised here (substitution, transparency, hallucination risk for cognitively vulnerable users, data privacy,
and accountability) represent the line between technology that helps people and technology that exploits
them.
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A
Questionnaires

A.1 Per- and Post-Session Questionnaire

Per-Session Questionnaire

Block A: Robot Social Attributes (Warmth)

Instructions: “To what extent does each word describe the robot you just spoke with? Rate from 1 (Not
at all) to 5 (Extremely).”

Item Not at all Slightly Moderately Very Extremely
The robot seemed happy. □ □ □ □ □
The robot seemed capable of feeling. □ □ □ □ □
The robot acted sociable. □ □ □ □ □
The robot seemed compassionate. □ □ □ □ □
The robot appeared emotional. □ □ □ □ □

Block B: Robot Social Attributes (Discomfort)

Instructions: “Same scale as above. To what extent does each word describe the robot you just spoke
with?”

Item Not at all Slightly Moderately Very Extremely
The robot was scary. □ □ □ □ □
The robot seemed strange. □ □ □ □ □
The robot’s behavior was awkward. □ □ □ □ □
The robot seemed dangerous. □ □ □ □ □
The robot was awful. □ □ □ □ □
The robot acted aggressively. □ □ □ □ □

Block C: Perceived Empathy of Technology (PETS)

Instructions: “Think about how the robot responded to you during this conversation. Rate your agree-
ment from 1 (Strongly Disagree) to 5 (Strongly Agree).”
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Emotional Response (6 items)

Item Strongly disagree Disagree Neutral Agree Strongly agree
The robot considered my mental state. □ □ □ □ □
The robot seemed emotionally intelli-
gent.

□ □ □ □ □

The robot expressed emotions. □ □ □ □ □
The robot sympathized with me. □ □ □ □ □
The robot showed interest in me. □ □ □ □ □
The robot supported me in coping with
an emotional situation.

□ □ □ □ □

Understanding & Trust (4 items)

Item Strongly disagree Disagree Neutral Agree Strongly agree
The robot understood my goals. □ □ □ □ □
I trusted the robot. □ □ □ □ □
The robot understood my needs. □ □ □ □ □
The robot understood my intentions. □ □ □ □ □

Block D: Conversational Dynamics

Instructions: “These statements are about how the conversation unfolded. Rate your agreement from 1
(Strongly Disagree) to 5 (Strongly Agree). Items marked (R) are reverse-scored: a low rating is a positive
sign.”

Item Strongly disagree Disagree Neutral Agree Strongly agree
The robot took initiative in guiding the
conversation.

□ □ □ □ □

The robot responded at the right mo-
ment: not too early, not too late.

□ □ □ □ □

The robot kept the conversation flowing
naturally.

□ □ □ □ □

The robot seemed aware of changes in
my mood or tone.

□ □ □ □ □

The robot sometimes changed topic or
moved on before I was ready. (R)

□ □ □ □ □

Block E: Conversation Naturalness

Instructions: “Please rate the overall naturalness of the conversation you just had.”

Item Very unnatural Unnatural Neutral Natural Very natural
How natural did this conversation feel? □ □ □ □ □

Block F: Felt Comfort

Instructions: “Please rate how comfortable you felt during the conversation you just had.”

Item V. Uncomf. Uncomf. Neutral Comf. V. Comf.

How comfortable did you feel during this conversation? □ □ □ □ □
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Block G: Enjoyment & Current Stress

Instructions: “Two short questions about your overall experience and current state.”

Item Strongly disagree Disagree Neutral Agree Strongly agree

Interacting with the robot was enjoyable. □ □ □ □ □

How stressed do you feel right now?
Scale: 1 = Very calm → 10 = Extremely stressed

Item 1 2 3 4 5 6 7 8 9 10

Current stress level □ □ □ □ □ □ □ □ □ □

Block H: Open-Ended Reflections

Please answer the following questions in your own words. There are no right or wrong answers.

1. Q1. How did you feel during this conversation?

2. Q2. Was there a moment where the robot’s response surprised you (positively or negatively)? Describe it.

3. Q3. Is there something else you would like to share about your experience during this session?
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Post-Experiment Questionnaire

Block 1: Comparative Judgements

Instructions: “Now that you have completed both conversations, please answer these comparison questions.
Sessions are referred to by their order, not by what was different about them.”

