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Summary
Behavior support systems are often deployed to help individuals manage health-related
goals, such as increasing physical activity or adhering to dietary guidelines. However,
these systems tend to rely on pre-collected behavioral data or predefined user profiles,
which makes it difficult to adapt their support to the nuanced, changing circumstances
of people’s daily lives. This thesis investigates how conversational interaction, specifi-
cally through what is termed alignment dialogue, can help behavior support systems bet-
ter understand and adapt to a user’s real-time needs, thereby enabling more personalized,
user-centered support.

At the heart of this research lies the idea that behavior support is not just about telling
users what to do, but also about understanding why certain advice is adhered to or dis-
missed in particular contexts. Alignment dialogues are introduced as conversations be-
tween an AI system and a user, aimed at eliciting reasons for non-adherence, surfacing
underlying values, and revealing contextual barriers. Rather thanmerely logging behavior,
these dialogues help uncover the user’s lived experience and evolving perspective. Such
interactions offer a way to iteratively build a more accurate and complete user model at
run time.

The research begins with an exploratory focus group study to understand how people
experience different designs of alignment dialogues. The findings show that probing for
deeper knowledge like user values often triggers negative emotional responses, including
feelings of being judged or guilty. Participants perceived explicit mentions of values as
passive-aggressive or annoying, suggesting that the interpersonal impact of an agent’s
language is a critical design dimension for successful human-agent alignment dialogues.

These findings inform the next study, a large-scale user experiment that tests different
types of alignment dialogue strategies to compare their effectiveness in acquiring user rea-
sons for non-adherence. The results highlight a tension between conversational depth and
usability: while open-ended exploratory questions allow for greater perceived complete-
ness, they also increase cognitive effort and negatively impact the dialogue experience.
Conversely, multiple-choice formats enhance usability but may limit the depth and variety
of gathered insights. These outcomes offer important lessons for designing user-centered
alignment dialogues in behavior support systems.

To assess how the outputs of such dialogues could be used by others, the thesis shifts fo-
cus to a healthcare context. In particular, it explores how alignment dialogue content could
be shared with healthcare professionals as a Conversational Intermediary AI (CIAI). Inter-
views with medical experts suggest that these dialogue agents could offer valuable support
in facilitating early diagnoses, easing sensitive discussions, and preparing patients for con-
sultations, though their effectiveness may depend on the type of healthcare provider in-
volved and the specific phase of the patient’s journey. A follow-up experiment examines
how best to present this dialogue content to third-party professionals, comparing differ-
ent dialogue presentation formats. Each format has trade-offs: original dialogues preserve



x Summary

nuance but take time to read, while summarized lists are faster to interpret but risk over-
simplification. The interactive visualization tool could provide a middle ground, offering
both overview and detail.

To demonstrate the technical feasibility of these concepts, the final part of the thesis
introduces a system prototype. This prototype includes modules for alignment dialogue,
semantic information extraction, knowledge graph construction, and reasoning. It trans-
forms user responses into structured knowledge using RDF triples and stores them in a
user knowledge graph, which is continuously updated throughout the dialogue. This user
knowledge graph can be cross-referenced with a domain knowledge graph containing
medical and behavioral expertise. The reasoning module utilizes both graphs to recom-
mend actions that are contextually relevant and clinically sound. For instance, if exercise
is deemed beneficial, the system can choose between recommending a gym visit or a walk
with friends, depending on the user’s preferences, schedule, and motivations.

What makes this system stand out is not just its technical integration, but its philo-
sophical shift: it treats alignment not as a static match between user and system, but as
a co-constructed, evolving understanding of the user. The approach emphasizes not only
whether users adhere to their goal behaviors, but also the reasons behind why they do
not, bringing greater transparency and interpretability to the system. This perspective
redefines personalization from categorization or prediction to interpretation, where sys-
tems must learn to ask the right questions, make sense of the user’s situation, and provide
support that reflects their evolving goals and constraints.

The findings across these studies show that the effectiveness of alignment is deter-
mined not only by the accuracy of the information gathered but by the interpersonal and
emotional quality of the interaction. Furthermore, the transition of this information to
third parties highlights that comprehension and usefulness are sensitive to the presenta-
tion format and length of the dialogue. Ultimately, these results indicate that the con-
tents of a user model are not merely technical requirements but are value-dependent and
context-sensitive, requiring a flexible approach to both data collection and presentation.

Altogether, the thesis contributes to both the theory and practice of behavior support
systems. It proposes a novel dialogue-based approach to AI alignment through alignment
dialogues, empirically tests different dialogue and presentation strategies, and presents
a proof-of-concept system that operationalizes the alignment dialogue approach. The re-
search suggests that personalization grounded in dialogue opens new paths for hybrid
collaboration between human and machine. Rather than optimizing only for efficiency or
adherence, it advocates for behavior support systems that adapt by conversing, reflecting,
and aligning with users.
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Samenvatting
Behavior support systems worden vaak ingezet om individuen te helpen bij het behalen van
gezondheidsdoelen, zoals het verhogen van fysieke activiteit of het volgen van voedings-
richtlijnen. Deze systemen leunen echter vaak op vooraf verzamelde gedragsgegevens of
vooraf gedefinieerde gebruikersprofielen, waardoor het lastig is om de ondersteuning aan
te passen aan de genuanceerde, veranderlijke omstandigheden van het dagelijks leven.
Dit proefschrift onderzoekt hoe conversatie-interactie, specifiek via zogenaamde align-
ment dialogue, behavior support systems kan helpen om de actuele behoeften van een
gebruiker beter te begrijpen en zich daaraan aan te passen, om zo meer gepersonaliseerde,
gebruikersgerichte ondersteuning mogelijk te maken.

De kern van dit onderzoek is het idee dat behavior support niet alleen gaat over het
vertellen wat gebruikers moeten doen, maar ook over het begrijpen waarom bepaald ad-
vies in specifieke contexten wordt opgevolgd of genegeerd. Alignment-dialogen worden
geïntroduceerd als gesprekken tussen een AI-systeem en een gebruiker, gericht op het
achterhalen van redenen voor het niet-naleven van adviezen, het blootleggen van onder-
liggende waarden en het zichtbaar maken van contextuele barrières. In plaats van alleen
gedrag te registreren, geven deze dialogen inzicht in de beleving en het veranderende per-
spectief van de gebruiker. Dergelijke interacties bieden een manier om tijdens het gebruik
iteratief een nauwkeuriger en vollediger gebruikersmodel op te bouwen.

Het onderzoek begint met een verkennende focusgroepstudie om te begrijpen hoe
mensen verschillende ontwerpen van alignment-dialogen ervaren. De bevindingen laten
zien dat het doorvragen naar diepere kennis, zoals waarden van een gebruiker, vaak nega-
tieve emotionele reacties oproept, waaronder het gevoel veroordeeld te worden of schuldig
te zijn. Deelnemers ervoeren het expliciet vermelden van waarden als passief-agressief of
irritant, wat suggereert dat de interpersoonlijke impact van het taalgebruik van een agent
een cruciale ontwerpfactor is voor een succesvolle afstemming tussen mens en agent.

Deze bevindingen vormen de basis voor de volgende studie, een grootschalig gebrui-
kersexperiment waarin verschillende strategieën voor alignment-dialogenmet elkaar wor-
den vergeleken op hun effectiviteit in het verkrijgen van redenen voor niet-naleving. De
resultaten wijzen op een spanningsveld tussen gespreksdiepgang en bruikbaarheid: hoe-
wel open, verkennende vragen zorgen voor een grotere waargenomen volledigheid, verho-
gen ze ook de cognitieve inspanning en hebben ze een negatieve invloed op de gesprekser-
varing. Meerkeuzevragen daarentegen verbeteren de bruikbaarheid, maar beperkenmoge-
lijk de diepgang en variëteit van de verzamelde inzichten. Deze uitkomsten bieden belang-
rijke lessen voor het ontwerpen van gebruikersgerichte alignment-dialogen in behavior
support systems.

Om te beoordelen hoe de uitkomsten van dergelijke dialogen door anderen gebruikt
kunnen worden, verschuift het proefschrift de focus naar de zorgpraktijk. In het bijzon-
der wordt onderzocht hoe de inhoud van een alignment-dialoog kan worden gedeeld met
zorgprofessionals als een Conversational Intermediary AI (CIAI). Interviews met medische
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experts wijzen erop dat deze gespreksagenten waardevolle ondersteuning kunnen bieden
bij het faciliteren van vroege diagnoses, het bespreekbaar maken van gevoelige onderwer-
pen, en het voorbereiden van patiënten op consulten, hoewel hun effectiviteit afhankelijk
kan zijn van het type zorgverlener en de specifieke fase in het traject van de patiënt. In een
vervolgexperiment wordt onderzocht hoe deze dialooginformatie het beste kanworden ge-
presenteerd aan externe professionals, waarbij verschillende presentatievormen worden
vergeleken. Elke vorm kent voors en tegens: originele dialogen behouden nuance maar
kosten tijd om te lezen, terwijl samenvattende lijsten sneller te begrijpen zijn maar het
risico te simplistisch te zijn met zich meebrengen. Een interactieve visualisatietool biedt
mogelijk een middenweg door zowel overzicht als detail te kunnen tonen.

Om de technische haalbaarheid van dergelijke systemen aan te tonen, introduceert
het laatste deel van het proefschrift een prototype. Dit prototype bevat modules voor
alignment-dialoog, semantische informatie-extractie, kennisgrafen en redenering. Het zet
gebruikersreacties om in gestructureerde kennis met behulp van RDF-triples en slaat deze
op in een gebruikers-kennisgraaf, die tijdens de dialoog voortdurend wordt bijgewerkt.
Deze gebruikers-kennisgraaf kan worden gekoppeld aan een domein-kennisgraaf met me-
dische en gedragsexpertise. De redeneermodule gebruikt beide grafen om acties aan te
bevelen die zowel contextueel relevant als klinisch onderbouwd zijn. Als bijvoorbeeld li-
chaamsbeweging wordt aanbevolen, kan het systeem kiezen tussen het aanbevelen van
een sportschoolbezoek of een wandeling met vrienden, afhankelijk van de voorkeuren,
agenda en motivaties van de gebruiker.

Wat dit systeem bijzonder maakt, is niet alleen de technische integratie maar de filoso-
fische verschuiving: alignment wordt niet gezien als een statische match tussen gebruiker
en systeem, maar als een gezamenlijk geconstrueerd, zich ontwikkelend begrip van de
gebruiker. De benadering legt de nadruk niet alleen op de vraag óf gebruikers hun ge-
dragsdoelen naleven, maar ook op de redenen waarom zij dit niet doen, wat zorgt voor
grotere transparantie en interpreteerbaarheid van het systeem. Dit perspectief geeft een
nieuwe definitie aan personalisatie: van categorisatie of voorspelling naar interpretatie,
waarbij systemen moeten leren de juiste vragen te stellen, de situatie van de gebruiker te
begrijpen en ondersteuning te bieden die aansluit bij diens veranderende doelen en om-
standigheden.

De bevindingen uit deze studies tonen aan dat de effectiviteit van alignment niet al-
leen wordt bepaald door de nauwkeurigheid van de verzamelde informatie, maar ook door
de interpersoonlijke en emotionele kwaliteit van de interactie. Bovendien laat de over-
dracht van deze informatie naar derden zien dat begrip en bruikbaarheid afhankelijk zijn
van de presentatievorm en de lengte van de dialoog. Uiteindelijk wijzen deze resultaten
erop dat de inhoud van een gebruikersmodel niet louter technische vereisten zijn, maar
waarde-afhankelijk en contextgevoelig, wat een flexibele benadering vereist voor zowel
de verzameling van gegevens als de presentatie daarvan.

Al met al draagt dit proefschrift bij aan zowel de theorie als de praktijk van beha-
vior support systems. Het introduceert een nieuwe, op dialoog gebaseerde aanpak voor
AI-alignment door middel van alignment-dialogen, onderzoekt empirisch verschillende
dialoog- en presentatievormen, en presenteert een proof-of-concept-systeem waarin de
alignment-dialoog-aanpak concreet gemaakt is. Het onderzoek laat zien dat personalisa-
tie via dialoog nieuwe mogelijkheden biedt voor hybride samenwerking tussen mens en
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machine. In plaats van alleen te optimaliseren voor efficiëntie of naleving, pleit het voor
behavior support systems die zich aanpassen door te praten, te reflecteren en zich af te
stemmen op de gebruiker.
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中文摘要
當今社會越來越依賴數位科技，許多人也開始透過各種健康應用程式來幫助自己達
成像是多運動、健康飲食等目標。不過，這些系統通常是根據使用者過去的行為或
一開始設定的個人資料來提供建議，很難即時理解人在日常生活中所面臨的各種
突發情況或心理變化。因此，本論文探討了一種新的互動方式，稱之為 alignment
dialogue，希望透過對話的方式，讓智慧系統更了解人在當下的真實狀態，從而提
供更貼近個人需求的支持。
這項研究的核心想法是：幫助行為改變不該只是一直告訴他們「該做什麼」，而

更應該去了解「為什麼某些建議有時候無法被接受」。Alignment dialogue是系統和
使用者之間的一種對話，其內容主要是為了了解使用者為什麼沒有照目標去做，是
什麼價值觀、情緒或生活情境影響了他們的選擇。這樣的對話能讓系統不只是記錄
使用者「有沒有做」，而是一步步建立一個對人的更深入、更有彈性的理解。
研究一開始，我透過焦點團體訪談，觀察人們對不同對話風格的反應。有些人

覺得開放式問題能讓他們多表達，但也會覺得有點麻煩或壓力大。這些結果幫助我
設計了下一個大規模的實驗，比較不同對話策略的效果，例如讓人自由回答、一步
步引導或提供選項。結果顯示，有效的 alignment dilaogue需要在「深入」與「好回
答」之間取得平衡。
接下來，我把焦點放在這些 alignment dialogue的內容能不能也對主要使用者外

的另一個利害關係人有幫助，比如生活教練或醫療人員。我訪談了一些醫療專家，
他們認為這樣的對話系統有潛力幫助病人在看診前釐清問題、處理敏感議題，甚至
可能促進早期診斷。不過，他們也提醒，不同階段的病人、不同角色的醫護人員，
可能需要不同的資訊呈現方式。因此我設計了一項實驗，比較把對話原文、摘要清
單、或互動式圖表提供給專業人員的效果。結果顯示，各種方式都有利弊，互動工
具則有可能兼顧細節與效率。
最後，我與同事們實作了一個 prototype，把整個 alignment dialogue的流程具體

呈現出來。這個系統能把使用者說的話轉換成結構化的資訊，儲存在一個「使用者
知識圖譜」中，同時搭配一個內建的醫療與行為知識庫。系統會根據這些資料，推
薦符合使用者情境的建議。例如：在已知運動對於使用者是有益的前提下，系統便
會根據個人偏好、行程與心情，建議是去健身房，還是和朋友去散步。
這套系統的獨特之處，不只是技術上的創新，更是它在理念上的改變：它不把

「理解一個人」當作一開始就能設定好的事情，而是透過一段段對話，和使用者一起
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慢慢摸索、調整。它不只是判斷「你有沒有做到」，更關心「你為什麼沒有做到」。
這樣一來，系統的建議會更透明、更能讓人理解，也更符合人的真實需要。
整體來說，這篇論文對設計更貼近人心的行為支持系統提出了新的方法與實作

成果。它強調，真正有效的個人化支持，不只是靠分析數據或分類人群，更需要透
過對話與理解，建立人與智慧系統之間更深層的合作關係。未來的健康科技不只是
要幫助人「照做」，而是能真正走進人們的生活與掙扎，陪伴他們一起前進。
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Consider Sarah, a professional balancing a demanding job and a commitment to im-
proving her fitness. She uses an app designed to keep her on track with her exercise goals,
and she also consults with a health coach who provides personalized advice during their
occasional check-ins. However, her coach is busy and cannot monitor her progress daily
or directly understand why she might ignore certain advice from the app.

One afternoon, while Sarah is in the middle of an important meeting, her app sends
a notification suggesting that she go for a run. Another day, it recommends a workout
when the weather is awful, with heavy rain pouring outside. Sometimes, the app’s advice
fits perfectly with Sarah’s schedule and preferences, but on certain days, even the most
reasonable suggestion just doesn’t appeal to her mood or energy levels.

This scenario highlights a problem: the support provided by the app does not always
align with what Sarah needs or wants in that moment. The advice, while well-intentioned,
fails to account for the immediate context or her changing circumstances. As a result,
Sarah often dismisses the recommendations.

The root of this issue lies in the information the app uses to derive its support. Such
a behavior support app (which we refer to as an agent below) bases its recommendations
on the data it has gathered about the user’s habits, preferences, and goals. But this data
is limited and cannot always fully capture the nuances of the user’s daily life or why she
might reject the advice in specific situations.

One common approach to addressing this problem is to improve the data itself, using
more sophisticated data about behavior or algorithms to refine the app’s understanding
of the user. However, only relying on behavior data can be problematic. It can be diffi-
cult to infer why a user rejects the advice from data alone because observable behavior
rarely reveals the underlying reasoning, motivations, or situational constraints, for exam-
ple whether it was due to external factors like weather or personal reasons such as stress
or fatigue. Moreover, from a transparency and trust perspective, users should understand
why the agent engages with them in a particular situation, and the agent should, in turn,
be able to grasp their reasons for not following through.

To address these limitations, we propose the concept of alignment dialogues: a dia-
logue in which the agent explicitly interacts about the situation with the user. This ap-
proach allows the support agent to directly engage with the user by asking questions to
understand why a recommendation was not followed and to gather information that can
improve future support. At the same time, it helps the user better understand how the
system works and why it responds the way it does.

Consider the example in the beginning: after Sarah dismisses a recommendation to go
for a run, the agent initiates an alignment dialogue:

Agent: Could you tell me the reasons you didn’t go for your run this after-
noon?

Sarah: I was too stressed after work and preferred something lighter instead.

The agent records this feedback, updates the information it stores about the user, and
uses this updated information to suggest more appropriate activities in the future. With
this interaction, the support agent can provide support that is more personalized, trans-
parent, and responsive to the user’s circumstances.
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This alignment dialogue not only could improve the app’s recommendations for Sarah
but the insights gathered from these alignment dialogues can be sharedwith Sarah’s health
coach, offering a clearer picture of her preferences, challenges, and patterns over time. In
this way the alignment dialogue becomes a bridge, fostering better collaboration between
Sarah, the app, and her health coach to achieve more aligned support.

However, how to design and implement such alignment dialogues remains an open
question. This leads to the central question of the research:

Main RQ: How can behavior support agents use dialogues to acquire user information
that could be used to personalize support that aligns with users’ needs?

1.1 Related Concept and Literature
This section discusses the literature on concepts related to the idea of alignment dialogue,
particularly within the context of updating user models to better support user behavior.
Since the ultimate goal of alignment dialogues is to facilitate behavior support, we begin
by examining what supporting behavior entails.

1.1.1 Behavior support technologies
Behavior support technologies are often researchedwithin the broader context of behavior
change rather than behavior support (see e.g., [10, 107, 326]). In the transtheoretical model
(TTM) [258, 259], which includes the stages of Pre-contemplation, Contemplation, Prepa-
ration, Action, and Maintenance, behavior support, as used in this thesis, refers broadly to
assisting individuals not only in enacting change during stages such as Action, but also in
maintaining behavior change. In this sense, behavior support is not limited to sustaining
change, but includes helping users navigate and implement change as it unfolds. To cap-
ture the full process of changing and maintaining behavior, we adopt the term Behavior
Change Support Systems (BCSS), as defined by Oinas-Kukkonen [236]: “an information
system designed to form, alter or reinforce attitudes, behaviors or an act of complying
without using deception, coercion or inducements.”

BCSS can take various forms, including SMS messaging, email, telephone, or video-
conferencing [326], as well as web or mobile applications [237]. These systems often im-
plement behavior change techniques (BCTs), such as providing information about health
consequences, goal setting, self-monitoring of behavior, and action planning [8].

Research in the field of behavior change support typically focuses on three key aspects:
(1) the theoretical basis of the intervention, (2) the BCTs employed, and (3) the mode of
delivery [326]. Studies generally investigate how these characteristics influence behavior
outcomes [138, 272].

Theoretical basis
Theoretical research about behavior change support focuses on developing and refining
theories such as:

Social Cognitive Theory Bandura et al. [27]’s Social Cognitive Theory (SCT) is a foun-
dational framework emphasizing the dynamic interplay of personal factors, behavior, and
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environment. In practice, SCT has been widely applied to health behavior change; for
example, a recent review of SCT-based interventions found that virtually all studies tar-
geted self-efficacy and reported positive behavior outcomes (e.g., increased physical activ-
ity, healthier diet) [149]. This demonstrates how SCT’s core constructs are used to design
effective behavior change programs in contemporary research.

Self-Determination Theory Self-Determination Theory (SDT) posits that human moti-
vation and well-being are driven by the fulfillment of three innate needs: competence, au-
tonomy, and relatedness [281]. In terms of empirical support, a meta-analysis of 184 stud-
ies in health domains confirmed that SDT principles translate to better behavior change
outcomes: interventions that support autonomous motivation and need satisfaction lead
to improved health behaviors and outcomes [231]. This broad evidence base solidifies SDT
as both a theoretical and applied cornerstone in behavior change research.

Theory of Planned Behavior Theory of Planned Behavior (TPB) is a prominent theory
of reasoned action that links beliefs to behavior [13]. TPB explains that an individual’s
intention to perform a behavior is the central predictor of that behavior, and intentions
themselves are shaped by three constructs: attitude toward the behavior, subjective norm,
and perceived behavioral control [14]. Decades of research have applied TPB across be-
haviors and populations; comprehensive meta-analyses of hundreds of studies affirm that
TPB’s components reliably predict intentions and behavior in health and other domains
(see, e.g., [22, 208]). These findings underscore TPB’s value in both understanding and
intervening on health-related behaviors.

Constructs contributing to behavior change Two examples of psychological con-
structs that are central to many behavior change theories are attitude and self-efficacy.
Attitude refers to an individual’s overall evaluation of a behavior, shaped by beliefs about
its outcomes. It is a key determinant in models such as the Theory of Planned Behav-
ior, where positive attitudes toward a behavior increase the likelihood of forming the
intention to perform it. Foundational work defines attitude as a “psychological tendency
expressed by evaluating a particular entity with some degree of favor or disfavor” [103],
while empirical meta-analyses confirm that attitudes, though context-sensitive, are mod-
erately predictive of behavior [175]. Self-efficacy, introduced by Bandura [26], refers to
an individual’s belief in their capability to perform a specific behavior. It plays a central
role in Social Cognitive Theory and has been widely adopted across other models due to
its strong predictive power. Higher self-efficacy has been consistently linked to greater
persistence, effort, and success in behavior change attempts. For example, nutrition inter-
vention studies show that participants with higher self-efficacy are more likely to adopt
and maintain healthier dietary habits [21]. Both constructs are frequently targeted in in-
terventions aiming to promote lasting behavioral change.

Behavior change techniques (BCTs)
Research on BCTs examines which specific techniques are most effective for facilitating
behavior change.
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Systematic reviews linking BCTs to effectiveness One major line of behavior change
research focuses on identifying which specific BCTs are most effective in practice. Meta
analyses have consistently highlighted self-regulatory techniques such as self-monitoring,
goal setting, and feedback as especially impactful. For example, Michie et al. [213] con-
ducted a meta-regression across 122 interventions promoting healthy eating and physical
activity and found that interventions combining self-monitoring with goal setting and
feedback yielded significantly greater behavioral change than those without. Similarly,
Samdal et al. [285] reviewed interventions targeting overweight and obese adults and
found that programs using these techniques, especially when paired with motivational
interviewing, produced better outcomes. Together, these studies suggest that the effec-
tiveness of behavior change interventions is strongly tied to the presence and quality of
particular BCTs.

BCTs clustering and ontologies To support systematic design and evaluation, BCTs
have been formally classified into taxonomies and ontologies. The Behavior Change Tech-
nique Taxonomy v1 (BCTTv1) by Michie et al. [214] is a foundational framework that
identifies 93 distinct BCTs organized into clusters like “Goals and Planning” or “Feedback
and Monitoring.” This taxonomy has become a widely adopted standard for coding and
comparing interventions. Building on this, more recent work has linked BCTs to psycho-
logical mechanisms of action. For instance, showing how “instruction on how to perform
the behavior” often targets self-efficacy or beliefs about capabilities [73]. These efforts
have culminated in the development of the Behavior Change Technique Ontology (BCTO),
which expands the taxonomy to over 250 BCTs in a hierarchical structure [200]. Ontolo-
gies like the BCTO aim to enable better integration of BCTs with computational systems
and consistent annotation of intervention content.

BCTs in digital interventions As behavior change technologies shift toward digital
formats, researchers have explored how BCTs are implemented in mobile apps, web plat-
forms, and conversational agents. Reviews of digital health interventions have shown that
successful programs often include a greater number of BCTs, especially those targeting
self-regulation. For example, a review of technology-based diabetes prevention programs
found that effective interventions consistently included goal setting, self-monitoring, feed-
back on behavior, and social support [319]. In the domain of conversational agents, a scop-
ing review found that chatbots for health and lifestyle change frequently used instruction,
emotional support, and problem solving as core BCTs, although few systems were explic-
itly grounded in behavior change theory [201]. These findings highlight the importance
of not only including BCTs in digital tools but also designing them with a clear theoretical
foundation to ensure effectiveness and user engagement.

Delivery mode
Research on delivery mode focuses on both the medium through which support is deliv-
ered and the manner in which it is communicated.

Platforms for behavior change support Research on delivery modes has explored a
range of technological platforms for delivering behavior change support, including web-
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based systems, mobile applications, embodied conversational agents, and ubiquitous com-
puting technologies. Web-based interventions have long been a focus of behavior change
research due to their accessibility and scalability, with meta-analyses showing moderate
effectiveness for promoting physical activity, weight loss, and mental health outcomes
[326]. Mobile apps have since taken center stage, offering portability, sensor integration,
and real-time support; reviews such as Milne-Ives et al. [219]’s systematic review of mo-
bile health apps for behavior change highlight both their promise and variability in user
engagement and long-term effectiveness. Embodied agents, i.e., digital avatars with social
presence, have been studied for their ability to enhance motivation and relational connec-
tion, particularly in interventions requiring long-term adherence [242]. Ubiquitous and
context-aware technologies, such as wearables and smart environments, integrate behav-
ior support more seamlessly into daily life, although they introduce new challenges in
terms of usability, ethical design, and data handling.

User perspectives on behavior change technologies Another important line of work
investigates how users experience, accept, and evaluate BCSS. In a qualitative study, Den-
nison et al. [87] identified personalization, usability, and perceived usefulness as key fac-
tors influencing engagement with smartphone health apps. Later research has reinforced
the importance of designing systems that support autonomy, accommodate diverse goals,
and adapt over time to individual needs [253]. Emotional connection, perceived intelli-
gence, and low interaction burden have also emerged as critical to sustained user accep-
tance, especially in systems that deliver long-term support. These findings underscore
that the success of behavior change technologies depends as much on how users perceive
and interact with them as on their technical functionality.

Foundational models and research agendas The study of BCSS is guided by foun-
dational models that define their goals and structures. Oinas-Kukkonen and Harjumaa
[238]’s persuasive systems design (PSD) framework established BCSS as systems intended
to form, alter, or reinforce users’ attitudes and behaviors, drawing from both system de-
sign and behavioral science. This framework has influenced later work outlining ethical
guidelines, user modeling, and adaptive intervention strategies. Complementary perspec-
tives, such as Fogg’s Behavior Model, highlight the interplay of motivation, ability, and
triggers in shaping behavior, offering conceptual guidance for persuasive system design
[116]. These foundational models have catalyzed research agendas emphasizing the im-
portance of contextual adaptation, ethical responsibility, and long-term engagement in
the development of digital behavior support systems.

Research focuses on developing and evaluating different platforms for BCSS, including
web-based applications [159], embodied avatars [161], and ubiquitous technologies [67].
Other areas of research include exploring user perspectives on BCSS [87], systematically
reviewing the effectiveness of these systems [219], and proposing foundational studies,
research models, and agendas for BCSS [236, 237].

Regardless of the theoretical basis, techniques employed, or delivery modes used, im-
plicitly, all BCSS have some form of information about the user, such as the user’s goals
or preferences. This information constitutes a type of user model.
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1.1.2 User modeling and personalization
User modeling aims to provide personalized interventions by capturing various aspects of
users to predict behavior and tailor strategies accordingly. Below, we summarize common
approaches to user modeling and personalization.

User models aim to capture and represent key aspects of users. User models can be cre-
ated using a user-guided approach, where models are created directly from information
provided by users [119]. These models often incorporate factors such as personal values
and social practices [222], cognitive abilities and workingmemory [310], as well as person-
ality traits and personal values [205]. Alternatively, user models can be created through
an automatic approach, where user information is inferred from interactions with the sys-
tem [345, 346]. Regardless of the approach, usermodels rely on validated questionnaires or
structured data to quantify abstract constructs and represent relationships between them,
often using statistical analysis. By structuring and formalizing user information, these
models lay the foundation for personalization.

Personalization builds on user modeling to deliver tailored interventions. A common
approach involves categorizing users into profiles based on, e.g., personality [196, 325],
gamer types [18], or cognitive styles [265], using tools like questionnaires or physiologi-
cal data (e.g., eye tracking and physical activity) [173]. These profiles guide strategies or
designs deemed suitable for users with similar characteristics.

Dynamic personalization can also be achieved through reinforcement learning, which
adapts recommendations to maximize long-term outcomes. For example, reinforcement
learning algorithms suggest future activities based on users’ recent physical activity data
in weight loss interventions to optimize engagement and effectiveness [129].

Another method involves reasoning between user models and knowledge bases to
deliver context-specific and tailored advice. This approach combines patient models,
which capture user-specific data, with expert-derived knowledge organized into struc-
tured frameworks or rules. By applying reasoning mechanisms, these systems dynami-
cally filter and present relevant information, ensuring the advice is both personalized and
actionable [68].

1.1.3 Shared mental models
If a behavior change support system (BCSS) consistently maintains a user model that per-
fectly reflects the model the user has of themselves, it is more likely to provide support
that is aligned with the user’s needs. This aspiration is closely related to the theory of
shared mental models (SMM).

Converse et al. [74] defined SMM as “knowledge structures held by members of a team
that enable them to form accurate explanations and expectations for the task, and, in turn,
coordinate their actions and adapt their behavior to demands of the task and other team
members.” The basic idea is that mental model sharedness, defined as “overlapping mental
representations by team members that reflect how the group members as a collectivity
think or characterize phenomena” [165], improves team performance (see, e.g., [204, 316,
328]). Shared mental model theory has been translated to the context of (human-)agent
teams, arguing that sharedness is also important when artificial agents are involved [153].
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Since the agent cannot directly inspect the content of the model the user has of themselves,
alignment dialogues offer a means to acquire relevant information and update the user
model.

However, while SMMprovides a framework for cognitive synchronization, researchers
in the behavior change space often emphasize theWorking Alliance (WA) as a construct of
greater relevance for individual change. SMM appears more relevant to teams performing
tasks together where both parties have active roles, focusing on and measuring shared
knowledge about the team and the task itself. In contrast, WA involves shared goals,
agreement on tasks, and a sense of bond specifically aimed at getting one party to change
their behavior [41]. Crucially, WA has been found to be a major predictor of adherence to
treatment advice, which is of critical importance in behavior change compared to purely
task-oriented models [144].

While the theory of SMM emphasizes the benefits of alignment between team mem-
bers’ internal representations, much work has also examined how such sharedness can
be achieved. In human-human teams, SMM are often developed through communication,
joint training, and coordination practices that encourage mutual understanding of roles,
goals, and task strategies [75, 204]. In human-agent teams, research suggests that trans-
parency and explainability are critical for building alignment, as they help users under-
stand the agent’s reasoning, capabilities, and goals [60, 151]. Techniques such as shared
task representations, model visualization, and interactive plan negotiation have also been
proposed to support mental model convergence [45, 190]. These approaches provide in-
sights into how behavior support agents could gradually construct SMM with users, not
only by updating internal user models through dialogue, but also by exposing aspects of
their own reasoning to foster trust and alignment.

1.1.4 AI alignment
Broadening the scope of alignment from the specific relationship between an agent and a
user to the larger context of AI and humanity, we turn to the concept of the AI alignment.
This refers to the challenge of ensuring that AI systems align with human values so that
it does not pose a threat to humans and society [232, 278–280]. The most simple defini-
tion of the AI alignment problem is “AI do what we want them to do” [69]. The authors of
IEEE Global Initiative on Ethics of Autonomous and Intelligent Systems [292] propose that
autonomous systems should “always be subordinate to human judgment and control. If
machines engage in human communities as autonomous agents, then those agents will be
expected to follow the community’s social and moral norms.” These researchers advocate
that AI agents that are well-aligned with human values and preferences could bring im-
mense benefits to humanity. In these frameworks, the AI alignment problem is discussed
from an ethical perspective, focusing on how to ensure AI is properly aligned with societal
values. It is assumed that the community norms and social norms are made explicit, or
can be learned from human behavior, as Russell [279] proposes.

Below we highlight major technical strategies and socio-technical frameworks for ad-
dressing the alignment problem. Technical strategies for AI alignment focus on enabling
AI systems to infer and act on human preferences through data-driven or learning-based
methods. Researchers have used Inverse Reinforcement Learning (IRL) to explore how AI
systems can infer and act upon human values (e.g., [134, 139]). Abbeel and Ng [2] trained
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agents to recover human objectives by observing expert behavior rather than receiving
explicit rewards. This line of work has evolved into Cooperative Inverse Reinforcement
Learning [134], which frames alignment as a cooperative game in which the agent must
infer human preferences through interaction. Reinforcement learning from human feed-
back further refines this idea by having agents learn directly from human comparisons
over behaviors, allowing the system to align with nuanced and context-specific judgments
[70]. These approaches are technically powerful but often limited by challenges in reward
specification, data efficiency, and transparency.

Socio-technical approaches to alignment emphasize the importance of involving hu-
man stakeholders, not only as data sources but as collaborators in the design and over-
sight of AI behavior. The Society-in-the-Loop framework proposes embedding societal
values through deliberative processes and human oversight mechanisms that mirror the
idea of an algorithmic social contract [262]. Participatory design frameworks like WeBuil-
dAI go further by allowing diverse community members to co-create AI policies, ensuring
that system behavior reflects the values of affected populations [188]. Together, these ap-
proaches highlight that alignment is not just a technical problem but a social one, requiring
intentional design to respect human values, norms, and institutional constraints.

Human values At the center of AI alignment – whether in the context of this thesis
(between an agent and a user) or the broader societal challenge (between superintelligent
AI and humanity) – lies the core concept of human values: what individuals and societies
consider important in life, guiding our decisions and actions.

Values are conceptualized as criteria people use to choose what to do and to evaluate
others and events [122, 315]. Values are relatively stable in adults and play a central role
in motivating behavior [273, 289]. Several theories have been developed to describe and
classify human values.

Onewidely recognized framework is Schwartz’sTheory of Basic Values [289]. This the-
ory originally identified ten basic values and was subsequently refined into a model of 19
values arranged in a circular structure [290, 291]. In this model, tensions between oppos-
ing values are visualized at opposite ends of the circumplex. Schwartz’s values are broad
and abstract; Rokeach’s Value Survey [273] distinguishes between 18 Terminal Values (de-
sirable end-states of existence, such as a sense of accomplishment) and 18 Instrumental
Values (preferred modes of behavior that serve as means to achieve terminal values, such
as honesty or ambition); Moral Foundations Theory [132] emphasizes constructs related to
morality; Kahle’s List of Values (LOV) [154] classify people on Maslow’s hierarchy, and
they relate more closely to the values of life’s major roles (i.e., marriage, parenting, work,
leisure, daily consumption) than do the values in the Rokeach [155].

These theories and their associated instruments not only provide ways to measure
values but also help explain differences in attitudes and behaviors at both personal and
societal levels [290]. Understanding and incorporating human values is critical for design-
ing AI systems that align with individual and societal expectations, ensuring they act in
ways that respect and support what people care about most.

Incorporating values in AI Incorporating human values in AI aligns well with Value
Sensitive Design (VSD), a theoretically grounded approach to systematically integrating
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human values into technology design [122]. VSD advocates for an iterative methodology
that combines conceptual, empirical, and technical investigations to ensure that technol-
ogy accounts for the values of its stakeholders.

A review of two decades of VSDwork confirms the importance of these tripartite activ-
ities and underscores the need for rigorous technical methods that operationalize abstract
values [332]. Recent extensions of VSD into AI contexts have led to Value-Sensitive AI
(VSAI) frameworks, which adapt these methods to address ethical concerns and systemic
risks posed by data-driven technologies [283]. These include hybrid approaches like value-
based engineering, which formalize value elicitation and system design through ISO/IEEE
7000 standards [297]. Together, these approaches provide robust guidance for systemati-
cally integrating values into AI systems, from requirements gathering to algorithm design
and evaluation.

In addition to design frameworks like VSD andVSAI, argumentation-based approaches
have also been proposed to embed human values into AI reasoning processes. For example,
Verheij [322]’s notion of value-guided argumentation formalizes how the persuasiveness
of an argument depends on the values it promotes or demotes. By integrating values
into the logic of argumentation, this approach contributes to designing intelligent systems
guided by embedded human values, a step towards more ethical AI in an age of pervasive
autonomous systems [322].

Conceptual investigations identify and analyze the values of the direct and indirect
stakeholders, addressing trade-offs between competing values, such as autonomy versus
security. Empirical investigations explore how stakeholders perceive and prioritize values
in practical, interactive contexts, investigating discrepancies between stated preferences
and actual behaviors. Technical investigations assess how existing technological features
and mechanisms support or hinder human values. Together, these investigations ensure
VSD.

While both VSD and alignment dialogues aim to incorporate human values into tech-
nology, they differ in timing and scope. VSD is primarily concerned with embedding
values during the design phase and often targets stakeholder groups, shaping the founda-
tional assumptions and architecture of a system. In contrast, alignment dialogues operate
during runtime and focus on the evolving needs of individuals. They aim to surface values
dynamically, through interaction, enabling personalized and context-sensitive adaptation.
Ideally, the design of alignment dialogues should be informed by VSD principles to ensure
value-aware behavior from the outset. At the same time, insights gathered through align-
ment dialogues during deployment can feed back into future design processes, helping to
refine which values matter most in lived use.

Value elicitation Value elicitation is a critical step in aligning AI systems with human
values. In the context of VSD, this involves “identifying the benefits and harms for each
stakeholder group” [122]. Similarly, value elicitation is a key process in software engi-
neering, particularly during the requirements engineering (RE) phase. For example, tools
have been developed to embed values in the RE process by collecting value-based user
stories [89]. Similarly, chatbots have used laddering techniques to uncover users’ values
[270]. These values are then translated into norms and design requirements with a hierar-
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chical structure [315], where design requirements represent the most concrete layer of a
hierarchy beneath overarching values and norms.

Values have been elicited explicitly through questionnaires featuring predefined value
lists, such as Schwartz’s framework [290]. However, directly asking individuals about their
values can yield incomplete or hypothetical responses that may not reflect their actual
behavior in real-life contexts [42]. Additionally, these methods often lack grounding in
specific contexts, making it challenging to capture nuanced value preferences [193, 257].

Alignment dialogues may present a promising avenue for eliciting values in a more in-
teractive and personalized manner. Rather than relying on predefined questionnaires or
inferring preferences through methods like inverse reinforcement learning, this approach
envisions direct dialogue as a means for agents to engage users in meaningful exchanges
about their goals, preferences, and values. By grounding the process in real-time, context-
sensitive interaction, alignment dialogues could offer a more nuanced and flexible way of
capturing what matters to users. However, how to effectively structure such dialogues re-
mains an open research question. This thesis aims to lay the foundation for the realization
of what this kind of dialogue could and should look like.

1.1.5 Dialogue systems
Alignment dialogues can be seen as a form of task-oriented dialogue [312], focusing on
completing specific operational tasks. While traditional task-oriented dialogues often han-
dle activities such as booking facilities [133], alignment dialogues target the more nuanced
task of ensuring that the user model accurately reflects the user’s needs, values, and pref-
erences.

In the healthcare domain, conversational agents have been widely explored [182].
They are often used to support self-care or provide information to users, employing
approaches that are typically finite state-based (e.g., [255, 303]) or frame-based (e.g.,
[113, 148]). Finite state-based systems rely on predefined dialogue paths and follow strict,
system-directed interactions, where the system directs users by presenting a limited num-
ber of choices at each turn [210]. In contrast, frame-based systems use a frame structure,
where each slot represents a piece of information the system needs to gather [209]. These
systems allow users to provide information in any order, capturing multiple data points
efficiently and facilitating task completion [210]. Both approaches are handcrafted and
heavily rely on domain knowledge to define states or slots. However, alignment dialogues,
as a novel concept, to the best of our knowledge, lack standardized tools for capturing the
reasons behind user non-adherence or misalignment.

More recently, large language models (LLMs) have significantly reshaped the land-
scape of conversational agents. These models enable more open-ended interactions with-
out the need for heavily handcrafted dialogue structures, allowing systems to sustain
multi-turn context and produce highly fluent responses [52]. However, while LLMs offer
powerful expressive capabilities, they also introduce new alignment challenges, particu-
larly in terms of controllability, transparency, and behavioral consistency. LLMs can be
difficult to steer reliably, often behave opaquely due to their black-box nature, and may
generate contradictory or misleading outputs across similar prompts, raising concerns
about their dependability in sensitive domains [39, 327].

Research around alignment dialogues in this thesis, by contrast, aim to establish a de-
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liberate, structured process through which an AI agent interacts with a user to uncover
intentions, values, or contextual barriers. While LLMs may serve as underlying engines
to facilitate such dialogues, the core design principles explored in this thesis remain es-
sential: fostering transparency, trust, and adaptability through meaningful interaction.
This project was initiated prior to the widespread deployment of LLMs, but its contribu-
tions, especially the emphasis on interactive alignment mechanisms, continue to be highly
relevant. As AI systems become increasingly general and powerful, designing purposeful
alignment dialogues remains a crucial pathway for ensuring these systems behave in ways
that are comprehensible and truly responsive to human needs [20, 39].

These developments in language models have expanded the possibilities for con-
versational agents across many domains, including health. In the context of e-health
applications, conversational agents are increasingly used to assist users throughout
different stages of behavior change by offering coaching, encouragement, and advice
[95, 147, 254, 329]. Existing techniques from behavioral change practices, such as goal
setting [38], motivational interviewing [156, 247], and questionnaires [104, 198], have also
been integrated into conversational agents.

Alignment dialogues, however, have a distinct focus: rather than directly supporting
behavior change, they aim to ensure that the user model accurately reflects the user’s
needs and preferences in a specific circumstance.

Dialogue alignment It is important to mention that in the area of dialogue systems,
a different but related alignment dialogue concept is studied, namely dialogue alignment.
This concerns alignment processes in dialogues, as opposed to the use of dialogues for
human-machine alignment.

The concept of alignment in dialogue was first proposed by Pickering and Garrod
[256] in response to the need for an account of the basic processing mechanisms that are
employed during natural dialogues, instead of isolated words, sentences and texts alone.
Their fundamental claim was that interlocutors align their linguistic representations in a
dialogue, and it is such convergence and alignment that underlies communication success.
For example, interlocutors tend to develop the same set of referring expressions to refer to
specific objects [49]. Besides the linguistic representation, at nonlinguistic levels interlocu-
tors imitate each other in many respects [46, 128], such as postures and facial expressions.
Moreover, Garrod and Pickering [127] identified several sources of alignment, where they
discussed alignment via beliefs about one’s interlocutor, imitation, agreements between
interlocutors, feedback, and physical co-presence.

Dialogue alignment in the conversational agent community thus focuses on how peo-
ple use linguistic and non-linguistics aspects in dialogues to align with each other and
achieve communication success. A dialogue in this sense can be seen as “a joint action in
which the participants’ goal is to establish aligned representations of what they are talking
about” [128]. This has some overlap with our notion of alignment dialogue in the sense
that an alignment dialogue is also a joint action with a goal, however, in this setting with
the aim to establish aligned representations of user needs. Dialogue alignment processes
may be part of an alignment dialogue to achieve successful human-machine alignment
and provide the proper support to the user.
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1.2 Alignment Dialogues: An Interactive Approach to
Alignment in Support Agents

In the context of behavior support agents, effective support relies on the agent’s ability
to accurately capture and interpret the user’s current situation and needs. However, it is
often unrealistic to expect the agent to always have complete knowledge or understanding
of either. In many cases, it becomes necessary to involve the user in the loop to create or
refine the required knowledge. Dialogue is the most natural and intuitive way for humans
to interact and share information [256], which suggests it may be a useful approach for
addressing these gaps.

1.2.1 Conceptual foundations
Consider the example introduced earlier: the agent would have been unlikely to know
that Sarah was stressed and preferred a different form of exercise at that moment without
receiving explicit input from her. Dialogue enables such critical information to be surfaced
and incorporated into the agent’s user model. In this section, we formally introduce the
concept of alignment dialogue and outline the main challenges involved in crafting and
designing such dialogues, which form the core focus of this thesis.

To begin conceptualizing alignment dialogues, it is useful to reflect on what it means
for a support agent to be aligned or misaligned with a user. What constitutes alignment
or misalignment between a support agent and a user, and under what circumstances do
these situations occur? Understanding when and why these mismatches occur provides
the groundwork for defining what alignment dialogue seeks to address.

In this context, it is crucial to distinguish between a user’s behavior goal and their
underlying purpose. In this thesis, we frequently refer to concrete activities as behavior
goals, such as reducing sugar or attending the gym. However, we recognize that from a
behavioral science perspective, these are often tasks rather than final objectives. A user
may attend the gym to lose weight, buildmuscle, improve health, or seek social interaction.

Another important consideration is how alignment dialogue unfolds in practice. That
is, how might the interaction between user and agent unfold to identify and repair mis-
alignment? What does such a dialogue look like when it is working well? Central to these
questions is the notion of user information. Defining what information is relevant and
necessary is crucial, as it determines the content of the alignment dialogue. Finally, how
should an alignment dialogue be crafted and designed? Here, we examine the process of
alignment dialogue: what design considerations, conversational structures, and interac-
tion strategies are important to enable effective knowledge exchange between user and
agent.

By exploring these conceptual foundations, this thesis aims to lay the groundwork for
alignment dialogues that improve the ability of support agents to provide personalized,
adaptive, and trustworthy assistance.

1.2.2 Alignment dialogue as an alternative to other approaches
The alignment dialogue agent we envision differs from traditional applications in con-
versational agent research in several important aspects. Most commonly, task-oriented
dialogues focus on completing specific operational tasks, such as booking a facility [133].
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While some research has begun to explore higher-level concepts—for example, Abdulrah-
man [3] and Abdulrahman et al. [5] examine agents that elicit user goals and beliefs to tai-
lor behavior change explanations. Capturing situation-dependent concepts like personal
values through runtime interaction remains largely unexplored.