• Q1. Which conversation felt more natural?
□ Session 1 □ Session 2 □ They felt similar

• Q2. In which conversation did the robot seem more empathic?
□ Session 1 □ Session 2 □ They felt similar

• Q3. In which conversation did you feel more understood?
□ Session 1 □ Session 2 □ They felt similar

• Q4. Which conversation did you enjoy more?
□ Session 1 □ Session 2 □ They felt similar

Block 2: Manipulation Check

Instructions: “This section helps us check whether the differences between sessions were noticeable.”

• Q5. Did you notice differences in how the robot responded between the two conversations?
□ Yes □ No □ Not sure

• Q6. (Only if ”Yes” or ”Not sure” above) Could you describe what was different? Please write a few
sentences in your own words.

Block 3: Final Reflections

• Q7. How would you describe your overall experience talking with the robot?

• Q8. If you had to pick one word to describe how the robot behaved across both conversations, what would
it be?

• Q9. Was there anything that bothered you, or anything you really liked, about the robot’s behaviour?

• Q10. Is there anything else you would like to mention?
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A.2 Demographics Questionnaire

Demographics Questionnaire

How old are you?

What is your native language?

Gender

⃝ Male

⃝ Female

⃝ Non-binary / third gender

⃝ Prefer not to say

Year of study

⃝ 1st Bachelor

⃝ 2nd Bachelor

⃝ 3rd Bachelor

⃝ 1st Master

⃝ 2nd Master

⃝ PhD

⃝ Other

What is your field of study (e.g. Biomedical engineering)

How talkative would you rate yourself? (10=very talkative)

⃝ 1

⃝ 2

⃝ 3

⃝ 4

⃝ 5

⃝ 6

⃝ 7

⃝ 8

⃝ 9

⃝ 10

How stressed do you feel right now? (10=very stressed)

⃝ 1



APPENDIX A. QUESTIONNAIRES 51

⃝ 2

⃝ 3

⃝ 4

⃝ 5

⃝ 6

⃝ 7

⃝ 8

⃝ 9

⃝ 10

Prior experience with social robots

⃝ None

⃝ Seen one in person

⃝ Interacted briefly

⃝ Interacted extensively

Prior experience with AI chatbots (e.g. ChatGPT, Gemini, Claude)

⃝ None

⃝ Rarely

⃝ Sometimes (a few times/month)

⃝ Regularly (weekly or more)

General comfort with technology (1 = very uncomfortable, 5 = very comfortable)

⃝ Extremely uncomfortable

⃝ Somewhat uncomfortable

⃝ Neither comfortable nor uncomfortable

⃝ Somewhat comfortable

⃝ Extremely comfortable

Any hearing or speech difficulties?

⃝ Yes

⃝ No

If yes, briefly describe



B
Use of Generative AI

In accordance with the Faculty of Engineering and Architecture’s documentation requirements, this section out-
lines the use of generative AI tools throughout this thesis. In all cases, ownership of the content, reasoning and
decisions was retained by the author.
Writing and text editing: For the introduction and literature review, the author provided the source material
and citations. Claude Sonnet 4.6 was then used to improve the quality and coherence of the text. For all other
chapters, the author provided core information for each section in note form. Claude then generated a first draft,
which was reviewed, edited and rewritten where necessary. During restructuring of the flow of the text, Claude
was also used to convert existing paragraphs into bullet point summaries to support content reorganization.
Code development: GitHub Copilot was used throughout the implementation and analysis phases. For each
function, the author defined the required behaviour, underlying reasoning and intended statistical test for the
analysis phase before Copilot generated the corresponding code. All suggested code was reviewed and verified
before acceptance and statistical outputs were verified against expected values and cross-checked manually where
appropriate.
LLM-as-judge evaluation: Claude Opus 4.7 was used as an automated evaluator in the LLM-as-judge pipeline,
with the task of assessing robot dialogue turns against predefined criteria.
Diagram reproduction: The author designed conceptual diagrams in Draw.io. When the export resolution
was insufficient, Claude was used to recreate the diagrams in PNG format based on screenshots of the originals.
No design decisions were delegated to the model.
Table formatting & BibLaTeX: Several results tables were formatted in LaTeX with Gemini’s help. Gemini
reproduced tables from Python notebook screenshots in LaTeX format. Gemini was also used to convert reference
information into BibLaTeX format for the bibliography.
Audio transcription: The built-in AI transcription feature of a Google Pixel 6a was used to automatically
transcribe the audio recordings of the sessions. All transcripts were reviewed by the author for accuracy before
use.
Conceptual support and prompt chaining: Gemini was occasionally consulted to clarify concepts or meth-
ods during research. In some cases, Gemini was used to formulate prompts that were then used in Claude for a
specific task.
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