An alternative approach to achieving alignment could be through methods such as
inverse reinforcement learning (see, e.g., [134, 139]), which aims to infer human prefer-
ences from behavioral data. While these are worthwhile technical projects, data-driven
approaches have their limitations. First, the existing data only reflects past or current
user behaviors. It does not account for the desired behavior that the support agent aims
to provide. Furthermore, data-driven approaches usually lack transparency because of the
complex relation between input data and a model’s output [92]. This makes it difficult for
users to understand how the system works. This lack of transparency can undermine user
trust, especially in contexts where personal values and sensitive goals are at stake.

To address these challenges, this thesis proposes an alternative approach: using direct
conversation to bridge the gap between the agent’s model and the user’s evolving needs.
We introduce the concept of alignment dialogue: a dialogue inwhich the agent and the user
collaboratively aim to achieve or maintain alignment. Through alignment dialogues, users
can directly communicate higher-level concepts, such as their values, goals, or desires that
are otherwise difficult for the agent to infer from behavioral data alone.

Moreover, alignment dialogues offer additional benefits for transparency and trust. By
allowing users to articulate the reasons behind their decisions or preferences, the dialogue
implicitly reveals how the agent works and why it offers certain types of support. This can
strengthen the user’s confidence in the system. In cases of misalignment, engaging the
user in dialogue also helps surface the underlying reasons (the why behind their behavior)
which in turn can enable the agent to adapt more effectively when similar situations arise
in the future.

Figure 1.1 provides an overview of how alignment dialogues could be incorporated
when employed in a support agent. The process begins with an initial conversation be-
tween the support agent and the user, during which the agent asks about user’s goal and
values or other motivational attitudes. However, the initial user model derived from this
conversation is unlikely to fully capture the user’s needs and the contextual factors that
may shift over time. To address this, alignment dialogues are employed to maintain or
restore alignment between the user and the agent throughout the system’s use.

1.2.3 Motivations
The need for alignment dialogues arises from the dynamic and ever-changing contexts
in which supportive technologies are employed. Misalignment between the agent and the
user is inevitable due to the changes in a user’s circumstances and needs (discussed further
in Chapter 2). In this section, we outline several key reasons for opting for human-agent
alignment dialogues, as opposed to relying on purely automatic or data-driven approaches.

Explaining the model to the user requires explicit representation One motivation
for using dialogues is to make the agent’s internal model understandable and transparent
to the user. This is important because users are more likely to trust and engage with a
system when they can see how its decisions are made and influence how it represents
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Figure 1.1: The alignment process cycle. Following initialization, the system enters a state of alignment where it
provides a support action (blue). If misalignment is detected (non-aligned support, red), an alignment dialogue
is triggered to reconcile the agent’s model with the user’s goals and context, eventually returning the system to
an aligned state.

their needs. Data-driven methods, by contrast, often rely on opaque models and implicit
inferences, making it difficult for users to understand or intervene in how they are repre-
sented. This requirement places certain constraints on the design of the model: it must
be explicit, interpretable, and capable of being translated through interaction. A central
challenge lies in balancing the expressivity of the model’s internal representations with
the user’s ability to comprehend and interact with them. Dialogue provides a mechanism
for surfacing and refining these representations in collaboration with the user, allowing
them to directly inspect, update, or challenge the assumptions guiding the agent’s behav-
ior. This fosters not only better personalization but also greater user trust and control over
how the system operates.

Human-machine interactions differ from human-human interactions It may
seem reasonable to design support agents by mimicking how human coaches interact with
their clients in similar situations. However, we argue that people may perceive and engage
with machines differently from how they interact with humans. While human-human in-
teractions can serve as templates for designing agent dialogue, direct replication may not
be effective because machines are perceived as fundamentally different entities. Addition-
ally, translating human-human interactions into machine behaviors is not straightforward
[227]. It may be difficult for human coaches to explicitly convey how they tailor their
advice to individual clients or patients in diverse circumstances. These differences under-
score the need for a distinct approach such as alignment dialogue, that is intentionally
designed for human-agent interaction, rather than relying solely on analogies to human-
human dialogue. Alignment dialogue offers a structured way to bridge the interaction gap,
allowing users to explicitly communicate their reasoning, values, and situational needs to
the agent in a way that accommodates the unique dynamics of interacting with a machine.

Machines represent human states differently from humans themselves A related
challenge stems from how machines and humans represent user states/mental models dif-
ferently. A human coach’s understanding (mental model) of a client is often shaped by
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narratives, memory, and lived experience [135]. Machines, on the other hand, typically
employ structured models, such as user profiles or knowledge graphs, to represent and
reason about the user’s needs and preferences [101]. Because of this fundamental differ-
ence in representation, behavior data alone often fails to capture the richness of human
reasoning and context. This makes it difficult to infer user needs purely from observation,
especially in dynamic or nuanced situations. Alignment dialogues are therefore needed
not just to bridge the gap between human and machine representations, but to actively
involve users in shaping how they are represented. By enabling users to explain their sit-
uation in their own terms, dialogue provides a direct, interpretable channel for updating
the user model in ways that data-driven methods cannot achieve on their own.

1.3 Methodologies and Research Questions
This section outlines the overall methodological approach of the thesis and presents the
research questions it addresses. We describe how each study contributes to understand-
ing the role of alignment dialogue in behavior support systems, and explain how different
methods were selected and sequenced. Figure 1.2 provides a visual overview of the re-
search structure and the relationships between the key actors and study components.

1.3.1 Research overview
This thesis considers a three-actor setting, , as illustrated in Figure 1.2, involving: the
human user, the human supporter (e.g., a coach or clinician), and the support agent. The
support agent functions as an intermediary, interacting with both the user and the human
supporter. The figure also highlights the main system components involved and the flow
of information between actors. Each numbered box corresponds to a research question
addressed in this thesis.

On the left side of the diagram, the focus is on support for the user. The DIALOGUE
AGENT engages in conversations with the user to gather information, which is then stored
in a USER MODEL (RQ1, RQ2, RQ3).

On the right side, the focus shifts to supporting the human supporter. A different
DIALOGUE AGENT is involved in collecting user insights, which are then translated into
an appropriate INFORMATION PRESENTATION format (RQ4, RQ5). This component ensures
that relevant user information is conveyed to the human supporter in a way that is com-
prehensible and useful for decision-making. Finally, as a proof of concept, we developed a
prototype that implements alignment dialogue in practice, demonstrating how a support
agent can acquire user information and use it for personalization (RQ6). Note that RQ6 is
not explicitly marked in Figure 1.2, as it refers to a technical implementation of the overall
pipeline rather than a specific component.

This figure provides a visual summary of the system’s architecture and the two core
interaction pathways examined in this thesis: (1) from agent to user, and (2) from agent
to human supporter. Our methodological approach follows a sequential logic—beginning
with qualitative methods to explore user needs and expert perspectives, and progressing
to controlled user experiments to evaluate design alternatives and assess alignment in
practice.

These methodologies were selected based on the exploratory nature of the research
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Figure 1.2: Overview of the alignment dialogue system architecture and corresponding research questions. The
left side illustrates the components involved in collecting user information and updating the user model through
alignment dialogue (RQ1–RQ3). The right side shows how this information is presented to third parties (RQ4–
RQ5). RQ6, concerning the technical implementation of the full pipeline, is not depicted but spans the entire
architecture.

topic. Because the concept of alignment dialogue is relatively novel in the context of be-
havior support systems, qualitative methods such as focus groups and expert interviews
offer a way to investigate how people interpret, respond to, and make sense of these in-
teractions. Building on insights gained from these qualitative studies, we then conducted
controlled user experiments to investigate emerging themes more systematically and eval-
uate specific aspects of alignment dialogue in practice.

1.3.2 Research questions
To address this overarching question, we break it down into several sub-questions that
correspond to different stages of the research.

RQ1: Which dimensions are important for designing good alignment dialogues?

Methodology RQ1 concerns the DIALOGUE AGENT in Figure 1.2: how alignment dia-
logues should be designed. We began with an exploratory focus group study to identify
important dimensions from the perspective of potential users. The study was conducted
in the context of behavior support agents that use alignment dialogues to update their
user model in different scenarios.

A key methodological choice was to use focus groups (as opposed to interviews) be-
cause they allow participants to build on each other’s perspectives and to generate richer
discussions [162, 178]. Participants read each dialogue as if they were the user in the
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scenario and discussed which aspects they found helpful or problematic. This included
reflections on the agent’s depth of reasoning, the timing and initiator of the dialogue, how
the agent responded to non-adherence, and how emotions such as guilt and shame arise
as a result. The sessions were transcribed and analyzed using inductive thematic analy-
sis [252], incorporating methods from grounded theory to identify relevant themes and
dimensions [47, 178, 301] .

Contributions This study served as a first step toward conceptualizing alignment dia-
logues as an interactive approach to acquiring and updating user information. It sharp-
ened the definition of alignment dialogue and identified design-sensitive dimensions, such
as the timing of dialogue initiation and the balance between abstract reasoning and user
comfort, that must be carefully considered when crafting such interactions. Together,
these insights lay the groundwork for designing alignment dialogues that are not only
informative but also emotionally attuned and contextually adaptive.

RQ2: What constitutes user information in alignment dialogues?
RQ3: How do different strategies for realizing alignment dialogues affect the user’s dia-
logue experience?

Methodology RQ2 concerns both the DIALOGUE AGENT and the USER MODEL, and RQ3
concerns only the DIALOGUE AGENT, as shown in Figure 1.2. For these two RQs, we con-
ducted a large-scale online user experiment (N = 234). Participants each provided a goal
for healthy behavior and identified three situations in which they might fail to adhere to
this goal. In this study, we addressed RQ3 by comparing three different dialogue strategies
that were designed based on prior literature, and RQ2 through analyzing user responses.

The methodology combined quantitative and qualitative measures. Quantitatively,
participants rated self-conscious emotions (e.g., guilt, shame, pride), perceived accuracy
and completeness of the dialogue, and dialogue experience. Qualitatively, we analyzed
open-text responses using a hybrid of deductive and inductive coding. Deductive cod-
ing measured the presence of social, contextual, and value-related information, while in-
ductive coding surfaced emergent topics (e.g., personal challenges, norms, emotional out-
comes) not explicitly asked for in the dialogues.

Contributions This study refines the concept of user information in alignment dialogues,
showing that it encompasses not only values, contextual factors, and social influences,
but also emergent elements such as emotional outcomes, personal norms, and behavioral
trade-offs. It also demonstrates how different dialogue strategies shape the type and qual-
ity of information acquired, as well as the user’s emotional response. The findings high-
light a key design tension between completeness and cognitive demand, suggesting that
hybrid strategies, balancing open-ended flexibility with targeted structure, are well-suited
for real-world alignment dialogue systems.
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RQ4: What are the concerns and benefits of using an alignment dialogue that collects
patient information and presents it to healthcare professionals in diabetes care?

Methodology RQ4 concerns the DIALOGUE AGENT (but on the agent-to-human supporter
interaction side) and the INFORMATION PRESENTATION. To explore the practical and ethical
implications of using alignment dialogue as a communication bridge between patients and
healthcare professionals, we conducted an expert group interview study with five health-
care domain experts. The study centered on a proposed Conversational Intermediary AI
(CIAI) system designed to gather user information through dialogue and summarize it
for healthcare providers in between consultations, particularly in the context of Type 2
diabetes care.

Participants were presented with a storyboard illustrating six scenes that showcased
the envisioned functionalities of the CIAI system, ranging from eliciting patients’ healthy
lifestyle goals, capturing reasons for non-adherence, to summarizing relevant insights for
healthcare professionals. Data was collected through a combination of note-taking, post-it
annotations, and digital worksheets, then thematically coded and analyzed.

Contributions This study offers an initial assessment of alignment dialogue as an AI-
mediated intermediary between patients and healthcare providers in lifestyle-related care.
Experts highlighted its potential to streamline consultations by capturing context-rich pa-
tient insights and summarizing them for clinical use. These benefits are especially salient
in settings where provider time is limited and understanding behavior-related barriers is
essential. At the same time, the study surfaces critical concerns regarding privacy, the
transparency of data handling, the rigidity of dialogue structures, and the clinical bound-
aries of AI-generated suggestions. Together, these findings point to both the promise and
the design challenges of deploying alignment dialogues in healthcare, underscoring the
need for careful consideration of ethical, contextual, and professional norms.

RQ5: Which format is most effective for presenting alignment dialogue content to third
parties, ensuring comprehension and accuracy?

Methodology RQ5 focuses on the INFORMATION PRESENTATION. To examine how align-
ment dialogue content can best be presented to third parties, such as lifestyle coaches, we
conducted a controlled user experiment comparing different formats for presenting con-
versational agent data. These formats represent increasing levels of abstraction: from the
raw dialogue, to a categorized list of summaries, to a visual interactive interface. Partici-
pants were asked to assess the user’s situation based on the presented format and answer
comprehension questions inspired by the SAGAT (SituationAwareness Global Assessment
Technique) framework [106], and usability of the assigned presentation format.

Real-world behavior support systems often face a bottleneck where users struggle to
access or comprehend their own mental state representations or user models. To bypass
this challenge, this study deliberately assumed that the dialogue data provided to partic-
ipants—representing another person’s information—was accurate and complete. By first
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investigating how third-party observers interpret such data, this research establishes a
foundation for future work on how users might directly engage with and resolve conflicts
within their own models.

Contributions This study demonstrates how alignment dialogue content can be trans-
formed and presented to third parties in ways that balance comprehension, efficiency, and
usability. It reveals a fundamental trade-off between contextual richness and processing
speed: while original dialogues support the most accurate understanding, structured and
visual formats improve speed and usability. The interactive interface emerged as a promis-
ing compromise, providing overview and structure while retaining some narrative context.
These findings underscore the importance of aligning presentation format with commu-
nicative purpose and stakeholder needs, offering guidance for designing alignment-aware
interfaces that support both clarity and practical decision-making. Importantly, under-
standing how alignment dialogue content is best presented, whether to third parties or
to the user themselves, can inform how this information is represented within the user
model, including what structure or level of granularity supports downstream use. This
has implications for dialogue design: knowing how information will need to be inter-
preted later shapes what kinds of content should be elicited and how it should be framed
to ensure clarity, relevance, and interpretability. Moreover, the findings also point to
future applications where such information may be presented back to users, raising con-
siderations around transparency, user trust, and privacy. In this sense, the formats studied
here provide a conceptual link between information presentation, model representation,
and alignment dialogue design, supporting the development of systems that are not only
adaptive and expressive, but also user-facing and ethically aware by design.

RQ6: How can we technically realize an alignment dialogue pipeline that supports per-
sonalized behavior change?

Methodology To explore how alignment dialogues can be implemented in real-world
systems, we developed and demonstrated a technical prototype that integrates dialogue,
information extraction, knowledge representation, and reasoning. This system illustrates
a full pipeline for acquiring user information through dialogue and transforming it into
structured knowledge that can be used for personalized support.

The dialogue component engages the user in a rule-based alignment dialogue, aimed
at surfacing high-level information such as reasons for behavior, contextual influences,
and personal values. The information provided by the user is automatically extracted into
machine-readable RDF triples using an information extraction module.

This structured information is stored in a User Knowledge Graph (User KG), which
includes not only lifestyle and contextual information but also health data such as blood
sugar or weight. The User KG is supported by an OWL-based ontology and continuously
updated through ongoing dialogue. In parallel, a Domain Knowledge Graph (Domain KG)
captures general medical knowledge relevant to diabetes care, such as treatment methods
and condition-specific guidelines.
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To decide on appropriate actions or interventions, a reasoning module compares user-
specific data (from the User KG) with medical knowledge (from the Domain KG). It selects
interventions that align both with clinical recommendations and the user’s preferences,
context, and values. For example, if physical activity is recommended, the system may
choose between advising a gym session or awalkwith family based on the patient’s known
preferences.

Contributions This integrated architecture enables the system to (1) elicit relevant and
personalized user information via alignment dialogue, (2) represent it explicitly and trans-
parently in structured form, and (3) reason over this information to tailor support to the
individual. In doing so, it demonstrates how alignment dialogue can serve not only as
an interface for acquiring user data but also as a foundation for transparent and adaptive
behavior change support.

1.4 Thesis Structure
This thesis investigates how alignment dialogue can be used to acquire information in
behavior support systems, and how that information can be sharedwith human supporters
to improve collaborative care. The chapters are structured to follow the conceptual and
empirical development of this idea across two main stages: the first focusing on agent-
to-user interaction, and the second on agent-to-human supporter communication. The
final chapter integrates these findings and reflects on the implications for the design of
behavior support systems more broadly.

Chapter 2 explores the foundational concept of alignment dialogue, focusing on how
behavior support agents can engage users in meaningful interaction to understand their
changing needs. Through a qualitative focus group study, this chapter identifies the key
design dimensions that shape the effectiveness and user experience of alignment dialogues
(RQ1).

Chapter 3 continues this exploration by examining what types of user information can
be meaningfully acquired through such dialogue, and how different dialogue strategies
affect the quality and emotional tone of the interaction. A large-scale user experiment
investigates how users respond to open-ended, focused, or structured alignment dialogues,
offering insight into the trade-offs between information richness and user comfort (RQ2,
RQ3).

Chapter 4 shifts the focus to the agent’s role as an intermediary between users and hu-
man supporters. Based on an expert focus group study in the context of Type 2 diabetes
care, it explores how alignment dialogue outputs could be used to support healthcare pro-
fessionals. It identifies both the perceived benefits and critical concerns related to privacy,
naturalness, and clinical relevance (RQ4).

Chapter 5 investigates how to present alignment dialogue content to third parties in
a way that supports accurate comprehension and efficient use. A controlled user experi-
ment compares three formats (original dialogue, structured list, and interactive 360° tool),
shedding light on the trade-offs between fidelity, usability, and stakeholder needs (RQ5).

Chapter 6 presents a technical proof of concept that brings together the components
of an alignment dialogue system. It demonstrates how dialogue-based information can
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be extracted, represented in knowledge graphs, and used in reasoning to personalize sup-
port. The system integrates dialogue management, semantic information extraction, user
modeling, and context-sensitive decision-making (RQ6).

Chapter 7 concludes the thesis by synthesizing findings across the six research ques-
tions. It reflects on the broader implications for behavior support technology, the ethical
and design challenges ahead, and directions for future research.

Throughout this thesis, we position alignment dialogue as a human-centered approach
to personalization, complementary to data-driven modeling, and contribute to the broader
Hybrid Intelligence research program. While this thesis focuses specifically on alignment
within behavior support, related efforts have investigated adjacent questions such as how
to foster appropriate trust in AI systems through formal modeling and integrity-based
explanation strategies [211], or how to optimize algorithmic support for behavior change
through reinforcement learning [17]. Other work has proposed the use of default logic
to create adaptable user models that can handle exceptions in behavior patterns [335], or
explored how argumentation can address knowledge base inconsistencies arising from
shifting user preferences and environmental changes [141]. Together, these contributions
aim to build more adaptive, transparent, and collaborative intelligent systems.
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2
Acquiring Semantic Knowledge

for User Model Updates via
Human-Agent Alignment
Dialogues: An exploratory

focus group study
For personal assistive technologies to effectively support users, they need a user model that
records information about the user, such as their goals, values, and context. Knowledge-based
techniques can model the relationships between these concepts, enabling the support agent to
act in accordance with the user’s values. However, user models require updating over time
to accommodate changes and continuously align with what the user deems important. In
our work, we propose and investigate the use of human-agent alignment dialogues for es-
tablishing whether user model updates are needed and acquiring the necessary information
for these updates. In this paper, we perform an exploratory qualitative focus group study in
which we investigate participants’ opinions about written examples of alignment dialogues,
as a foundation for their design. Transcripts were analyzed using thematic analysis. A main
theme that emerged concerns the potential impact of agent utterances on the user’s feelings
about themselves and about the agent.

2.1 Introduction
Behavior support technology is being developed to perform tasks on our behalf or to guide
our actions. In the area of health and well-being, for example, there are support agents
that remind us to take our medicine [216], to help us eat healthier [288], and to coach us

 Pei-Yu Chen, Myrthe L. Tielman, Dirk KJ Heylen, Catholijn M. Jonker, and M. Birna van Riemsdijk. “Acquir-
ing semantic knowledge for user model updates via human-agent alignment dialogues.” In HHAI 2023: Augment-
ing Human Intellect, pp. 93-107, IOS Press, 2023.



2

24 2 Acquiring Semantic Knowledge via Human-Agent Alignment Dialogues

on well-being [324]. As support agents become more and more integrated with our daily
lives, it becomes even more important that they provide support that is in line with the
goals, norms, values, capabilities and context of users [320].

Existing work has proposed computational representations for capturing such human
notions as a user model in the agent [12, 79, 164, 309]. These Semantic UserModels employ
knowledge-based techniques, comparable to a representation of ontologies in a semantic
web context, through which the user’s motivational attitudes and their relations with user
actions are modelled explicitly [32]. For example, a user model can describe the daily
activities and sub-activities of the user, the user’s capabilities in performing these activities,
and which values are promoted or demoted by which activities [309]. If the user’s goals
and value preferences are also modeled, the agent can select support actions that are in
alignment with what the user finds important.

A challenge is how to acquire the information that is to be captured in a Semantic User
Model. This is particularly challenging because such a model not only records individual
pieces of information about the user but also relations between concepts. Some of this
information, e.g., regarding the current habits of a user, may be obtained through analy-
sis of behavioral user data. However, doing so for high-level concepts such as values or
goals can be challenging [23]. Moreover, behavioral data reflects people’s past behavior
rather than their future desired behavior. Capturing the latter is particularly important
for agents intended to support a user in changing their behavior. In addition, data-driven
approaches can lack transparency because of the complex relationship between input data
and a model’s output [94]. This makes it difficult for users to understand how the system
works and also to adapt the system to their preferences.

In our research, we explore a complementary approach for acquiring user model in-
formation, namely via interaction between user and support agent, specifically via a user-
agent dialogue. The idea is that the support agent will have a conversation with the user
where the agent asks the user about the activities they need support with and the underly-
ing values [32]. An initial version of such a user model, however, is unlikely to provide a
complete and fully accurate picture of the user’s needs and contextual factors throughout
the period of use of the agent. There can be situations where the user model needs to be
updated, for example, because of changes in user needs or context.

In this paper, we take a first step in designing human-machine alignment dialogues
(introduced in Section 2.3) that aim to identify and repair such misalignments between
user and agent, or prevent future misalignments. We perform an exploratory qualitative
focus group user study, in which we show participants different written variants of what
such human-agent alignment dialogues might look like and discuss their opinions (Sec-
tion 2.4). With this first study, we aim to identify dimensions that are important for de-
signing good alignment dialogues. We analyze the focus group transcripts using thematic
analysis, through which we identify main themes, concepts, and their relations. Based
on this we highlight several considerations that need to be taken into account in the next
step in developing alignment dialogue models (Section 2.5). We discuss related work in
Section 2.2 and discuss our findings and conclude the paper in Section 2.6.
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2.2 Related Work
The concept of human-agent alignment dialogues can be positioned at the intersection of
research on conversational agents and human-agent teamwork.

2.2.1 Conversational agents
Conversational agents have already been extensively investigated in the context of health-
care [181], for example, to support users in self-care, retrieving information, or non-task
related interactions. These dialogue approaches are typically frame-based, where users are
asked to fill in slots in a template, or they take place through a series of pre-determined
steps. Elicitation and use of richer Semantic User Models is a novel approach that fa-
cilitates more comprehensive and personalized support. This richness means that more
nuanced and context-aware information can be integrated into the model, which requires
updates as changes occur. Dialogues to facilitate such updates have, to the best of our
knowledge, not yet been investigated.

Moreover, in the area of conversational agents, a concept related to alignment dia-
logues is studied, namely dialogue alignment [256]. This concerns alignment processes in
dialogues, as opposed to the use of dialogues for human-machine alignment as we intro-
duce in this paper. For example, interlocutors in a conversation tend to develop the same
set of referring expressions to refer to specific objects [49]. Dialogue alignment processes
may be part of an alignment dialogue in order to achieve successful human-machine align-
ment and provide the proper support to the user.

2.2.2 Human-agent teamwork
Furthermore, in our approach, we take inspiration from research in human-agent team-
work, since the user and support agent can be viewed as a teamworking together to ensure
the user is supported appropriately.

From sharedmental model theory, we know that mental model sharedness – defined as
“overlapping mental representations by team members that reflect how the group mem-
bers as a collectivity think or characterize phenomena” [165] – improves team perfor-
mance (see, e.g., [204, 316, 328]). Shared mental model theory has been translated to the
context of (human-)agent teams, arguing that sharedness is also important when artificial
agents are involved [153]. Sharedness of the mental model that the agent has of the user’s
goals, and the user’s ownmental model of their goals, can improve the agent’s support and
alignment with the user’s needs. Since the agent cannot directly inspect the content of the
user’s mental model, alignment dialogues can be a way to elicit the relevant information
and update its user model.

Moreover, the coactive design approach to human-agent teamwork argues for the im-
portance of designing for human-machine interdependence for realizing resilient human-
machine systems [150]. Alignment dialogues can be viewed as a way of designing for
interdependence in the context of support agents, ensuring that human-machine misalign-
ments can be identified and repaired.
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2.3 Human-Agent Alignment Dialogues
In this section, we outline the concept of alignment dialogues. We will start with an
illustrating example of how misalignment between users and support agents could
happen and what a corresponding alignment dialogue could look like.

Alignment dialogue example:

Scenario: Upon initialization, John has told the agent about his ideal exercise sched-
ule. However, since then, his opinion about this has changed. When the agent asks him
to stick to the original schedule, a misalignment situation occurs.

John: I don’t like the exercise schedule.

Agent: Are you no longer motivated to exercise?

John: I am, but I just want more variety.

Agent: Okay. Anything in particular that you would like to include?

John: Could you add swimming to my schedule and make suggestions
more randomly?

Agent: Yes. Anything else I can do for you?

John: No, thank you.

We identify three types of alignment (Figure 2.1), referring to the desired support as the
purpose of alignment, the user model as themeans for aligned support, and behavioral non-
compliance as the trigger indicating a possible need for starting an alignment dialogue:
(1) alignment between agent’s support actions and the support users need/want which is
reflected in their actual behavior, (2) alignment between agent’s user model and user’s
self-model, and (3) alignment between user’s actual behavior and their desired behavior.

Alignment types The first type of alignment is the broadest and encompasses the sec-
ond and third types. As the agent can never fully grasp the user’s true self-model, it cannot
be certain about the second and third types of alignments. Therefore, the focus is on the
first type of alignment, which pertains to the match between the agent’s support actions
and the user’s needs/wants. We define the user’s needs as the means for them to achieve
a specific goal that the agent facilitates and promotes. A corresponding notion of misalign-
ment can be described conversely as a situation where the provided support does not match
what the user needs or wants.

It is important to note that what the user wants at a specific moment may not be
what they need with regard to their goals. Similarly, there might be a conflict between
short-term and long-term goals [124]. This then gives rise to what may be seen as a moral
challenge of whether the agent should align with what the user wants now, or what they
need long term. In this paper, we focus on how the user wants to talk about what they need
or want in an alignment dialogue, and how to resolve this via an alignment dialogue. The
outcome of this dialogue can then be away for the agent to determine themost appropriate
support.
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Figure 2.1: Alignment dynamics in user-agent interaction: types of alignment (1,2,3) and changes that could
causemisalignment (a,b,c); see text for further explanation. The primary goal of alignment dialogues is to address
the first type of alignment, as indicated by the solid pink arrow.

Reasons formisalignment In the example above, misalignment arises because the user
changes their mind with regard to their desired exercise schedule. We identify three main
reasonswhymisalignment can arise in general. These are derived from theway the agent’s
support actions would be chosen, i.e., using reasoning based on information in the user
model. A misalignment between the agent’s support action and the user’s support needs
can thus arise because, first, the agent’s reasoning process itself can be wrong. Second,
the agent’s user model can be wrong initially. Third, something can change that requires
an adapted interpretation of the situation compared to the information captured in the
existing user model. Regarding the last one, we further identify three aspects that could
change and cause misalignment (illustrated in Figure 2.1):

(a) Context: This includes the external factors or environments of the user, such as
the weather, special occasions, or events. When the context changes, the original
support may no longer match the user’s needs.

(b) User’s internal state: A user’s internal states encompass the user’s emotions,
stress level, physical or mental conditions, etc.

(c) User’s desired behavior: As time passes, the user maywant to adjust their goals or
other motivational attitudes. In this case, the user model may have been correct at
the beginning; however, it is the user themselves who changes over time, requiring
the agent to adapt the user model to ensure alignment.

Alignment dialogues We define alignment dialogues as dialogues with which the agent
and user try to achieve or maintain alignment. This can include first establishing if there
is a misalignment, as it might not always be obvious to the agent if an observation of
the user’s behavior points to a misalignment. If there is a misalignment, the conversation
could shift to talking about how to solve the situation, where the user and the agent take on
a question-answering approach. The cycle will continue until the misalignment no longer
exists, and the agent will have obtained a better understanding of the current situation.
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2.4 User Study
In the previous section, we have outlined what we mean by (mis)alignment and how we
see the role of alignment dialogues. To better understand how we could shape alignment
dialogues, we performed a qualitative user study to explore people’s opinions and ideas
about alignment dialogues.

2.4.1 Focus group with scenarios
Theuser studywas performed in the form of focus groups using a scenario-based approach.
We chose to conduct focus groups because the interaction between the participants could
spark more discussions regarding what they like or dislike about certain aspects in align-
ment dialogues [162, 178]. The moderator encouraged participants to express different
opinions and ensured participants got a chance to share their views. In the focus groups,
the participants were presented with six scenarios with accompanying variants of human-
agent dialogues described in textual form, similar to the example in Section 2.3. We fol-
lowed the definitions and procedures by Schnaars [287] and Spaniol and Rowland [296]
to create six scenarios. We identified factors that could lead to misalignment (Section 2.3)
and what the corresponding dialogues could be. From a large number of possibilities, we
chose six scenarios with differences and diversity to cover various challenges. For each
scenario, we had one or two variants of alignment dialogues to address it. Details are
further discussed in Subsection 2.4.3.

2.4.2 Participants
Eligible participants were those who were fluent in English and current or potential users
of behavior support technology. A total of 13 adults participated in two focus groups,
seven in the first group and six in the second group (eight males and five females, age
= 26.08 years, SD = 2.72 years) from various countries of origin. The participants were
recruited through our networks or through advertisements on social media. We obtained
approval to conduct the study from the Human Research Ethics Committee of Delft Uni-
versity of Technology (ID nr 1673). We e-mailed the informed consent forms, including
the request for consent to record videos, to the participants before the study and asked
them to sign them.

2.4.3 Materials
The study was divided into two parts. The first part consisted of general questions with re-
gard to behavior support agents. The purpose of the first part was to familiarize the partic-
ipants with this type of agent and its role. For the second part, we focused on participants’
opinions on alignment dialogues. Six misalignment scenarios and their corresponding
alignment dialogues were shared with the participants in textual form over several pages.

Scenarios In all six misalignment scenarios, the behavior support agent had conversa-
tions with a fictional persona named John. John’s age, profession, social relationships,
hobbies, and the behavior change he needs were detailed in written form, alongside a pic-
ture of a white man. These misalignment scenarios occur because the user (John) deviates
from their goals due to the unpleasant weather (Scenario 1), the user’s mood (Scenario 2),



2.4 User Study

2

29

an occasional birthday party (Scenario 3), and changes in desired activities (Scenario 4).
Additionally, we included Scenario 5 in which the provided support is in fact in line with
user needs but it is so only by accident (the agent suggests the user go to work by bike for
health reasons but the user does so for an environmental reason). In Scenario 6 the agent
is pushy by asking the user to exercise repeatedly even if rejected multiple times, which
in itself might be a misalignment as it may deviate from the support the user needs.

Dialogues For each scenario, one or two versions of alignment dialogues were created,
with variations in several aspects. One of the key differences between the versions is
the depth of reasoning: In one dialogue variant, the agent asks surface-level questions,
while in another it aims to elicit user values. Values are considered to be a driving factor
in human behavior [273, 289]. Friedman et al. [122] defined values as “what a person or
group of people consider important in life.” For example, in an alignment dialogue, the
user may say “because it’s raining” when asked why they do not want to go running. If
the agent continues asking, the user’s values (e.g., comfort) may be revealed.

The second variant is the agent’s reactions to the user’s non-compliance with re-
gard to their goals: in one dialogue, the agent acknowledges the importance of the values
behind the action, while in the other dialogue, the agent suggests an alternative and asks
if this is a one-time exception to know if the user model should be updated. The third
variation relates to the dialogue initiation, specifically the timing and the initiator. The
complete material can be found in the Figure A.1.

2.4.4 Procedure
Due to the measures regarding Covid-19, both sessions were conducted online via Mi-
crosoft Teams. All sessions were video recorded for the purpose of making transcriptions.
The recordings were deleted once they were transcribed. The participants were given
vouchers worth 15 euros as a thank-you for their contributions. We used only reading
material in the focus group, with no other physical prompts. The session lasted around
1.5 hours. Therefore, we believe the online setting was appropriate.

At the beginning of the sessions, the overall objective of the study was explained to
the whole group: to explore how end-users prefer to discuss misalignment with support
agents. The material was shared with the participants while going through each page
as per the moderator’s instructions. In the first part, each participant was asked about
their personal attitudes toward support agents. In the second part, the participants read
misalignment scenarios and alignment dialogues, and were then asked to compare and
discuss them by imagining themselves as the persona in the scenarios. This continued
until all six scenarios were discussed. To guide the participants, discussion questions were
prepared.

• Which version of the dialogue do you prefer, or which part of which dialogue do
you prefer? Why?

• Is there a certain part of the dialogues that you particularly like/not like? Why?
How would you want to do it instead?

Furthermore, we are interested in howusers felt about their relationshipwith the agent
after engaging in an alignment dialogue. Although the participants did not interact with
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a system, we asked them to answer the questions as if they were the user in the presented
dialogues. Users’ perception of the agent can ultimately affect the agent’s effectiveness and
resultant user behaviors. Our questionswere inspired by the autonomous agent teammate-
likeness (AAT) model, which aims to understand humans’ perceptions of their intelligent
partners. The questions we prepared were inspired by some of the constructs from the
AATmodel [336], whichwas a useful inspiration because it aims at understanding humans’
perceptions of their intelligent partners. Applying to our use case, the user and the agent
need to work together, as a team, to achieve the user’s goal.

The AAT model comprises six constructs which are measured with a series of state-
ments, where each statement represents one of the six AAT constructs using 5-point Likert
scales [337]. As not all the constructs are relevant or applicable for the goal of our research
and our study was qualitative in nature rather than quantitative, we incorporated state-
ments of the AAT constructs into our discussion questions as follows:

• Which dialogue is more “intelligent”, as in has more capability in providing support?
(related AAT construct: perceived agentic capability)

• Do you feel one dialogue is more supportive than the other? (related AAT construct:
perceived benevolent intent)

• After which dialogue do you think the agent would be more “on the same page” as
you? (related AAT construct: synchronized mental model)

The validity and reliability of the AAT are not applicable due to the modifications
to open questions. However, the primary focus of this study is to gather participants’
attitudes and the underlying reasons for their responses, rather than to obtain ratings of
the statements. Thus we used AAT only as an inspiration for preparing the discussion and
did not rely on its predefined constructs in our data analysis.

2.4.5 Data analysis method
We transcribed the focus group sessions and analyzed the transcriptions using qualitative
data analysis methods. Qualitative data analysis is sometimes criticized for being subjec-
tive and lacking reproducibility and generalizability [99, 206]. However, when it comes to
understanding people’s beliefs, attitudes, and values, a qualitative approach may be more
appropriate than quantitative methods [99]. As our study aims to uncover the reasons
behind individuals’ opinions on engagement in alignment dialogues, we believe that a
qualitative approach is suitable.

In our study, we seek to understand how users want to engage in alignment dialogues
and what are the reasons behind their opinions grounded in the data. To achieve this, we
chose inductive thematic analysis as our analysis method where the themes identified are
strongly linked to the data themselves without trying to fit it into a pre-existing coding
frame [250]. This form of thematic analysis is similar to the “lite” version of grounded
theory [47]. We incorporated the coding stages from Strauss and Corbin [300] and Krueger
[177] as they provide a clear series of steps and descriptions of how each step takes place.

1. Familiarization: at this step, we familiarized ourselves with the data by reading the
full transcriptions several times in an effort to immerse in the details and get a sense
of the interview as a whole before breaking it into parts [261].
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2. Open coding: the data are chunked into small units and coded with a number of
words that represent key points in the data.

3. Indexing and charting: the quotes are lifted from their original context and rear-
ranged to prepare for the next step.

4. Axial coding: similar codes are grouped together to create categories from the open
codes.

5. Selective coding: central categories that connect all the codes are identified.

6. Interpretation: emergent themes are linked and visualized. The focus is the relation-
ship between the quotes, and the links between the data as a whole [261].

The coding results and the model were evaluated through a collaborative process in-
volving the primary researcher and an independent researcher. Both researchers coded
the passages independently using the established schema. The independent researcher
also reviewed the terminology, consistency, completeness, and grouping of the codes. In
instances of disagreement between the two coders, we engaged in further discussion to
reach a consensus.

We followed the guidance from Lincoln et al. [191] to ensure the credibility, transfer-
ability, dependability, and confirmability of our study. We used data source triangulation
(literature, potential users) to validate the credibility of our findings [55, 251]. Transferabil-
ity and dependability assessments are supported with detailed descriptions of the research
methods. Confirmability was ensured through a pilot study and a second coder [207].

2.5 Results
During the study, we asked participants to imagine themselves as if they were the users
having an alignment dialogue with a support agent. In the following sections, we use the
term participants when referring to the opinions of those participating in the study, and
user when referring to their envisioned role in the human-agent dialogue.

2.5.1 Dialogue variants and how they are perceived differently
Prior to conducting the qualitative analysis, we examined participants’ responses regard-
ing the different variants of alignment dialogues (discussed in Subsection 2.4.3) by con-
trasting what has been said about different variants of dialogues. With regard to the first
variation - the depth of reasoning - the majority of participants did not prefer the dia-
logue inwhich the agent probed further. They found it annoying ormissing the point, even
if they understood its purpose. In terms of the reactions to the user’s non-compliance,
participants preferred when the agent offered suggestions rather than simply accepting
non-compliance. However, participants disliked user model-related conversations, find-
ing thempassive-aggressive or sarcastic when valueswere acknowledged, andweirdwhen
asked about the incident being a one-time thing. With respect to the initiation of the di-
alogue, participants preferred the agent to initiate the dialogue but with an option for the
user to give input. The timing of initiation varied depending on the situation and severity
of the outcome.
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It is important to note the aforementioned summary is not intended to provide a con-
clusive “solution” as to which variant is better. As a result of the qualitative nature of the
study, we did not conduct a quantitative analysis. Nevertheless, the observations were
intended as an initial exploratory first step to identify which types of considerations and
dimensions we need to take into account when designing alignment dialogues.

2.5.2 Tree of codes
Weused QSRNVivo [1] to perform the qualitative analysis. First, we derived a preliminary
coding schema from a thorough reading of the material (Step 1 in Subsection 2.4.5). In the
second round of analysis, we annotated each piece of text with appropriate codes (Step 2),
and grouped relevant codes together, resulting in a tree of codes.(Step 3 & Step 4).

Human-​Agent 
alignment

Agent utterances

Use of language

Additional functionality

User's opinions
 & feelings

User characteristics

Autonomous

Strategy

User agency

How user 
feels about 
themselves

How user 
thinks about 
the agent

Interpersonal

Technical

Automatically learn; Adaptation

Encouraging; Motivating;
Empathetic; Explanation;

Provide solutions/alternatives

Know when to stop asking;
Tracking; Monitoring; 

User gives input

Phrasing; Wording; Its implication; 
Talking about value

Recommender system; 
Involve social others

Punished; Guilt; Judged

Passive aggressive;
Sarcastic; Caring;
Questioning me;
Understanding me

Annoying; Confusing;
Weird; Smart;
Supportive;
User-​friendly;
To the point

Computer literacy; Circumstances;
Personal preference; Expectations

Figure 2.2: Final tree of codes. Due to space constraints, the codes at the lowest level are displayed side by side
using semicolons.

The tree of codes is shown in Figure 2.2. At the highest level, there are five categories.
These categories are groupings of codes that together represent the main elements emerg-
ing in alignment dialogues:

• Agent utterances include the codes with regard to the agent’s support actions or
utterances.

• Use of language focuses on how a sentence or a piece of information is expressed.

• User’s opinions & feelings cover a rather broad theme that consists of the user’s
feelings or opinions arising in the alignment dialogues, such as the agent being
annoying or the user feeling guilty.

• User characteristics represent attributes of the user that could play a role in
human-agent alignments, such as their personality or personal preference.

• Additional functionality refers to functions desired by participants, such as rec-
ommendations for activities or integration of menstrual cycles for exercise advice.

2.5.3 Connections between the themes
In the last stage of analysis, we explored the relationships between categories (Step 5 and
Step 6). We queried the data with all the combinations of codes. The main intersections
were found between user’s feelings and agent utterances, user’s feelings and the use of lan-
guage, and user’s feelings and user characteristics. We further looked at the quotes that con-
tained these combinations of themes. Some example quotes are presented in Table A.1. By
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examining the quotes containing these intersections, we gained insights into how the cate-
gories are related and the potential impact of alignment dialogues on the user, as shown in
Figure 2.3. The conceptual model explains how the different aspects relate to each other,
focusing on why people have certain views and opinions towards the dialogue content,
and how it has an impact on the user.

The use of language

Feeling about themselves

Opinions about the agent

Computer literacy

PreferenceExpectation

User's opinions & feelings

User characteristics

Circumstance

Understanding users

Persuading to comply

Asking for reasons behind behaviours
Explicit mentions of values

Agent utterances

Figure 2.3: Overview of how alignment dialogues may affect user feelings.

Relationship between agent utterances and user’s opinions and feelings
The content of alignment dialogues includes interactions aimed at understanding the user
and persuading them to comply with their goals, as explained in Section 2.3. Participant
responses indicate that these agent utterances could have an impact on the user’s opin-
ions and feelings, which can be further classified into user’s feelings about themselves
and how they think about the agent. It is important to distinguish between these two types
of feelings as the objects to which the feelings are directed are essentially different, and
separating them helps to gain deeper insights into their underlying causes. For instance,
the dialogue may lead the user to feel guilty, or the user may perceive the agent as unsup-
portive. This differentiation is critical in comprehending the factors driving these feelings
and in elucidating their interplay with the alignment dialogue.

Regarding the user’s feelings about themselves component, it is worth noting that partic-
ular events can trigger various emotions. For instance, when the agent uses comparative
language to describe the user’s decision (see [Q1] in Table A.1), it is likely to generate a
feeling of being judged. Similarly, negative emotions arise when the agent highlights the
user’s non-compliance behaviors [Q2]. When the agent asks the user about their values
based on its observations of their behavior, participants indicated they would feel con-
fused, disoriented, or annoyed [Q3].

At first glance, one may question why the alignment dialogues were designed to elicit
negative emotions in participants. However, they were not created with such intention in
mind, except for Scenario 6. Reflecting on the results, we identify two underlying facets of
the nature of behavior support agents that could make them prone to evoking some nega-
tive feelings in the user: (1) the agent’s role, at least at times, is to address non-compliance
behaviors of the user; (2) the agent needs to support the user towards their goals even if
it conflicts with their short-term desires.

These findings about alignment dialogues potentially triggering negative emotions in
users align with existing research in psychology and behavior change/support. The pres-
ence of alternatives that simultaneously cue both long-term goals and short-term desires
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can lead to conflicts [112]. In such conflict scenarios, either option (i.e. compliance or non-
compliance) will inevitably elicit both positive and negative emotions [245]. Additionally,
Laschke et al. [183, 184] suggest that friction in interactive technologies is necessary to
make people stop, think, and ultimately change.

Factors that moderate human-agent relationship
We observed that there are additional factors that could play a role in the relationship
between the dialogue content and the user’s opinions or feelings: the use of language and
user characteristics.

Regarding the use of language, the participants’ responses indicate that the way a
sentence or a piece of information is expressed could have a significant impact on both
the user’s feelings about themselves and about the agent [Q1][Q4]. This is in line with
Fogg [117], which suggests that the use of language in persuasive technologies sets the
stage for outcomes. Jones et al. [152] also demonstrated the effect of source credibility
and message framing on promoting physical exercise. It is noteworthy that our findings
revealed that users perceived mentions of personal values by the agent as negative [Q5],
regardless of whether the intentionwas to acknowledge the values or verify their accuracy.
Users perceive such references as passive-aggressive or sarcastic and express their feelings
of being judged.

User characteristics can explain how various aspects of users influence their feelings
towards the agent. Although we did not ask the participants for their characteristics, we
deduced four user characteristics from their quotes. The first one is the user’s computer
literacy. Participants who lacked computer literacy and did not understand the relevance
of certain questions experienced confusion [Q6], while those with more knowledge did
not report confusion but did express concerns about the user-friendliness of the agent
[Q7].

The second characteristic is the user’s expectation [Q8][Q9]. Zamora [341] has identi-
fied the need for “high performing, smart, seamless and personal” agents. However, the
reality does not live up to these expectations. This coincides with Luger and Sellen [195]’s
findings on the dissonance between user expectations and their assessment of the intel-
ligence of the conversational agents. Norman’s Gulf of Execution [234] illustrated this
mismatch between the user’s intentions and the allowable actions. The smaller the gulf,
the more satisfying the user experience.

The third characteristic is personal preferences. Throughout different focus groups dis-
cussing different scenarios, it was repeatedly emphasized that personal preference plays
a role in human-agent interaction. As one participant expressed, “What if we can choose
how we are spoken to,” highlighting the importance of personalization. This resonates
with a large body of research on personalization. For behavior support, personalization
plays an important role as effective strategies are likely to depend on user characteristics
[40, 59, 202].

The last user characteristic is the user circumstance [Q10]. For instance, the agent gives
a reminder when the user is not available, and then the user forgets, which in turn makes
them think the agent is not useful. There is vast research on modeling and reasoning
about context and situation, e.g., [34, 338]. Behavior support agents need to understand a
user’s situation to provide comprehensive support [170]. By improving the agent’s context
awareness, the richness and usefulness of the agent increase as well [7].



2.6 Discussion & Conclusion

2

35

2.6 Discussion & Conclusion
Limitations The limited number and similar age of the participants means there are
some limitations regarding the generalization of the results. Moreover, written dialogues
were used which means that participants did not interact with a dialogue agent personally.
Therefore, the results cannot be interpreted as yielding general a theory of how alignment
dialogues affect users. Rather, this study is intended as a first step in the design process
of alignment dialogues, and our results provide directions for further investigation in our
next steps.

Discussion We have observed that the participants’ attitudes can be negative regarding
parts of the dialogue where the agent tries to ask about abstract, broader reasons behind
the user’s actions such as their values and what is important to users in general. However,
it is not yet clear what the reasons for this are. It could be that participants do not like
the parts of the dialogue in which the agents ask about values due to their abstract na-
ture, that the unfamiliarity with this type of conversation causes misunderstandings, that
the conversation becomes too deep or personal too quickly, or that the timing is wrong.
Moreover, it could be that asking the user for an explanation of the reasons behind certain
choices of action is perceived by participants as the agent asking for a justification. This
might be reinforced by the dialogue-based setup, which could invoke the perception of
the agent as a social other with opinions about the behavior of the user.

This gap in user expectations might be bridged by providing more explicit information
about the agent’s intent or by tailoring the communication style. As suggested by Ran-
jbartabar et al. [264] and Salman et al. [284], identifying how a user prefers to be spoken to
is critical. Incorporating specific relational cues could mitigate negative perceptions and
help users understand the relevance of the agent’s questions.

Furthermore, following the approach of Abdulrahman et al. [6], the agent could offer
potential reasons why a user might resist a certain action and affirm that viewpoint with-
out judgment. By validating the user’s perspective before tailoring recommendations and
explanations according to their underlying beliefs, the agent may reduce the feeling of
being judged and improve the overall acceptance of value-based inquiries.

Contributions and future work The research on alignment dialogues is still in its early
stage. This study introduces and sharpens the notion of alignment dialogues and sheds
light on what is needed for future development and research on an interactive approach to
human-machine alignment in support agents, in particular regarding the potential effects
of the dialogues on users’ feelings. To further understand these effects, it is essential to
conduct qualitative and quantitative user studies where the participants are experiencing
the dialogues as they unfold, as opposed to reading pre-written dialogues.
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3
Why Don’t You Do What You

Said You Would?
Conversational Strategies for
Agents to Understand Users’

Reasons in Supporting Behavior

Effective support from personal assistive technologies relies on accurate user models that cap-
ture user values, preferences, and context. Knowledge-based techniques model these relation-
ships, enabling support agents to align their actions with user values. However, understanding
values in a single context is insufficient due to the dynamic nature of behavior. This study
explores the use of dialogue strategies to update user models. Participants were randomly
assigned to different strategies and they discussed one randomly chosen non-adherence sit-
uation with the agent. Then, their emotions, acquired information accuracy, completeness,
and dialogue experience were rated. Our findings suggest that multiple-choice dialogues may
limit response depth, reducing the perceived completeness of behavior reasons. In contrast,
open-ended questions allow more detailed input but require more time and effort, potentially
worsening the dialogue experience. Through inductive coding, we identified key topics, such
as individual challenges, priorities, tangible outcomes, and values, essential for constructing
personalized user models. We also analyzed conversation paths to improve dialogue-based
user model updates in support agents. Further research is needed to refine the relationship be-
tween dialogue strategies and self-conscious emotions, considering diverse backgrounds and
health goals, while enhancing dialogue design.

 Pei-Yu Chen, Birna van Riemsdijk, Dirk KJ Heylen, Catholijn M. Jonker, and Myrthe L. Tielman. “Why
don’t you do what you said you would? Conversational strategies for agents to understand users’ reasons in
supporting behavior.” Behavior & Information Technology (2025), pp. 1-20.
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3.1 Introduction
Behavior support technology is designed to guide users’ actions, for example, by means of
support agents that help people eat healthier. Previous research shows that personalized
approaches outperform generic “one-size-fits-all” strategies in supporting behaviors (e.g.,
[176, 197, 243]). Personalization encompasses using various forms of information about
an individual, such as socio-demographic characteristics, and personality traits [157, 176],
to adjust the support. In this paper, we focus on acquiring information about the reasons
for a user’s behavior in specific situations in a user model. Acquiring these reasons and
the specific details of the situation is critical as it allows for a more accurate representation
of the user and thereby provides support that aligns with the user’s needs.

In contrast to data-oriented user models that use different learning techniques to pre-
dict or classify users [9], the user model we refer to employs knowledge-based techniques
[44]. These models explicitly capture the user’s reasons and their relationships with de-
sired behaviors. For example, a user model can describe the user’s daily activities and
which values are promoted or demoted by which activities [309]. If the user’s behavior
reasons and specific situational details are modeled, the agent can select support actions
that align with the user’s needs when a similar situation occurs again.

However, there is a research gap in how to acquire the behavior reasons and specific
situational details for such a knowledge-based user model. Given the dynamic nature of
user context and behaviors, we argue that interactive dialogues are promising because they
facilitate the exploration of evolving user preferences and contextual nuances [71]. Addi-
tionally, conversational agents offer benefits such as instant availability, a gentle learning
curve, and platform independence [166]. In the same vein, Chen et al. [62] proposed the
concept of human-agent alignment dialogues, which are defined as dialogues with which
the agent and user try to achieve or maintain alignment - support that aligns with the
user’s values and preferences. Through these dialogues, the agent attempts to acquire
what is significant to the user in their ever-changing daily contexts. As these contexts
continually evolve, misalignments between the support provided by the agent and the
user’s needs may occur. Alignment dialogues are proposed to address these misalign-
ments, ensuring that the support remains relevant and effective.

Alignment dialogues include the user and the agent engaging in a question-answering
conversation. The cycle continues until the misalignment no longer exists, allowing the
agent to gain a better understanding of the current situation. For example, the agent might
ask, “What factors influenced your decision to skip your workout today?” or “How does
the current situation affect your motivation to eat healthily?” Different choices can be
made about how these questions are phrased, ranging from open-ended to multiple-choice
formats. The way these questions are structured can significantly impact the quality of
the information gathered and the user’s emotional response.

In this study, we explore different dialogue strategies for alignment dialogues within
the context of healthy lifestyle change, but the concept of alignment dialogues can be
beneficial in other behavior support domains too. These strategies vary in terms of the
openness or closedness of the questions (detailed in Subsection 3.3.2). We focus on sce-
narios where the agent’s advice, although in line with the user’s goals as understood by
the agent, is perceived as incorrect by the user. In such instances, the agent must capture
the reasons behind the misalignment to identify if or how to revise the user model. This
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study explores how to structure a series of questions to acquire these reasons effectively.
One of the key behavior-related aspects we aim to capture is users’ values. This is

based on the premise that effective personalization of technological support requires an
understanding of what is important to users [320]. Values are particularly useful in this
regard, as they represent the criteria people use to make decisions and evaluate others and
events [122, 317]. Additionally, we are interested in how individuals prioritize different
values across various situations. Therefore, we also consider contextual information about
the situation and the social context to be useful.

In addition to eliciting useful information effectively, alignment dialogues should min-
imize the arousal of negative emotions. As alignment dialogues often occur in situations
where users fail to perform goal behaviors, negative emotions may arise [112, 245]. Ac-
cording to Tangney et al. [306], self-conscious emotions are evoked by self-reflection and
self-evaluation; these could be particularly relevant when the agent probes into reasons
behind users’ non-adherence with goal behaviors [62].

In this study, we investigate the effectiveness of dialogues in eliciting the required
information and which self-conscious emotions arise after these dialogues. Participants
were randomly assigned to different dialogue strategies, discussed one randomly chosen
non-adherence situation with the agent, and then rated their emotions, information ac-
curacy, completeness, and dialogue experience. This work contributes to a deeper under-
standing of specific situational factors, in contrast to the general categories of barriers
typically discussed in behavior change literature, that prevent users from doing their goal
behaviors. Specifically, we formulate the following research questions:

• RQ1: What are the effects of different dialogue strategies on the occurrence of self-
conscious emotions?

• RQ2: What are the effects of different dialogue strategies on the dialogue experience,
and on the subjective accuracy and completeness of the information acquired?

• RQ3: How effective are different dialogue strategies in eliciting the targeted infor-
mation (social and contextual aspects of the situation, and underlying values)?

Additionally, we formulate two exploratory research questions:

• RQ4: Besides the targeted information, what additional topics do users mention?

• RQ5: What patterns emerge in users’ transitions between various topics when ex-
plaining their reasons for non-adherence behaviors?

The remainder of the paper begins with a discussion of Related Work (Section 3.2).
Section 3.3 describes the design rationale of the dialogue strategies. We carried out a
user experiment to investigate different dialogue strategies (Section 3.4). Subsequently,
the results and discussion are presented in Section 3.5 and Section 3.6. Insights derived
from this study and their implications for the design of alignment dialogues are discussed
(Section 3.7). We discuss future work (Section 3.8) and conclude the paper in Section 3.9.
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3.2 Related work
In this section, we review existing literature relevant to our study, namely alignment
dialogues (Subsection 3.2.1), and emotions that can arise in such interactions (Subsec-
tion 3.2.2). We clarify the unique perspectives of alignment dialogues, the possible topics
these dialogues encompass, and the resulting potential impacts on the users.

3.2.1 Human-Agent Alignment Dialogues and Knowledge-based
User Modeling

Conversational agents have been developed to support awide range of health-related activ-
ities, including behavior change. These conversational agents largely focus on the actual
support functionalities such as instruction on how to perform a behavior, social support,
and problem-solving [201]. These conversational agents were evaluated based on the ef-
fectiveness of the actual change of behaviors and the usability of the agents [218]. How-
ever, in this study, the primary focus of the conversational agent is to gather information
about the user by obtaining the reasons behind their non-adherence behaviors through
human-agent alignment dialogues. This process aims to construct a more accurate and
comprehensive user model. Such dialogues can be viewed as a necessary step before the
agent provides actual support functionalities.

Defining Alignment Dialogues and Their Unique Role
Human-agent alignment dialogues, as defined by Chen et al. [62], are dialogues where the
agent and user try to achieve or maintain alignment, which is defined as a situation where
the provided support matches what the user needs or wants. This could be accomplished
by the agent acquiring characteristics of users through the exchange in the dialogue. These
dialogues are a form of task-oriented dialogue, such as in Traum and Hinkelman [312],
but are different from traditional applications in conversational agent research in several
aspects. First, common task-oriented dialogues focus on completing specific operational
tasks, such as booking facilities [133]. However, capturing high-level, situation-dependent
concepts like values via a conversational agent, to the best of our knowledge, has not been
extensively explored.

Meanwhile, in recent years there is a growing amount of research on conversational
agents in the e-health domain. These agents typically focus on offering support through
coaching, encouragement, and advice, facilitating various stages of behavior change
[95, 147, 254, 329]. In contrast, alignment dialogues have a different focus: rather than
supporting the users in their health, alignment dialogues focus on ensuring the user model
is correct. The underlying motivation is that only when the user model is a correct rep-
resentation of the user, can the agent provide support that aligns with the user’s goals,
norms, values, capabilities, and context.

To formally represent the connections between values, actions, and their relationships,
Pasotti et al. [248] have introduced a framework that models activities in hierarchies.
Building upon this framework, Tielman et al. [309] have demonstrated how values and
contextual factors can be integrated. Values are linked to actions within a hierarchical
structure. The model also specifies whether values are promoted or demoted by actions,
and how a context influences the relationships.
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Value Elicitation
A primary focus of alignment dialogues is to elicit users’ values. Values are concepts
that people use to evaluate people and events and make decisions [121, 317]. Capturing
these values enables technology to offer personalized support [320]. Explicit elicitation
of values, as demonstrated by Berka et al. [32], is necessary because inferring such high-
level concepts from behavioral data is challenging [23], especially considering that each
of us has different values and that humans can behave irrationally [53]. Moreover, values
are abstract concepts that do not always carry the same meaning to all people. Therefore,
incorporating values into a system should involve direct engagement with potential users
during the design phase [315].

Traditionally, values can be acquired explicitly through various questionnaires with
predefined value lists, such as Schwartz [290]. However, directly asking individuals about
their values can lead to incomplete or hypothetical responses that may not accurately rep-
resent real-life behaviors [42]. Moreover, these methods may acquire value preferences
but are often not grounded in a context [193, 257]. Liscio et al. [192] proposed a methodol-
ogy to identify context-specific values by engaging human annotators in NLP tasks. While
their work focuses on identifying values within a specific context, the term context is used
more broadly compared to howwe consider the specific situation a user is in whenmaking
a behavior-related decision.

In contrast, laddering interviews have been proven effective in eliciting deeper insights
[277, 321]. These interviews involve a series of why questions to construct an attribute-
consequence-value (ACV) chain [215]. Laddering interviews are rooted in personality
psychology and are applied to explore user needs and values [33, 277, 321]. While tra-
ditionally used in requirements engineering for understanding consumer objectives, we
conjecture that this method could be suitable for our context to guide users to describe
the characteristics of the situation (attribute) and its impact (consequence), ultimately
leading to a better understanding of their values. Inspired by the laddering interview
technique, our first dialogue strategy employs a series of why questions.

Context and Social Awareness
While it is crucial to capture users’ values, we should also consider how individuals apply
different values in varying situations. The prioritization of values is heavily influenced by
socio-cultural environments [93] and contexts [140, 193]. Therefore, besides capturing a
user’s values, an agent should also identify the contextual features that influence behavioral
decisions, such as non-adherence with the user’s stated goals. This aligns with the concept
of context-awareness in system personalization and tailoring.

Research in computer science uses terms such as situation-awareness (e.g., [105]) and
context-awareness (e.g., [15]) to describe approaches for enabling artificial agents to better
understand their surrounding environment [169]. Op den Akker et al. [241] provides
a comprehensive survey of various activity coaching systems that incorporate different
forms of context-aware tailoring. Op den Akker et al. [240] identify a set of optimal
contextual features that enhance feedback compliance in physical activity systems.

A particular aspect of context-awareness is social situation awareness. This aspect
specifically focuses on the user’s social context. Kola et al. [171] defined a social situa-
tion as one involving multiple individuals. Social situation awareness emphasizes factors
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like relationship quality and contact frequency between the user and others in the situa-
tion [168], and demonstrates how integrating social features into a decision tree can offer
personalized and socially-aware behavioral support.

The contextual and social aspects of a situation inform our second and third dialogue
strategies, in which we ask questions about these aspects, as well as the user’s values.

3.2.2 Self-conscious emotions
When it comes to behavior change, a critical issue is user adherence with their behavior
goals. Research has demonstrated that when individuals are presented with choices that
trigger both long-term goals and immediate desires, it often leads to internal conflicts [112].
In such scenarios, choosing either option—adherence or non-adherence—can evoke both
positive and negative emotions [245].

Chen et al. [62] highlight two aspects of behavior support agents that may inadver-
tently provoke negative emotions in users: (1) The agent sometimes needs to confront
the user’s non-adherence behaviors, and (2) The agent’s role in guiding the user towards
their long-term goals, which may conflict with their immediate desires. The emotions
commonly experienced by users in these situations include feelings of being judged and
feelings of guilt, which are classified as self-conscious emotions [311].

Self-conscious emotions differ from basic emotions because they are evoked by self-
reflection and self-evaluation [306]. Tracy and Robins [311] proposed a process model
explaining the emergence of self-conscious emotions, suggesting that individuals assess
whether an event aligns with their goals and self-identity, which in turn influences the
emotional outcome.

If the support provided by the agent is deemed appropriate from the agent’s perspec-
tive (i.e., aligns with the user’s long-term goals), but the user finds it unsuitable, it indicates
a misalignment for the user. This incongruence could lead to negative self-conscious emo-
tions. As a result, we consider self-conscious emotions to be a crucial measure in our
study.

3.3 Dialogue Design
In this study, we have chosen health-related behavior changes, such as increasing physical
activity or adopting amore nutritious diet, as our use case for studying different alignment
dialogue strategies. In this section, we give an example scenario in this use case (Subsec-
tion 3.3.1) and describe the dialogues strategies used in the experiment (Subsection 3.3.2).

3.3.1 Use Case Scenario
Example Scenario 1 During Anna’s interaction with her behavior support agent, she
shares her goal of reducing sugar intake. The agent adjusts her online grocery options
accordingly. However, Anna deviates from her routine and adds sugary items to her cart.
This scenario highlights the need for human-agent alignment dialogues as the agent’s
support action may not always align with the user due to incomplete information. For
instance, Anna may have bought sweets for her birthday celebration, which the agent’s
model doesn’t account for.
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Example Scenario 2 Another user John, whose goal is to regularly attend the gym, skips
several gym sessions. This scenario could initiate the agent to start an alignment dialogues
to acquire John’s reasons. For example, John might have skipped his workouts because
he’s facing a tight deadline at work, which takes precedence as it could impact his chances
for a promotion.

The alignment dialogue aims to uncover such context, enabling the agent to update
Anna’s or John’s user model and provide more relevant support.

3.3.2 Dialogue Design Choices
Following the identification of non-adherence scenarios, the agent engages in dialogue
with the user to explore the underlying factors contributing to the deviation from their
goals. Three dialogue strategies were used in the experiment, namely Exploratory Dia-
logues, Focused Dialogues, and Structured Choice Dialogues.

Exploratory Dialogues
Intuitively, to capture why the initial support was inadequate, the agent needs to probe
into why the support was wrong and elicit knowledge about what aspects of the current
situation are significant to the user. In this dialogue variant, the agent aims to “dig deeper”
by posing a series of why-questions, aiming to eventually uncover the user’s values behind
their decision in certain situations.

Exploratory dialogues involve the following questions. This setup was inspired by
Rietz and Maedche [271]. Responses from the participants to these queries are in free-text
form. A representative example of this interaction format, drawn from our empirical data,
is presented in Figure B.1.

1. Q1: What particular factors related to the situation influence your choice?

2. Q2: Why is it important to you?

3. Q3: What feeling does it give you?

4. Q4: Why is that?

Focused Dialogues
Focused Dialogues employ a dialogue strategy that involves using open questions but
with a targeted information-seeking approach. This selection of targeted information was
based on our assumptions, drawn from existing literature about the aspects influencing
user behavior, namely: social aspects [171], contextual aspects [241], and personal values
[290, 320].

The agent initiates the dialogue with the user by outlining that it will explore three
aspects of the scenario, accompanied by the definition from [171], [241], and [122] for
social aspects, contextual aspects, and personal values respectively. Responses from the
participants to these queries are in free-text form. This intentional structure progresses
from tangible details to broader considerations, encouraging introspection. An authentic
instance of this dialogue is shown in Figure B.2.

1. Social aspects: These encompass the elements within a situation that are related to
social interactions, relationships, and social dynamics.
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Q1: What social aspects in this situation contribute to your choice?

2. Contextual aspects: These can be any information within this situation that can
influence, shape, or affect your choice.

Q2: What contextual aspects in this situation contribute to your choice?

3. Personal values: Personal values are what a person considers important in life.

Q3: What personal values contribute to your choice in this situation?

Structured Choice Dialogues
In addition to two open-ended strategies, we employed a structured approach by present-
ing participants with lists of predefined social aspects, contextual aspects, and values as
multiple-choice. The questions in Structured Choice are identical to those posed in the
Focused Dialogue. The difference lies in Structured Choice Dialogues offer participants
predetermined options to select from. This method provides participants with predefined
options, allowing them to choose the elements most relevant to their decision. Below we
describe the lists used. The full list with all the options is shown in Section B.1. An em-
pirical instance of this dialogue, reflecting an authentic interaction with a participant, is
presented in Figure B.3.

1. Social aspects: This list was adapted from Kola et al. [168], who formalize elements
of social situations, including the role a person plays, how often they are in touch
with others, the nature of relationships, depth of acquaintance, quality of the rela-
tionship, and how formal or informal they are with those around them.

2. Contextual aspects: For contextual aspect, we used the lists from Op den Akker et
al. [240] and Op den Akker et al. [241] which capture elements such as the weather
conditions, the proximity to places where goals can be pursued, timing-related de-
tails (like day of the week, specific occasions), and past behaviors concerning the
goal.

3. Personal values: We used the List of Values (LOV) for presenting values [154].
These values from the LOV are known to be related to consumer activities and
healthy lifestyle choices [96, 143]. The LOV includes the importance of interper-
sonal relations, personal factors (e.g., self-respect, self-fulfillment), and personal en-
joyment (e.g., fun, excitement) in value fulfillment.

3.3.3 Hypotheses
Based on the reviewed literature and the dialogue strategy design, we articulated the fol-
lowing hypotheses, corresponding to RQ1 to RQ3.

• H1: Participants in Exploratory Dialogues will experience greater self-conscious
emotions compared to Focused and Structured Choice Dialogues, as open-ended
questions may be perceived as more judgmental [62].
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• H2a: Exploratory Dialogues will result in a lower dialogue experience than Focused
Dialogues or Structured Choice Dialogues. Open-ended questionsmay requiremore
time and effort to answer [30, 66], potentially inducing cognitive burden and leading
to skipped or low-quality responses [30, 66, 266].

• H2b: Structured Choice Dialogues will lead to lower subjective accuracy and com-
pleteness compared to Exploratory and Focused Dialogues. This is because the
closed nature of Structured Choice could limit users’ ability to express themselves in
a manner that feels accurate to them [66], and that users may find the use of values
unrelatable or unnatural [42].

• H3: Structured Choice Dialogues will be the most effective in eliciting users’ values,
social, and contextual aspects, followed by Focused Dialogues, with Exploratory
Dialogues being the least effective.

3.4 Method
A user experiment was conducted to investigate how effective different dialogue strate-
gies are in eliciting information related to contextual and social aspects of a situation,
and underlying values (RQ1). In addition, an inductive coding method was used to see
if additional topics came up in the Exploratory Dialogues and Focused Dialogues (RQ2).
Validated questionnaires were used to measure self-conscious emotions and dialogue ex-
perience (RQ3). Finally, participants were asked to rate the accuracy and completeness of
the summary of their provided input (RQ4).

3.4.1 Participants
Participants were recruited from the crowdsourcing platform Prolific¹, where they re-
ceived monetary compensation according to platform policies. Approval for the study
was obtained from Human Research Ethics Committee of Delft University of Technology
(ID nr 2795). A total of 234 participants were included in the analysis. 82.91% of individ-
uals were below 35 years old, 14.10% were between 35 and 54 years old, and 2.99% were
55 years old or older. Educational backgrounds varied, with participants holding differ-
ent levels of education (high school 30.34%, Bachelor 55.98%, Master 12.39%, PhD 0.85%).
Additionally, 46.15% reported degrees or professional experience in STEM fields, while
computer programming skills varied (no experience 32.48%, novices 37.18%, competent
27.77%, experts 2.56%).

3.4.2 Procedure
We used two platforms for the experiment: Qualtrics² for the questionnaires and Landbot³
for testing the dialogues. Landbot is a rule-based platform that allows us to prototype
and test different dialogue strategies without having to build a conversational agent from
scratch. It follows the dialogue flows we created, as detailed in Subsection 3.3.2. The
experiment had two main parts:

¹https://www.prolific.co/
²https://www.qualtrics.com/
³https://landbot.io/



3

46 3 Conversational Strategies for Agents to Understand Users’ Reasons

Participants first completed a Qualtrics survey via Prolific, providing background in-
formation, computer skills, and emotion traits (see Subsection 3.4.3). Subsequently, they
engaged with a conversational agent. During the chat, they shared one health-related goal
and three non-adherence situations where they thought it might be difficult to stick to their
goals. They also rated their motivation level for the goal and the perceived realism of the
non-adherence situations.

Participants were randomly assigned to different dialogue strategy conditions. While
they initially provided three non-adherence situations, only one was discussed with the
agent during the second part, chosen at random to simulate real-life scenarios. The ques-
tions they were posed during the human-agent dialogue in Part 2 were based on the as-
signed dialogue strategy. Following the dialogue, participants returned to Qualtrics to rate
their self-conscious emotions, accuracy and completeness of the acquired information, and
their dialogue experience. We detail these measures in the next section.

3.4.3 Measures
In this section, we detail the instruments employed to evaluate the study. These mea-
sures include control variables, self-conscious emotions measures, the Dialogue Experi-
ence Questionnaire (DEQ), and assessments of accuracy and completeness.

Control variables
Demographics Participants provided essential demographic information, including age,
gender, and highest level of education. They also rated their technological proficiency on
a 4-point scale from “No experience” to “Expert,” and were asked about their academic or
professional experience in STEM-related disciplines.

Self-conscious emotion proneness To establish a comparative baseline for emotional
responses, we assessed participants’ inclination towards self-conscious emotions using
the Test of Self-Conscious Affect-2 (TOSCA-2) [305]. Participants rated their likelihood of
reacting to hypothetical scenarios on a 5-point scale, focusing on Shame, Guilt, Authentic
Pride, and Hubristic Pride-Proneness. This measurement helped compare proneness with
actual emotional responses post-interaction.

Motivated & Realistic Assessment Additionally, after each participant shared their in-
dividual healthy lifestyle goal and identified three challenging situations that could hinder
adherence, the conversational agent prompted them to evaluate, on a scale ranging from
1 (not at all) to 5 (extremely), both their level of motivation to accomplish their goals and
the perceived realism of encountering the obstructive situations.

Self-Conscious Emotions Measures
Given our focus on behavior change for a healthy lifestyle, we employed the Body-related
Self-Conscious Emotions Fitness instrument (BSE-FIT) [58]. Participants rated 16 state-
ments on a 5-point scale from “strongly disagree” to “strongly agree.” Adaptations were
made to inquire about emotions triggered by the conversational agent, e.g., changing
words to assess emotion “at the moment” instead of general.
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Dialogue Experience Questionnaire (DEQ)
We assessed users’ alignment dialogue experiences using the Dialogue Experience Ques-
tionnaire (DEQ) [307]. We mainly focused on the “Interaction: discussion satisfaction”
section. In addition, we included two items from the “Interaction: reality” section: The
conversation with the agent felt natural and I had to adjust my way of interacting to com-
municate with the agent. Participants answered on a 7-point Likert scale, ranging from
“Strongly disagree” to “Strongly agree.”

Accuracy and Completeness
To assess how well the dialogue acquired the reasons for non-adherence, the agent com-
piled a recap at the end of each interaction, template-filling the information provided by
the participants. Participants then rated on a scale from 1 (not at all) to 5 (extremely) the
accuracy and completeness of this recap in acquiring their reasons for non-adherence.

3.4.4 Text Responses Analysis Method
Exploratory Dialogues and Focused Dialogues yielded free-text responses from partici-
pants, which we analyzed using a combination of deductive and inductive analysis as
demonstrated by Fereday and Muir-Cochrane [111].

Deductive coding
Thedeductive coding approach involves predefined coding schemes developed by previous
research or theory to categorize data [77]. However, existing behavior change research
primarily focuses on facilitators and barriers related to individuals’ characteristics, views,
or beliefs [88, 302], often overlooking the reasons behind behaviors in specific contexts,
such as the non-adherence scenarios central to our study. Consequently, we developed our
own coding scheme. First and foremost, we examined whether participants introduced
novel information in their answers –defined as any new details or insights that the user
has not previously mentioned at any point during the dialogue. This definition does not
limit the novelty to the immediately preceding response; rather, it encompasses all parts
of the dialogue, regardless of whether it pertains to social, contextual, or personal value
aspects. These three aspects were only annotated if an utterance was first coded as novel
information. Our deductive coding scheme included four categories: novel information,
social aspects, contextual aspects, and personal values. We annotated the utterances with
these predefined codes as either being mentioned or not.

Inductive coding
If a response coded as having novel information did not fit under the codes of social as-
pects, contextual aspects, or personal values, we used inductive coding. In this process,
we analyzed the data to identify and establish new codes based on key points within the
responses. We followed the inductive coding stages from Thomas [308].

Coding process
In summary, our text analysis method integrates both deductive and inductive coding
approaches. We follow the following coding procedure. Additionally, an independent
coder evaluated one third of the data. The independent coder was given the definitions of
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novel information, social information, contextual information, and personal values. The
independent coder was also given examples of utterances that should be coded as such. In
instances where coders disagreed on the coding of an utterance, they engaged in further
discussion to arrive at a consensus.

1. Each utterance is assessed to determine if it contains novel information in compari-
son to what participants had said.

2. If no novel information is identified, the coding process concludes for that utterance.

3. If novel information is present, proceed to annotate whether it relates to predefined
codes, such as social, contextual, or personal values (deductive coding).

4. Additionally, we annotate any emerging topics the utterance contain, applying in-
ductive coding.

To summarize, across all dialogue strategies, we measure self-conscious emotions,
DEQ, accuracy, and completeness. Additionally, we coded the responses in both the Ex-
ploratory Dialogues and Focused Dialogues using deductive coding. For the Exploratory
Dialogues, we further employed inductive coding, as we were particularly interested in
identifying and merging topics that did not fall under social, contextual, or personal val-
ues. Figure 3.1 shows an overview of the study design and data analysis.
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Figure 3.1: Overview of the study design and data analysis.

3.5 Results
A thorough assessment of the control variables, namely, gender, age, education, and emo-
tion proneness, indicated no significant variations across the different dialogue strategy
groups.

3.5.1 Self-Conscious Emotions Analysis
To answer RQ1, “What are the effects of different dialogue strategies on the occurrence of
self-conscious emotions?”, we first calculated the averages and standard deviations of each
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emotion in different dialogues, which are shown in Table 3.1 and illustrated by Figure 3.2.
These demonstrate the participants’ self-conscious emotions in response to various dia-
logue strategies after engaging in alignment dialogues. On average, across all dialogue
conditions, participants reported the highest emotional experience of Guilt (mean = 2.90),
followed closely by Authentic Pride (mean = 2.79), then Shame (mean = 2.5), with the least
being Hubristic Pride (mean = 2.48).
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Figure 3.2: Plot of emotions by dialogue strategy with error bars.

Table 3.1: Mean (SD) of self-conscious emotions reported by participants across different dialogue strategies,
measured on a scale of 1 to 5 (1 indicating “strongly disagree” and 5 indicating “strongly agree”).

Shame Guilt Authentic Pride Hubristic Pride
Exploratory 2.66 (0.10) 3.02 (0.12) 2.57 (0.10) 2.36 (0.11)

Focused 2.45 (0.11) 2.95 (0.12) 2.89 (0.11) 2.48 (0.09)
Structured Choice 2.42 (0.11) 2.74 (0.12) 2.90 (0.10) 2.60 (0.10)

Overall 2.51 (0.93) 2.90 (1.05) 2.79 (0.92) 2.48 (0.90)

Furthermore, we applied a linear regression model to examine variables’ influence,
including the participants’ self-conscious emotion proneness, their motivation levels to
engage in the goal behaviors, and how realistic the challenging situations are (detailed
in Subsection 3.4.3). Our predictor selection employed a stepwise procedure that merged
both forward and backward selections, ensuring the identification of the optimal model.

Shame The regression analysis indicated that participants’ shame proneness was a sig-
nificant predictor of the level of shame they reported experiencing during the alignment
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dialogues (𝛽 = 0.46,𝑝 < .001). Other factors did not emerge as significant predictors in the
final model.

Guilt Similarly, the regression analysis showed that participants’ shame proneness was
a significant predictor of the guilt experienced during the alignment dialogues (𝛽 = 0.43,𝑝 <
.001).

Authentic pride Our analysis showed the dialogue strategies and motivation level to
be significant predictors of feelings of authentic pride. Specifically, participant moti-
vation to achieve their goals was positively associated with feelings of authentic pride
(𝛽 = 0.27,𝑝 < .001). Participants in the Exploratory Dialogues group felt less authentic
pride than those in the Focused Dialogues group (𝛽 = −0.28,𝑝 < .05). However, there was
no clear difference in feelings of authentic pride between the Focused Dialogues and Struc-
tured Choice Dialogues groups, and we did not find any interaction between the dialogue
strategies and motivation levels.

Hubristic pride For hubristic pride, the regression analysis indicated participants’ moti-
vation to achieve their goals as a significant predictor of hubristic pride (𝛽 = 0.23,𝑝 < .001).

3.5.2 Dialogue Experience Questionnaire (DEQ), Accuracy and
Completeness

RQ2 addresses the effects of different dialogue strategies on the dialogue experience, as
well as on the subjective accuracy and completeness of the information acquired. The re-
sults are descriptively summarized in Table 3.2, providing insights into how each strategy
influences these aspects of user interaction.

Table 3.2: Descriptive statistics of Dialogue Experience Questionnaire (DEQ), measured on a scale from 1
(Strongly Disagree) to 7 (Strongly Agree) with statements regarding satisfaction and realism, Accuracy, rated
on a scale 1 (Not at all accurate) - 5 (Extremely accurate), and Completeness, rated on a scale 1 (Not at all com-
plete) - 5 (Extremely complete)

DEQ Accuracy Completeness
Exploratory Dialogues 4.13 (0.93) 4.03 (1.13) 4.12 (0.98)

Focused Dialogues 4.37 (0.87) 4.06 (0.86) 4.17 (0.78)
Structured Choice Dialogues 4.41 (0.86) 3.96 (0.82) 3.78 (0.87)

Overall 4.30 (0.89) 4.02 (0.94) 4.02 (0.89)

We applied the same linear regression method used for emotions. In our analysis, we
included dialogue strategy, motivation levels toward achieving the goals, and perceptions
about the likelihood of encountering non-adherence scenarios. We also considered back-
ground factors like education level, computer programming skills, and possession of a
STEM degree, believing that technological expertise might influence their assessment of
the dialogue.
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DEQ Our regression analysis revealed that participants’ perception of how realistic the
scenarios were, was negatively associated with their DEQ scores (𝛽 = −0.17,𝑝 < .05). Addi-
tionally, participants’ motivation levels were positively associated with their DEQ scores
(𝛽 = 0.33,𝑝 < .001). The dialogue strategy used had an impact too. Specifically, participants
in the Exploratory Dialogues condition reported significantly lower DEQ scores than those
in the Focused Dialogues condition (𝛽 = −0.41,𝑝 < .05). No significant difference in DEQ
scores was observed between the Focused Dialogues and Structured Choice Dialogues
groups. Interestingly, education levels themselves did not have a main effect. However,
after aggregating these into two main categories: “High school” and “Above Bachelor”
(which combines Bachelor, Master, and PhD levels), we found significant interactions be-
tween education level and dialogue strategies. The interaction effect is demonstrated in
Figure 3.3.
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Figure 3.3: Interaction plot of DEQ by aggregated education and condition (Mean with error bars).

Table 3.3 shows the DEQ scores in different dialogue strategies with different educa-
tional levels. The interaction between the Structured Choice Dialogues and High school
was significant (𝛽 = 0.67,𝑝 < .05), Similarly, the interaction between Exploratory Dialogues
and High school also showed significance (𝛽 = 0.60,𝑝 < .05).

Accuracy We observed a significant correlation between participants’ accuracy ratings
and their perceived realism of non-adherence scenarios (𝑟 = 0.19,𝑝 < .05).
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Table 3.3: Dialogue experience questionnaire (DEQ) scores across different dialogue strategies by educational
level.

High school Bachelor and above
n Mean (SD) n Mean (SD)

Exploratory Dialogues 17 4.43 (0.72) 58 4.02 (0.97)
Focused Dialogues 24 4.25 (0.86) 54 4.42 (0.88)
Structured Choice Dialogues 30 4.55 (0.67) 50 4.33 (0.95)

Completeness Regarding the completeness of the reasons, we found a significant cor-
relation with participants’ motivation levels (𝑟 = 0.18,𝑝 < .01) and the dialogue strate-
gies. Specifically, participants in the Structured Choice Dialogues condition reported sig-
nificantly less complete reasons compared to those in the Focused Dialogues condition
(𝑟 = 0.18,𝑝 < .01). No significant difference in completeness level was observed between
the Focused Dialogues and Exploratory Dialogues groups, and there was no interaction
effect between dialogue strategies and motivation levels. Table 3.4 presents the summary
of all the regression models.

3.5.3 Text responses analysis
In this section, we present the results of text analysis. Deductive coding reports the oc-
currences of predefined codes, answering RQ3. Inductive coding reveals emergent codes,
answering RQ4.

Deductive coding
To address RQ3, “How effective are different dialogue strategies in eliciting targeted infor-
mation?”, we calculate the percentage of responses that yielded novel information. Then,
within this set of responses containing novel information, we further calculate the percent-
ages that pertain to predefined categories of interest: social factors, contextual factors, and
personal values. Table 3.5 provides a detailed breakdown of these percentages, showcasing
the effectiveness of each dialogue strategy in eliciting the predefined information.

For Exploratory Dialogues, the proportion of responses containing novel information
varied across the dialogue questions (Q1 to Q4), with Q1 having the highest at 83%, fol-
lowed by Q3 at 79%, Q2 at 62%, and Q4 at 27%. Social and contextual factors were most
frequently mentioned in Q1, though less so in subsequent questions. Interestingly, while
Q1 showed little mention of personal values, this topic was most predominant at 29% of
novel information in Q4, with 23% of all novel information responses in Q2.

For Focused Dialogues, the novel information was predominantly in the answer to Q1
at 82%, out of which 48% provided information on this aspect. This was followed by Q2 at
56% (out of which 27% provided contextual information) and Q3 at 51% (out of which 30%
provided value information).

Inductive coding
To address RQ4—“Besides the targeted information, what additional topics do users men-
tion?” —we employed inductive coding in the Exploratory Dialogues. This approach was
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Table 3.4: Final regression models for assessing the effects of dialogue strategies on self-conscious emotions,
accuracy, completeness, and DEQ. The table only displays predictors with significant effects. For categorical
variables (e.g., dialogue strategy), all levels are shown for clarity and to indicate the reference level used in
comparisons.

Measures Variables (Predictors) 𝛽 𝑆𝐸 𝑝 value

Shame Shame proneness 0.43 0.10 < .001***
Guilt Shame proneness 0.46 0.11 < .001***

Authentic pride
Dialogue strategy: Structured Choice -0.02 0.14 0.91
Dialogue strategy: Exploratory -0.28 0.14 < .05*
Motivation level 0.27 0.06 < .001***

Hubristic pride Motivation 0.23 0.06 < .001***
Accuracy Realistic level 0.18 0.07 < .05*

Completeness
Dialogue strategy: Structured Choice -0.41 0.14 < .01**
Dialogue strategy: Exploratory -0.02 0.14 < 0.89
Motivation level 0.18 0.06 < .01***

DEQ

Dialogue strategy: Structured Choice -0.25 0.16 < 0.13
Dialogue strategy: Exploratory -0.4 0.16 < .05*
Education: High school -0.20 0.20 0.32
Realistic level -0.17 0.07 < .05*
Motivation level 0.33 0.06 < .01***
Dialogue strategy: Structured Choice*

Education: High school 0.67 0.28 < .05*

Dialogue strategy: Exploratory*
Education: High school 0.60 0.30 < .05*

used to identify topics in responses that did not fall under the targeted categories of social
aspects, contextual aspects, or personal values. Below, we present a list of these emergent
topics with explanations and illustrative examples from the responses.

1. Individual Challenges encompass intrinsic factors that are inherent to the indi-
vidual and are difficult to ask of them to change.

2. Environmental and Societal Challenges refer to broader, external factors that
shape user behavior. These challenges are generally stable and persistent, rather
than tied to the user’s immediate circumstances.

3. Prioritization and Preferences underscore the influence of personal tastes, likes,
dislikes, preferences and attitudes.

4. Norms and Obligations cover actions and choices driven by societal/personal
norms or obligations.

5. Beliefs encompass a wide range of beliefs, such as cultural beliefs and factual be-
liefs.
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Table 3.5: Deductive coding in Exploratory Dialogues and Focused Dialogues. The first row indicates the per-
centage of responses containing novel information, calculated by dividing the number of responses with novel
information by the total number of responses. The following rows indicate the percentage of these novel in-
formation responses that further discuss social, contextual, and personal value aspects, respectively, calculated
by dividing the number of responses addressing each aspect by the total number of responses containing novel
information. See Subsection 3.3.2 for what Q1-Q4 refers to in each dialogue condition.

Exploratory Dialogues Focused Dialogues
Q1 Q2 Q3 Q4 Q1 Q2 Q3

Novel information 0.83 0.62 0.79 0.27 0.82 0.56 0.51
Social aspects 0.06 0 0 0.10 0.48 - -
Contextual aspects 0.13 0.02 0 0 - 0.27 -
Personal values 0.03 0.23 0.03 0.29 - - 0.30

6. Tangible Outcomes encompass the practical, observable consequences of behav-
ioral decisions.

7. Emotional Outcomes relate to affective responses from (lack of) behaviors.

3.5.4 Patterns in User Explanations
To answer RQ5 “What patterns emerge in users’ transitions between different topics when
they explain their reasons for non-adherence behaviors?”, we analyzed the conversation
paths in the Exploratory Dialogues which start with a user’s non-adherence scenario and
then four questions from the agent. The primary objective was to identify patterns in how
users transitioned between various topics of explanations. Our goal was to understand
these transition patterns better, thereby aiding in the selection of effective questions for
eliciting informative responses. Below is the series of questions the agent asked after the
participant provided the non-adherence scenario:

0. User’s Non-adherence Scenario

1. Q1: What particular factors related to the situation influence your choice?

2. Q2: Why is it important to you?

3. Q3: What feeling does it give you?

4. Q4: Why is that?

For the non-adherence scenario and each response to a question, we formed four pairs
of consecutive responses which we refer to as “Duos.” We adopted two distinct perspec-
tives for analyzing the Duos: Preceding Path Analysis and Following Path Analysis. The
former examines the percentage of topics preceding a certain topic, while the latter ana-
lyzes the percentage of topics following a certain topic. In other words, Preceding Path
Analysis can reveal, for instance, that topic x is most often preceded by topic y. If the
agent wants information about topic x, they could lead with topic y. Conversely, Follow-
ing Path Analysis can show that topic y often follows topic x. Asking about topics y after
topic x could make the conversation feel more natural to the users.
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For the Preceding Path Analysis, we calculated the percentage of instances where topic
x was led by each specific topic out of all topics that led topic x. For the Following Path
Analysis, we calculated the percentage of instances where each specific topic followed
topic x out of all topics that followed topic x. We applied these two approaches differently
depending on the nature of the dialogues. Below are the results of each Duo.

Table 3.6: Following Path Analysis of Duo (Scenario, Q1). Only the top few topics with a cutoff point around 0.1
are shown (Abbreviations used: “Indiv.” for Individual Challenges, “Contxt.” for Contextual Information, “Env.
Soc.” for Environmental and Societal Challenges, “Pref.” for Prioritization and Preferences, “Norm. Obl.” for
Norms and Obligations, “Tang.” for Tangible Outcomes.)

Scenario Q1 Percentage

Env. Soc.
Env. Soc. 0.27
Pref. 0.13
Indiv. Contxt. 0.09

Indiv.
Indiv. 0.33
Env. Soc. 0.33
Pref. 0.22

Motiv. Pref. 0.16
Pref. Pref. 0.4

1. Duo (Scenario, Q1): For the Duo that goes from the start to Q1, we exclusively em-
ployed the Following Path Analysis. This choice was made because our interest lay
in understanding the explanations of why these scenarios led to their non-adherence
behaviors. Table 3.6 shows the top explanations that were at least 10% in the analy-
sis. Below is a list of summary.

• Detailed Challenges: Participants often provide detailed explanations of chal-
lenges following scenarios involving Environmental and Societal Challenges
or Individual Challenges.

• Prioritization and Preferences consistently emerge as prominent topics across
various scenarios, revealing participants’ considerations in prioritizing or pre-
ferring elements over behavior goals.

• Contextual Information is in some cases provided, showing situational factors
influencing behavior decisions.

2. Duo (Q1, Q2): we utilized both the Following Path Analysis and the Preceding Path
Analysis. Using both analyses allowed us to understand the topics both preceding
and following the participants’ responses.

(a) Following Path Analysis (Table 3.7)
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Table 3.7: Following Path Analysis of Duo (Q1, Q2).
See Table 3.6 for abbreviations.

Q1 Q2 Percentage

Env. Soc. Tang. 0.23
Pref. 0.13

Indiv. Pref. 0.15
Tang. 0.15

Pref. Tang. 0.27
Pref. 0.19

Tang. Value 0.29
Norm. Obl. Value 0.40
Social Value 0.43
Contextual Value 0.33

Table 3.8: Preceding Path Analysis of Duo (Q1, Q2).
See Table 3.6 for abbreviations.

Q2 Q1 Percentage

Env. Soc. Env. Soc. 0.33

Pref. Pref. 0.33
Pref. 0.27

Tang. Env. Soc. 0.23
Pref 0.23

Beliefs Env. Soc. 0.25
Norm. Obl. Env. Soc. 0.43

Value
Social 0.23
Contextual 0.16
Env. Soc. 0.16

• After discussions on Environmental and Societal Challenges or Individual
Challenges, users often move to topics related to Tangible Outcomes or
Prioritization and Preferences.

• Following discussions on Prioritization and Preferences, users frequently
transition to Tangible Outcomes, indicating an intertwined nature of these
topics.

• When users discuss Tangible Outcomes, Norms and Obligations, Social
Information, or Contextual Information, the subsequent topic tends to be
Values, suggesting a likely progression in the conversation.

(b) Preceding Path Analysis (Table 3.8)

• Some topics in Q2 are most frequently preceded by the same topics in
Q1, such as Prioritization and Preferences, as well as Environmental and
Societal Challenges.

• Tangible outcomes are precededmost by Environmental and Societal Chal-
lenges & Prioritization and Preferences.

• Norms and Obligations, as well as Beliefs are predominantly preceded by
Environmental and Societal Challenges.

• Values are mostly preceded by Environmental and Societal Challenges,
Context, or Social factors.

• Above observations imply that initiating the dialogue with questions re-
lated to Environmental and Societal Challenges or Prioritization and Pref-
erences could effectively lead to discussions about Tangible outcomes,
Norms and Obligations, Beliefs, or Values.
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3. Duo (Q2, Q3): We skipped this due to Q3’s focus on emotions, making preceding
or following analysis unnecessary.

4. Duo (Q3, Q4): We employed Following Analysis, as Q3 focused on emotions, we
were interested in what topics followed the emotional responses.

• After discussing emotions, users provided Value Information more than other
topics. This trend suggests that probing emotional consequences could lead
users to articulate their values.

3.6 Discussion
This study explored how dialogue strategies affect self-conscious emotions, user satisfac-
tion—comprising accuracy, completeness, and dialogue experience—and the aquisition of
the user reasons behind non-adherence in specific scenarios. In the following sections, we
discuss our findings related to self-conscious emotions (Subsection 3.6.1) and user satisfac-
tion (Subsection 3.6.2). Subsequently, we summarize the qualitative information regarding
reasons for non-adherence behaviors (Subsection 3.6.3). Finally, we highlight other note-
worthy observations that emerged during our study (Subsection 3.6.4 & Subsection 3.6.5).

3.6.1 Emotions in Different Dialogue Strategies
Our analysis reveals that emotions of shame, guilt, and hubristic pride remain largely
consistent across the different dialogue strategy conditions (see Figure 3.2). This suggests
that the dialogue strategies did not have a significant impact on the manifestation of these
self-conscious emotions.

However, a notable observation is that participants in the Exploratory Dialogues con-
dition reported lower levels of authentic pride in comparison to those in the Focused Di-
alogues and Structured Choice Dialogues conditions. Authentic pride is often associated
with feelings of accomplishment and the motivation to pursue goal-oriented actions [56–
58]. The straightforwardness inherent in the Exploratory Dialogues might give partici-
pants the impression that the agent is subtly challenging the value or importance of their
goals. This finding may be attributed to the fully open-ended nature of the why-questions
in the Exploratory Dialogues, which may be perceived as seeking justification. The am-
biguous nature of why questions may lead to unproductive or even hostile responses [90].
Conversely, the Focused Dialogues and Structured Choice Dialogues strategies, which
employ more specific and targeted questions, could be perceived as being less direct and
intrusive.

To summarize the implications with respect to self-conscious emotions: individual
shame proneness is a clear predictor of shame and guilt. Beyond that, motivations seem
intertwined with authentic pride and hubristic pride. How the open questions are framed
in the Exploratory Dialogues strategy seems to negatively impact authentic pride.

3.6.2 DEQ, Accuracy, and Completeness in Different Dialogue
Strategies

Regarding user satisfaction, our observations reveal that there were not any significant
differences in the accuracy of the reasons for non-adherence. However, when it comes to
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the completeness of the reasons, participants in the Structured Choice Dialogues tended
to perceive the summary as significantly less complete compared to their counterparts in
the Exploratory Dialogues or Focused Dialogues. This result aligns with our expectations
since Structured Choice Dialogues participants were presented with predefined multiple-
choice options that covered social, and contextual aspects of the situation, and values. The
restrictive nature of these options may have hindered participants from providing more
expansive responses, given the inherent limitations of the setup [66].

Furthermore, we identified a significant decrease in the dialogue experience score
(DEQ) for the Exploratory Dialogues compared to the Focused Dialogues and Structured
Choice Dialogues conditions. This trend mirrors the patterns observed with authentic
pride. Further examination revealed a strong correlation between authentic pride and
DEQ (𝛽 = 0.4,𝑝 < .001), reinforcing the interplay between the dialogue strategy, and re-
sultant pride emotions and DEQ. This might be because Exploratory Dialogues demand
additional time and cognitive effort [30, 66], contributing to a worse dialogue experience
compared to other conditions.

To summarize the implications on user satisfaction: the realistic level of non-
adherence scenarios and participants’ motivation level to achieve their goals emerge as
key predictors for the overall user experience. Additionally, participants in Exploratory
Dialogues and Focused Dialogues perceive the summary as significantly more complete
than Structured Choice Dialogues, while participants in Exploratory Dialogues had a sig-
nificantly lower DEQ compared to those in both the Focused Dialogues and Structured
Choice Dialogues conditions.

Interaction between Education and Strategy on DEQ
Figure 3.3 depicts the interaction between education levels and dialogue strategy in terms
of DEQ.These results suggest that, for the High School education level, being in the Struc-
tured Choice Dialogues or Exploratory Dialogues leads to a significant increase in the
DEQ mean compared to Focused Dialogues. A plausible interpretation of this observation
is grounded in the inherent structure of each strategy. As the education level transits from
High School to “Bachelor and above” education, we see the DEQmean for Exploratory Dia-
logues decrease, for Structured Choice Dialogues slightly decrease, for Focused Dialogues
increases. This shift suggests that Focused Dialogues might be more suitable or preferred
for those with higher education, while Exploratory Dialogues and Structured Choice Dia-
logues might be more effective for those with a High School education level.

Summary Quantitative Analysis and Real-world Implication
The insights highlight the nuanced interplay between dialogue strategies, self-conscious
emotions, and the richness of user responses. Interestingly, while the study did not reveal
significant distinctions in self-conscious emotions such as shame, guilt, and hubristic pride
across different strategies, certain trends emerge in relation to authentic pride and user
experience.

The Exploratory Dialogues strategy, in particular, registered lower scores for authen-
tic pride and DEQ, while Structured Choice Dialogues showed a noticeable decline in the
completeness of the provided information. This suggests a trade-off exists between the
level of restraints imposed by the dialogue agent’s questions and the likelihood of acquir-
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ing necessary information from users. Employing explicit prompts, as seen in the Focused
Dialogues or Structured Choice Dialogues approaches, tends to yield more precise infor-
mation. However, such specificity might constrict the depth or breadth of user elaboration,
with the Structured Choice Dialogues method being a prime example. Focused Dialogues,
while beneficial for many, can pose interpretative challenges, particularly for individuals
with solely a high school education. Contrarily, the unrestricted nature of the Exploratory
Dialogues method, though fostering freedom of expression, appears to diminish feelings
of pride in respondents.

In essence, each dialogue strategy presents unique advantages and limitations. Real-
world implementations must cater to diverse users and contexts. For instance, a hybrid ap-
proach could be employed, combining Structured Choice Dialogues as guiding questions
followed by open-ended questions to allow users to articulate freely or provide supple-
mentary information. Additionally, Dewdney and Michell [90] suggest the importance of
contextualization and using neutral phrasing when employing why-questions to mitigate
the risk of eliciting unproductive or even hostile responses.

3.6.3 Text Responses Comparison between Exploratory Dialogues
and Focused Dialogues

The deductive analysis aimed to identify and categorize the emergence of novel infor-
mation related to social contexts, environmental contexts, or personal values within the
responses. Utilizing an inductive coding approach, we analyzed responses that introduced
emerging topics. This in-depth examination allowed us to understand the breadth of con-
tent participants shared during alignment dialogues.

From the results, both the Exploratory Dialogues and Focused Dialogues, across each
query round, showed an average of approximately 62% inclination to provide novel in-
formation. It is worth noting that the last why query within the Exploratory Dialogues
condition exhibited a mere 27% introduction of novel information. Such a decline might
hint that participants were no longer able to add more reasons by the fourth question or
an ambiguous interpretation stemming from the preceding (Q3) query. Another observa-
tion of Q3 is its high percentage of novel information elicited. This could be because Q3 is
very specific in asking “What feelings does it give you.” Our intention behind leaving Q2
and Q4 (“Why is it important to you?”) ambiguous was to gauge how participants would
respond when presented with very open-ended queries. The significant reduction in novel
information suggests there might be a limit to the effectiveness of repeatedly asking open-
ended questions. This could be attributed to participants reaching a point where they no
longer provide new insights or being fatigued from the continuous questioning.

Within the Exploratory Dialogues condition, the findings showed that on average only
7% of the novel responses touched on social aspects or contextual facets, while a rela-
tively higher 15% on personal values. Such numbers, being on the lower side, suggest
the difficulty in sourcing comprehensive data for constructing an user model using very
open-ended questioning. In contrast, the Focused Dialogues condition showcased better
results: 48% novel responses introduced social nuances, 27% provided context, and 30% on
personal values.

An interesting observation from the Exploratory Dialogues data is the higher num-
ber of value-laden responses compared to mentions of social or contextual factors. The
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recurrent theme in Exploratory Dialogues’s questions, centering on “why is it important
to you,” might have steered participants to introspect and articulate their intrinsic values
more. However, nuanced specifics about the situation, especially those tied to social or
environmental contexts, seldom emerged organically from the respondents.

Summary Deductive Analysis and Real-world Implication
Our experiments show that specificity in questions increases the chances of acquiring
the targeted information. However, a more restrictive approach, like the multiple-choice
format used in the Structured Choice Dialogues, might limit the depth and variety of re-
sponses. Real-world implementations need to find a balance between providing structure
and allowing flexibility. Combining specific, guiding questions with opportunities for
open-ended responses could help gather comprehensive insights while accommodating
diverse user needs and contexts.

3.6.4 New Topics for User Model
The inductive coding analysis revealed new topics (Subsection 3.5.3 that can enrich the
user model. Below we group similar topics to discuss.

Individual Challenges and Environmental and Societal Challenges
A significant finding was the emergence of Individual Challenges and Environmental and
Societal Challenges. These topics underscore the importance of considering various con-
straints that users may face. These constraints often fall beyond users’ control, such as
personal challenges, health conditions, or specific work-related restrictions. Including
these in the user model offers a deeper capture of a user’s background and environment.
Notably, these findings align with the concept of barriers discussed in the behavior change
literature, emphasizing factors like family commitments, societal pressures, limited facili-
ties, or perceived time constraints (e.g., [78, 295, 302]).

However, we suggest that such factors should be treated separately from the informa-
tion elicited in alignment dialogues. Social and contextual aspects are situation-specific,
while personal and environmental constraints represent more general background infor-
mation that could be collected during the user initialization phase, as discussed in Sec-
tion 3.1.

Preferences, Norms, and Obligations
We also identified a topic revolving around attitudes, preferences, obligations, and the
like. This topic delves into users’ preferences for various activities and how they priori-
tize these activities in their lives, similar to the findings in Kearney and McElhone [158].
While some preferences can reflect underlying values, others are simply personal choices
devoid of deeper meaning. The related topic, Norms and Obligations serves similar func-
tions but instead of personal preference, they are usually driven by societal and personal
norms, obligations, and external pressures [180]. Whether it is a matter of prioritization,
preference, or adhering to norms, these insights can be integrated as Norms in the user
model, guiding the selection of support actions by the agent.
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Tangible Outcomes & Emotional Outcomes
The remaining topics primarily revolved around the outcomes of participants’ actions or
behaviors, categorized as desires (typically positive outcomes) and consequences (often
negative outcomes). Some of these outcomes are deeply intertwined with personal values,
as depicted by statements like “So that I can take care of my beloved ones.” Conversely,
others reflect a more pragmatic stance and do not necessarily embody underlying values,
as in the statement “I will go to jail for negligence.” In the Exploratory Dialogues condition,
one of the question rounds (Q3) asked “What feeling does it give you?” Such a question
yielded valuable insights in terms of emotional consequences. Nearly 80% of responses
included novel information, with 2.6% containing topics related to values.

Additionally, subcategories (see Subsection 3.5.3) – specifically “Outcomes aboutWork
and Career/Social Relationships with Others/Appearance” – are closely intertwined with
values like warm relationships with others, security or self-fulfillment, and self-respect.
Based on this, we posit that exploring users’ anticipated outcomes (both desires and con-
sequences) could be a strategic method to delve deeper into their core values.

The incorporation of these novel topics into the user model introduces a more holistic
and personalized understanding of users, enabling agents to offer personalized support
that respects individual constraints, priorities, and motivations. However, it is crucial to
strike a balance between the comprehensiveness of the user model and the efficiency of
interactions. Careful consideration is needed to avoid overwhelming users or agents with
excessive detail.

3.6.5 Pitfalls of Alignment Dialogues
Our analysis identified some challenges with alignment dialogues. In Structured Choice
Dialogues, we observed instances where participant responses did not logically align with
their stated non-adherence scenarios. For example, a participant whose goal is to go to the
gym cited “contact frequency” as a contributing factor while being sick—a scenario where
social factors seem irrelevant. Such responses suggest a need for deeper user engagement
or point to possible misunderstandings of the dialogue prompts.

Furthermore, in Exploratory Dialogues, approximately 15% of the responses were not
about why not adhering to goals but about the reasons behind setting these goals in the
first place. This underscores the inherent ambiguity in open-ended questioning and the
difficulty in asking clear, purpose-driven questions.

Despite these issues, we chose not to exclude these “incorrect” responses from our anal-
ysis for two reasons. First, the proportion of these responses was not substantial. Second,
all responses, regardless of their direct relevance to non-adherence reasons, contribute
valuable insights into users’ reasons and can enhance our understanding of their behavior
choices.

3.7 Reflection on Alignment Dialogue Design
In this section, we further discuss the insights from this study and how they may inform
the design of alignment dialogues. We begin with an analysis of non-adherence scenarios
Subsection 3.7.1, as they serve as the starting points for initiating an alignment dialogue.
Lastly, we analyze the conversation paths by examining the percentages of the sequential
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occurrence of topics Subsection 3.7.2.

3.7.1 Non-adherence Scenarios
We classified the non-adherence scenarios reported by participants during the initial phase
of our experiment. Our rationale stems from the understanding that distinct scenarios
might require different dialogue strategies to be effective.

Many of the non-adherence scenarios reported by participants align with topics iden-
tified in the inductive coding of responses (Subsection 3.5.3). This overlap was expected,
as participants’ explanations expanded upon the initial scenarios, providing additional
insights. Nonetheless, we also identified several unique non-adherence scenarios that dis-
tinguished themselves from the common categories:

1. Lack of Motivation
2. Lack of Energy
3. Emotional State
4. Time constraints

These scenarios primarily highlight participants’ mental or motivational states hin-
dering their commitment to goal behaviors. Participants often provided general reasons
without delving into specific circumstances or underlying causes of non-adherence. Vague
explanations lack specificity, failing to offer actionable insights into user behavior. For in-
stance, the statement “I don’t have time” lacks clarity on activities consuming time and
potential adjustments. Deeper exploration is needed to uncover underlying factors in such
scenarios.

3.7.2 Dialogue Paths for Alignment Dialogue
Drawing from the Preceding Path Analysis and Following Path Analysis of the duos (de-
tailed in Subsection 3.5.4), several patterns emerge that can inform effective dialogue de-
sign. Firstly, when participants present vague scenarios discussed in Subsection 3.7.1 like
“I don’t have time”, the agent’s inquiries should aim to extract specific details. Following
discussions on Individual Challenges or Environmental and Societal Challenges, further
inquiries often yield Contextual specifics about the situation. This indicates that in real-
world implementations, when users discuss Individual Challenges or Environmental and
Societal Challenges, it would be effective for the agent to follow up with inquiries about
the Contextual specifics of the situation.

Furthermore, discussions about Tangible/Emotional Outcomes, Norms and Obliga-
tions, Social aspects, or Contextual aspects often lead to conversations about Values. This
pattern indicates that these topics can pave the way for discussions about values.

Overall, the recommended dialogue flow in practical applications might progress from
addressing Challenges to exploring Prioritization and Preferences, followed by Tangible
Outcomes, Norms andObligations, Beliefs, Emotional Outcomes, and finally, Values. How-
ever, the progression is not linear due to the intertwined nature of these topics, necessi-
tating the agent to adapt its approach based on context and user cues.
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3.8 Limitations and Future work
3.8.1 Emotions in Alignment Dialogues
This study suggests that self-conscious emotions do not significantly differ across different
dialogue strategies. However, more research is needed to understand the precise relation-
ship between dialogue strategies, setup, and the experience of self-conscious emotions.

Furthermore, we did not measure self-conscious emotions before and after the par-
ticipants engaged in the dialogues. As a result, we could not determine which specific
dialogue strategies evoke particular emotional responses. Although it isn’t the agent’s
goal to evoke negative self-conscious emotions, understanding the precise relationship
between dialogue strategies and these emotions could further strengthen the design of
alignment dialogues. This would ensure that the dialogues are both effective and sensitive
to users’ emotional states.

A key limitation of this experimental setting is that the scenarios are not real, in the
sense that participants engaged with them as part of a study rather than a personal health
journey. Consequently, the stakes of non-adherence for the individual remained low,
which likely produced less socio-emotional engagement than would be required to elicit
deeply held values, beliefs, or reasons.

Additionally, future studies could benefit from including variations in ethnicity, geo-
graphic location, cultural and socioeconomic backgrounds into the analysis. These factors
could influence how self-conscious emotions are experienced and expressed during align-
ment dialogues, providing a more comprehensive understanding of the user experience
across different demographics.

Another analysis is to explore the types of health goals participants set and identify
any patterns associated with specific goals and the challenges they face. Understanding
these patterns could help tailor dialogue strategies to better support users in achieving
their health objectives.

3.8.2 Alignment Dialogue Design
While this study addresses the what aspect of alignment dialogue (i.e., “what information
should the agent seek in alignment dialogue?”), it provides limited guidance on the how.
It is important to recognize that the how of behavior change dialogues can be addressed
at different levels. Existing research, such as the work of Ranjbartabar et al. [264] and
Salman et al. [284] focus on how the use of relational cues can build rapport and influence
the effectiveness of the interaction. There is, however, the how concerned the structural
modeling and logic of the dialogue that requires further investigation. Future work is
needed to enrich and refine the dialogue path we suggested. Implementing the dialogue
in practice will require a more detailed structure, along with clearly defined relationships
between each topic. Our work primarily outlines the topics but does not model how these
topics interconnect. Additionally, the relevance of each topic may vary depending on the
situation. Identifying which topics are pertinent in specific contexts is a critical area for
future exploration.
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3.9 Conclusion
The purpose of the present work was to investigate 1) the effects of different dialogue
strategies on users’ self-conscious emotions, dialogue experience, perceived accuracy, and
perceived completeness 2) which reasons users mention to explain their non-adherence
behavior. The ultimate goal was to better capture what constitutes a comprehensive user
model and how agents could effectively gather this information without triggering nega-
tive emotional responses.

Our findings show that the open-ended general question had significant negative ef-
fects on authentic pride, dialogue experience, and the perceived completeness of the ex-
planations collected. For other aspects namely shame, guilt, and perceived accuracy, the
dialogue strategies did not show a significant effect.

Furthermore, we used inductive coding to analyze what topics participants mentioned
to explain their non-adherence behavior. This analysis highlighted key topics that should
be incorporated into user models. This list of topics is aimed at enabling the agent to
form a comprehensive model of users, encompassing their personal constraints, beliefs,
values, and preferences. The primary objective of alignment dialogues, therefore, is to
gather information within this ontological framework, thus facilitating a deeper and more
nuanced understanding of user behavior in various contexts.
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4
Expert Insights on

Conversational AI Systems as
an Information Intermediary
for Patients and Healthcare

Providers for Diabetes Lifestyle
Change

This paper explores the potential of conversational intermediary AI (CIAI) between patients
and healthcare providers, focusing specifically on promoting healthier lifestyles for Type 2
diabetes. CIAI aims to address the constraint of limited healthcare provider time by acting
as an intermediary in-between infrequent consultations. CIAI enables healthcare providers
to understand patients better and offer personalized support. Through an exploratory focus
group with healthcare domain experts, we gather insights into CIAI’s envisioned in diabetes
care. Our findings highlight the potential benefits of CIAI in diabetes care.

4.1 Introduction
Recent advances in digital technology provide opportunities for digital healthcare solu-
tions [203]. In particular, conversational AI is a promising tool for facilitating behavior
change interventions due to its ability to engage in natural conversations and build user
relationships [342]. This paper explores experts’ insights on the potential of conversa-
tional AI as an intermediary between patients and healthcare professionals, specifically in

 Pei-YuChen, Sophie van Gent, M. Birna van Riemsdijk, Myrthe L. Tielman, and Tjeerd Schoonderwoerd. “Ex-
pert Insights on Conversational AI Systems as an Information Intermediary for Patients andHealthcare Providers
for Diabetes Lifestyle Change.” In: Kiemute Oyibo, Wenzhen Xu, Elena Vlahu-Gjorgievska (eds.), The Adjunct
Proceedings of the 19th International Conference on Persuasive Technology, April 10, 2024, Wollongong, Australia.
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promoting healthier lifestyles for Type 2 diabetes (T2D) patients. Given the importance
of maintaining a healthy lifestyle for long-term T2D management [84, 145], exploring the
role of AI in this area is essential. The Conversational Intermediary AI (CIAI) proposes
that it will, via dialogues, learn about the users within the context of their daily lives and
select relevant information to communicate back to healthcare providers.

Personalized interventions have demonstrated greater effectiveness in improving T2D-
related parameters compared to usual care [85, 98]. This effectiveness is shown in digital
interventions as well. Previous research consistently shows that personalized approaches
outperform generic “one-size-fits-all” interventions in promoting health behaviors (e.g.,
[120, 176, 197, 243]). Personalization strategies encompass using a variety of information,
including socio-demographic characteristics, personality traits, behavior determinants,
and habits [157, 176].

While integrating these factors is beneficial, they often represent static characteristics
that may not fully reflect the dynamic context and nuances in which users operate. This
is of particular importance for healthy lifestyle changes, which are very intertwined with
users’ daily lives. Chen et al. [62] proposed alignment dialogue, a conversational AI ap-
proach between AI and users, as a solution aiming to ground the user model in the current
context. However, the practical implementation of acquiring a comprehensive user profile
through conversational agents remains a topic for further investigation.

To address this gap in how AI could acquire a comprehensive user profile, in this
work, we explore how healthcare providers converse with T2D patients to understand
them better for lifestyle changes. By examining current practices, we seek insights that
could inform conversational AI systems in acquiring a comprehensive user profile. How-
ever, in this domain, a significant challenge is the infrequent occurrence of healthcare
consultations¹. This scenario presents a good opportunity for Conversational AI as an
intermediary (CIAI) between healthcare providers and patients in-between consultations:
the role of CIAI consists of capturing patients’ needs in their daily lives and conveying this
comprehensive patient information back to healthcare professionals. In this way, health-
care providers can make tailored lifestyle change suggestions that are easier to adopt and
maintain by the patient.

Using digital systems to bridge gaps between consultations and facilitate informa-
tion flow between different healthcare levels has been previously explored. For exam-
ple, Richards and Caldwell [267] developed a “virtual specialist” system that shared diag-
nostic insights with General Practitioners while patients awaited specialist appointments,
demonstrating that interactive digital intermediaries can improve health outcomes by sup-
porting ongoing patient management.

However, to our knowledge, there has been limited research on CIAI designed to cap-
ture users in their everyday lives and subsequently summarize this insights for healthcare
providers. To explore this concept, we conducted an exploratory focus group with health-
care domain experts. This study aimed to gather their perspectives on the potential of CIAI
to enhance care for diabetes patients and inform the practices of healthcare professionals.
Broadly, there are two primary research questions.

RQ1. How are lifestyle changes currently managed in diabetes care, and what challenges

¹https://richtlijnen.nhg.org/standaarden/diabetes-mellitus-type-2
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do healthcare providers face in practice?

RQ2. What are the expectations and concerns of healthcare experts regarding the pro-
posed conversational Intermediary AI (CIAI) system?

The findings of this expert study shed light on the dynamics of provider-patient conver-
sations and highlight the opportunities for CIAI. However, alongside these opportunities,
there are also notable concerns and ethical considerations. These insights point toward
the need for further research directions.

4.2 Related Work
The concept of CIAI between patients and healthcare providers can be related to the re-
search on the user (patient) modeling (Subsection 4.2.1) and ecological momentary assess-
ment (Subsection 4.2.2).

4.2.1 User Modeling
User modeling aims to provide personalized interventions by capturing various aspects of
users, such as employing different persuasive strategies to resonate with diverse person-
ality traits [196, 325] and welcoming each participant using personalized messages [174].
Another example is to capture users’ motivational attitudes [320], such as values and pref-
erences. Capturing these aspects is crucial for healthcare providers to tailor interventions
effectively. To capture these with AI, AI needs a user model to know what to ask for.
Traditionally, values can be acquired explicitly through various questionnaires. However,
these methods are often not grounded in a context [193, 257] and may not accurately rep-
resent real-life behaviors [42]. It is crucial to consider how individuals apply different
values in varying situations and contexts [140, 193].

4.2.2 Ecological Momentary Assessment
The concept of getting information relevant to the user’s behaviors in a situation can be
likened to the Ecological Momentary Assessment (EMA) in clinical psychology. Instead
of the conventional retrospective self-report assessment in clinical psychology, EMA in-
volves gathering subjects’ current behaviors and experiences in real-time within their
natural environments [294]. EMA offers advantages such as providing more valid and
detailed data about real-world behavior and experience [294]. By having an AI with the
patients in their daily lives, it can gather extensive insights into the factors influencing
patients’ behavior choices across various daily situations. It complements EMA, which
collects real-time self-reports but may lack nuanced motivations and contextual details.

4.3 Conversational Intermediary AI functionalities
In this section, we describe the envisioned CIAI system. Although the focus of this work
is on AI as an intermediary information-collecting system for healthcare professionals,
we added some support functionalities to envision how generally AI could interact with
patients and healthcare providers. Figure 4.1 shows these envisioned interactions. The
envisioned system has five functionalities. These functionalities were discussed in the
focus group.



4

68 4 Expert Insights on Conversational AI Systems as an Information Intermediary

5 Suggest strategies

User modelDialogue
Build

Select advice
4 Report inghsts

Consultation

AI system

T2D patient
Healthcare

professionals

1&3 Support lifestyle change

2 Converse to capture patient

Figure 4.1: An overview of the functionalities. The green solid lines indicate the main functionalities of AI as an
intermediary system between patients and healthcare professionals. The yellow dotted lines indicate the support
functionalities.

1. Remind the user to adhere to their healthy behavior goals.
This basic function involves the AI system asking the user about their healthy
lifestyle goals and providing support accordingly.

2. Capture reasons why the user is not adhering.
The AI system engages in dialogue with the patient to capture the reasons behind
non-adherence and updates the patient profile with additional information such as
needs and values in different contexts.

3. Generalize from previous insights and apply to future occurrences.
Based on past interactions, the AI system proactively advises the patient and health-
care providers accordingly when similar contexts occur.

4. Summarize the insights for healthcare providers.
The AI system provides a summary of its insights on the patients to healthcare
providers.

5. Suggest healthcare providers on possible treatment/strategies.
Using its comprehension of the patient, the AI system suggests the healthcare
provider treatment strategies that are likely to be adopted by the patient.

4.4 Methods
To better understand experts’ perspectives on this kind of AI system in diabetes care, we
performed a focus group study to explore their opinions and ideas. We conducted the
focus group in a hybrid format to accommodate both in-person and online participants.

4.4.1 Participants
Five healthcare experts contributed their expertise to the focus group, representing a di-
verse range of specialties within the field. The group included four senior scientists in
personalized health, two of whom work part-time as healthcare professionals. One mid-
level researcher experienced in customized machine learning for the analysis and integra-
tion of health data. These experts with healthcare practice and/or expertise in e-health
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provide valuable insights into the design considerations for conversational AI systems in
healthcare.

4.4.2 Material
The focus group session was structured into three distinct parts. In the first part, we
explored the current state of diabetes care in practice. This was followed by presenting
a scenario about the envisioned AI system. Lastly, we discussed participants’ opinions
regarding this AI system.

Work sheets
To facilitate the discussion and note-taking, we provided worksheets in both digital for-
mats (made inMiro², for the participants joining online) and paper (for participants joining
in person). The first set of worksheets focused on current practices in diabetes care and
the second set of worksheets centered on the envisioned AI system. These worksheets
contained pre-formulated discussion questions (Subsection 4.4.3) and dedicated spaces for
note-taking.

Scenario
For the second part of the focus group, we presented a storyboard depicting the interaction
between a patient, a GP assistant, and a system for healthy lifestyle change (visualized as
a chat interface app on a phone). This storyboard consisted of six scenes, corresponding to
the functionalities in Section 4.3, with some additional scenes created or combined. The
scenario was created to facilitate the discussion. It illustrates how the AI system could
capture the patient’s various aspects in their daily context and offer insights to healthcare
providers.

1. Scene 1 Via dialogue, the patient tells the AI system that his goal is to exercise three
times per week.

2. Scene 2The patient adheres to his exercise plan. He registered with the agent when
he exercised and he did so three times a week.

3. Scene 3 The AI system notices that the patient has not registered any exercise ac-
tivity for five days in a row.

4. Scene 4 The AI system initiates a dialogue with the patient, trying to capture the
reasons for the deviation from the routine. The patient explained that he had family
visiting, which took priority over his exercise routine. The AI system updates this
information in the patient’s profile.

5. Scene 5 A few weeks later, the agent notices another upcoming family event in
the patient’s calendar - the birthday celebration of his grandson. The AI system
recognizes a similar context to the previous family visit and suggests that the pa-
tient discuss with the GP assistant how to balance enjoying the celebration with
managing his nutrition.

²https://miro.com/
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6. Scene 6 The AI system proactively communicates with the patient’s GP assistant
about the significance of family in the patient’s life. This information enables the
GP assistant to have a more informed discussion with the patient, plan his nutrition
around the celebration, and offer guidance on healthier food choices or necessary
adjustments in medication.

4.4.3 Procedure
At the beginning of the session, the study’s overall objective was explained to the whole
group. For the in-person participants, working sheets were displayed on the walls with
post-its for notes and comments. Online participants were provided with digital versions
of these sheets and post-its. The study was divided into two parts: current diabetes care,
and a scenario with an envisioned AI system.

Part I: Current Diabetes Care
The first part focused on the current state of diabetes care. The in-depth discussion ques-
tions covered various phases of diabetes care, the roles of different healthcare profes-
sionals, the objectives of each care phase, current assisting methods, and the challenges
encountered. Additionally, we delved into how healthcare providers gather and utilize
information throughout the diabetes care journey, their engagement strategies, and the
challenges they face in this process.

Part II: Scenario with Envisioned AI system
After concluding the first part, we presented the scenario (detail in Subsection 4.4.2). This
part introduced several AI functionalities, stimulating a discussion centered on their im-
portance, benefits, expectations, and concerns from the perspectives of both healthcare
professionals and patients. The discussion encouraged participants to critically evaluate
each functionality and its potential impact.

4.4.4 Data Collection and Analysis
During the focus group session, participants were not only engaged in discussions but also
wrote their inputs on post-its. To complement this, a dedicated note-taker was assigned
to record the participants’ verbal contributions.

After the session concluded, the written inputs on the post-its were digitized to stream-
line the analysis process. All raw data sources, including the participants’ written inputs
and the notes taken during the session, were aggregated in a single document, which is
presented in Appendix C. This structure of the aggregated document was in line with the
setup of the focus group: Current Diabetes Care and Scenario with Envisioned AI.

For the analysis, a color-coding system was applied to the text to highlight and differ-
entiate themes. This facilitated the grouping of responses by similar themes, streamlining
the organization of insights. The insights derived from this thematic organization are fur-
ther explored and discussed in the following section.

4.5 Results
The following sections discuss the results from Part I (Subsection 4.5.1) and Part II (Sub-
section 4.5.2) of the focus group study.
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4.5.1 Part I: Insights into Current Practices in Diabetes Care
The first part of the focus group addressed the current state of T2D care. The discussion
revolved around the different phases of T2D care, the nature of patient consultations, the
challenges in practice, and the opportunities for conversational AI.

Phases of Diabetes Care
Participants referred to established frameworks and guidelines prevalent in T2D care, cit-
ing sources from the Dutch General Practitioners Association (NHG)³. Broadly, the T2D
care trajectory encompasses three phases: Diagnosis, Initial Treatment, and Chronic Treat-
ment.

The participants explained that the patient journey of a patient with T2D usually be-
gins with a Diagnosis, primarily made during consultations with a General Practitioner
(GP). Treatment strategies vary based on the severity and stage of diabetes, ranging from
lifestyle adjustments to immediate medication. The participants stressed that lifestyle ad-
justments are highly effective for preventing and treating diabetes. However, despite the
effectiveness of lifestyle interventions, the participants acknowledged that medication is
often prescribed due to the numerous barriers associated with lifestyle changes, which
can be overwhelming for healthcare providers to address comprehensively during consul-
tations. During the Initial Treatment phase, the primary aim is to raise awareness, po-
tentially prevent comorbidities, and delay medication whenever feasible. In the Chronic
Treatment phase, the emphasis lies on avoiding the escalation of medication and main-
taining optimal blood glucose and HbA1c levels (average blood glucose (sugar) levels for
the last two to three months).

Dynamics of GP-Patient Conversations
The dialogue between GPs and T2D patients typically covers a range of topics, including
the patient’s goals, their health literacy or knowledge, available social support, and their
perspectives on their current lifestyle and its potential changes. However, patients’ values
are often left unexplored, despite the importance of patients’ values in the effectiveness
of lifestyle interventions. This is primarily due to time constraints and a lack of expertise
in probing this area. Moreover, patients might not be adequately prepared or equipped
to engage in this kind of deeper-level conversation. Typically, healthcare providers initi-
ate conversation at a surface level and probe deeper in subsequent consultations if initial
approaches are insufficient.

Identified Challenges
Several challenges were highlighted during the focus group. One significant challenge is
the limited time allocated per patient encounter. GPs typically meet their T2D patients
only three to four times a year, each session lasting approximately 15 minutes. This con-
firms the potential for leveraging conversational AI as an intermediary for patients and
healthcare providers, especially between scheduled consultations. Additionally, a com-
mon problem is that it is often too late when patients are diagnosed. Furthermore, patients
could be inconsistent in keeping up with follow-up appointments, causing delays in their
care. Another hurdle is the inherent difficulty some patients face when meeting with a
doctor, whether due to logistical, personal, mental, or socio-economic reasons.
³https://www.nhg.org/
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Opportunities for Conversational AI
These aforementioned factors highlight the potential of conversational AI by facilitating
earlier diagnosis, encouraging regular follow-up, offering comfort whenmeeting with doc-
tors, and providing suggestions for continuous patient engagement. In addition, two key
observations surfaced. Firstly, there is no standardized tool used by healthcare providers
for patient conversations. This poses challenges in creating conversational agents that can
effectively model these interactions but it also opens up a significant research opportunity
to develop conversational AI solutions tailored to this need. Secondly, it was noted that
many healthcare providers, such as GPs, often have limited time to focus on discussing
lifestyle changes with their patients, even if it would be beneficial. This highlights another
potential area where the intermediary role of conversational AI could be particularly help-
ful, offering continuous support for lifestyle management beyond regular consultations.

4.5.2 Part II: Experts’ Viewpoints on the Envisioned AI Scenario
The second part of the focus group captured the expert perspectives on the proposed AI
scenario in T2D management and addressed experts’ concerns and ethical considerations
about its integration in practice.

Perceptions AI Functionalities
As discussed in Section 4.3, the envisioned conversational AI system comprises several
functionalities. These functionalities were discussed with the experts. Considerable at-
tention was specifically focused on the function “Summarize the insights for healthcare
providers.” Experts indicated that this functionality could be critical. It was suggested that
it could present a potential time-saving advantage for healthcare providers. One of the
highlighted discussion points emphasized the need for the content of these summaries to
be profession-specific. For example, GPs care most about things that directly affect medi-
cal choices, such as howwell medicine is working or why a patientmight not follow advice.
Hence, when providing summaries to GPs, given the short time in each consultation, the
AI system should focus solely on data influencing these medical decisions.

For the AI system to make these summaries, it needs to “capture reasons why the user
is not adhering to their goal behavior.” The experts indicated that this functionality would
benefit patients by preventing them from repetitive discussions and potentially making
them feel better understood. However, the absence of standardized conversational “path-
ways” between healthcare professionals and patients (as mentioned in Subsection 4.5.1)
poses a challenge for AI.This absence inhibits rule-based conversational AI systems, which
rely on predetermined pathways. There is a need for more sophisticated AI models that
are capable of navigating this kind of diverse, complex, and nuanced dialogue interactions.

The functions “Remind the user to adhere with their healthy behavior goals/medica-
tion/mental wellbeing” and “Suggest healthcare providers on possible treatment/strate-
gies” were also briefly discussed. The experts consider the former to be not very novel in
nowadays applications but it often falls short due to its inflexibility in adapting to patients’
daily lives. The latter raises skeptical attitudes among healthcare professionals because of
the complexity of medical problems and ethical concerns such as patient privacy and con-
fidentiality.
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Addressing Concerns and Ethical Considerations
Some significant concerns arose in the discussions regarding patient privacy, especially in
terms of the information that the AI system shares with GPs. This highlights the need for
privacy protocols and guidelines on data sharing. Moreover, experts considered it essential
to ensure transparency with patients about the data collection process and its relevance
to their T2D management care. Patients need to be well-informed about why their data
is being collected, how it will be used, and the benefits this brings to their treatment plan.
This transparency was considered crucial in establishing trust and engaging patients with
the AI system.

Another critical aspect that was highlighted is the nature of interactions between pa-
tients and healthcare professionals, which often begin with a specific topic and unfold
from there. It was considered critical to consider this natural flow in building conversa-
tional AI that aims to capture patients. Rigid and predefined dialogue structures might
hinder information acquisition.

4.6 Summary and Future Work
In this section, we summarize the results of the focus group and provide future research
directions.

4.6.1 Summary
The expert focus group has highlighted the potential benefits of conversational AI in the
context of T2D care. These agents could play a critical role in facilitating earlier diagnoses,
encouraging regular follow-up, and offering comfort or advice regarding going into consul-
tations with healthcare professionals. Additionally, conversational agents might mitigate
the discussion of sensitive topics, which are often challenging to address during traditional
consultations. However, the experts expected the effectiveness of AI in bridging the gap
between healthcare providers and patients to be dependent on the specific types of health-
care providers involved and the phases of the diabetes patients, as each requires a different
approach.

Implications for Patients From the patient’s perspective, there is currently no stan-
dardized tool for capturing the reasons behind non-adherence. Existing techniques, such
as goal setting (e.g., [38]), motivational interviews (e.g., [156, 247]), and questionnaires
(e.g., [104, 198]) - well established in behavioral change practices - have been implemented
in conversational agents. However, they may not fully capture the nuanced, context-
specific factors such as values, preferences, norms, and beliefs required in real-world sce-
narios, as envisioned in our study.

Progress has been made in addressing this gap through agents that elicit and confirm
user-specific reasons for behavior. Notably, Abdulrahman et al. [6] explored how agents
can elicit a user’s specific goals and beliefs to tailor explanations, treating these beliefs
as the primary motivations for or barriers against the recommended behavior. The ex-
ploratory work by Chen et al. [62] presents an initial step in this direction, investigating
dialogues aimed at capturing high-level, situation-dependent concepts like values via con-
versational agents. However, this study used hypothetical written dialogues rather than
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real patient interactions. There is a need for future research involving real patient interac-
tions.

Implications for Healthcare Providers It was mentioned that healthcare professionals
might prefer to receive concise reports over lengthy reports summarizing the AI’s interac-
tionswith patients since the last consultation. These reports should focus on areas relevant
to driving medical decisions. Additionally, the potential of the 360° diagnostic tool, devel-
oped by Harakeh et al. [136], was brought up. This tool provides an overview of critical
T2D-related factors, including behavior and environment. It is intended as a decision sup-
port tool for T2D patients and GPs, helping them identify and address relevant factors and
determine suitable interventions. One potential idea could be to incorporate this tool with
the conversational agent. This integration could enable the AI to translate its insights into
a format compatible with the diagnostic tool. Future research should investigate which
presentation styles, i.e., presentation via a textual report or via the 360° diagnostic tool, are
most effective for which types of healthcare professionals and under what circumstances.
Understanding healthcare providers’ preferences for receiving AI-generated summaries
could inform the design of conversational agents, ensuring the questions are structured
in a way that facilitates easy translation into these preferred formats.

4.6.2 Future Research Directions
Future research concerning the conversational AI system as an intermediary for patients
and healthcare providers can be summarised along two main dimensions.

Research Focused on Patients Research for patients should focus on developing con-
versational AI agents that can effectively capture the unique contexts of patients and what
it is about the current context that is important to them. This includes using dialogues to
explore possible situational variables and patients’ values, along with how these elements
interrelate.

Research Focused on Healthcare Professionals Research for healthcare professionals
should investigate the optimal ways to present AI-collected data to healthcare providers.
This involves considering the various requirements based on healthcare professionals’ spe-
cific roles and the treatment stages of T2D patients. This understanding is crucial as it
would not only aid in the design of more effective AI system but also potentially enhance
the overall efficiency and effectiveness of T2D care.

One step further could be presenting this data back to the patients themselves. This
could enhance transparency if the patient could understand how the information collected
by the agent is used, possibly leading to improved privacy and trust.
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5
Presenting User Behavior

Information Collected by a
Conversational Agent: Impact

of presentation format on
comprehension quality and

speed
Behavior support systems increasingly use conversational agents to collect information about
users’ daily contexts and behavioral challenges.While this information is typically processed
by the agent to provide direct support, it can also be shared with a human party, such as
a lifestyle coach or healthcare provider, to facilitate collaborative care. This raises the ques-
tion of how best to present the information. This study investigates how three presentation
formats—the original dialogue form, a presentation of information in the form of a struc-
tured list, and an interactive 360° tool which presents information visually in a circular form-
affect comprehension quality and speed of the person aiming to understand this data. We
conducted a between-subjects experiment where participants reviewed eight agent-user dia-
logues in one of three formats: original dialogue, structured list, or interactive 360° tool. We
measured comprehension using adapted Situation Awareness Global Assessment Technique
(SAGAT). Results showed that original dialogues led to the highest SAGAT Level 1 & 2 ac-
curacy, while structured lists enabled faster responses, For SAGAT Level 3, no presentation
formats consistently outperformed the others, highlighting a trade-off between detail and ef-
ficiency. Participants’ qualitative feedback suggests that while structured lists and 360° tool
aid speed, contextual richness as offered by the original dialogue remains important. These

 Pei-Yu Chen, M. Birna van Riemsdijk, and Myrthe L. Tielman. “Presenting User Behavior Information Col-
lected by a Conversational Agent.” Under review.
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findings offer early insights for designing presentation formats in behavior support systems,
though further research with professional coaches is needed.

5.1 Introduction
Achieving and maintaining a healthy lifestyle is a complex challenge because it is deeply
integrated into the routines and choices individuals make each day. Lifestyle coaches pro-
vide essential support by working closely with clients to understand their unique circum-
stances, motivations, and challenges. During an intake session, a coach typically explores
the client’s health goals, habits, and potential barriers to change [118, 249]. This allows
the coach to craft an initial plan tailored to the client’s lifestyle and readiness for change.
However, after these sessions, clients are often left to manage their goals on their own,
with limited guidance until the next check-in [123].

Advances in technology offer promising ways to bridge this gap, particularly through
behavior change support systems (BCSS) [237]. These systems are typically known for
guiding users toward healthier habits through automated reminders or suggestions. How-
ever, their potential extends beyond guidance alone: BCSS can also play a valuable role
in monitoring users’ behavior and context throughout daily life. In doing so, they can
collect rich data about when and why people deviate from their intended health goals, a
perspective that is often missing from routine coaching sessions.

To capture not only what people do, but why they do it, conversation is crucial. A
promising direction is to use dialogue between the system and the user to explore rea-
sons behind non-adherence. For example, when a user fails to follow through on a goal,
the system could initiate a short conversation to understand the reasons, as proposed
by Chen et al. [62]. These conversations can uncover nuanced contextual factors, such
as work obligations, family responsibilities, or motivational shifts, that cannot easily be
captured through passive tracking alone [97, 226]. Through such alignment dialogues,
the system may better support lifestyle coaches by offering a more contextualized and
person-centered view of the user’s situation.

Since lifestyle coaches have limited opportunities to interact with clients directly, the
information gathered through these dialogues could serve as an important bridge. Shar-
ing this enriched data with coaches could enable them to better understand their clients’
challenges, fostering more productive discussions and tailored interventions [64]. This in-
tegration of daily context into coaching strategies may significantly enhance the support
provided to clients in achieving their health goals.

While gathering this information is essential, an equally important challenge is how
to present it to the lifestyle coach in a way that supports comprehension and decision-
making. The format in which data is presented plays a crucial role in how well the coach
can interpret and apply these insights. Research in various contexts has shown that the
way information is structured significantly influences a person’s ability to process and
utilize it effectively [35, 160, 223]. One key factor is the amount of information provided:
too much data can overwhelm the end user, leading to cognitive overload [61, 186, 199].

A key challenge in behavior support systems is how to effectively present the informa-
tion they collect. The system gathers data from one individual (the client) and presents it
to another person (the lifestyle coach or, in this study, a lay participant). This setup reflects
real-world scenarios where lifestyle coaches must interpret information about clients’ ex-
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periences, challenges, and progress based on data they did not directly gather. How this
information is structured and presented plays a crucial role in how well the recipient can
comprehend and use it effectively.

Existing research has explored how data presentation formats affect comprehension
and decision-making [35, 160, 223]. In fields like eHealth andmHealth, visualizations have
been proposed as a way to support human information processing [16, 54, 110]. However,
much of this research evaluates visualization designs in isolation, without comparing them
to baseline formats such as the original, raw data [29, 43, 131, 145, 318]. This gap raises an
important question: How do different presentation formats influence comprehension and
usability?

To investigate this, we examine three presentation formats:

• Original dialogue –the unaltered conversation between the agent and the user.

• Structured list –a text-based summary categorizing key points from the dialogue.

• Interactive 360° tool –a visualization tool that combines text and graphical elements
to present a holistic overview, inspired by Harakeh et al. [136].

These formats differ in their level of abstraction: from retaining full conversational
context (original dialogue) to structured textual summaries (Structured list) to a more vi-
sual representation (interactive 360° tool). By comparing these approaches, we aim to
answer the following research questions:

1. RQ1: How do different presentation formats influence a person’s comprehension of
another person’s behavioral choices in a coaching context?

2. RQ2: How do these presentation formats affect the speed at which a person under-
stands another person’s situation?

3. RQ3: Which presentation format is perceived as most useful in helping a person
understand another person’s behavioral choices and support their healthy lifestyle
changes?

The remainder of this paper is structured as follows. Section 5.2 reviews related work
on user modeling, conversational agents, and the presentation of dialogue-derived infor-
mation. Section 5.3 outlines the experimental setup and the study measures. Section 5.4
presents the results. We discuss the findings and their implications in Section 5.5, as well
as the limitations and directions for future research.

5.2 Related Work
5.2.1 User modeling for behavior change support systems
Behavior change is a multi-faceted challenge [298]. To change and support behavior, infor-
mation is needed not only about physical health factors of a person but also about lifestyle
factors, e.g., [24, 260, 331].

To provide effective and personalized support, it is critical to capture the diverse
factors influencing an individual’s behavior, whether through human assessments or
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technology-driven approaches. When technologies are employed, this information is
stored and managed within a user model, which serves as the foundation for delivering
tailored interventions.

This need to consider multiple influences aligns with the concept of positive health
[145], which highlights that well-being is shaped by a combination of lifestyle-related be-
haviors (e.g., eating patterns, physical activity, and sedentary behavior), mental health
factors (e.g., stress, anxiety, and depression), and socioeconomic conditions (e.g., neigh-
borhood environment) [136, 145]. Recognizing these interconnected factors is crucial for
designing behavior change interventions that address individuals’ real-world challenges
holistically.

User modeling is widely used across various domains, including health applications,
to systematically collect and organize user-specific information for personalization. In
the context of behavior change support, user models help tailor interventions by adapting
to personality traits [196, 325], adjusting recommendations based on users’ progression
rates [76], and incorporating individual preferences [109]. Another key aspect is captur-
ing users’ motivational attitudes, such as values and preferences, which influence engage-
ment with interventions [320]. These models often include both static components (e.g.,
demographics, preferences) and dynamic components (e.g., daily routines or contextual
constraints) [130].

User models can be constructed automatically by inferring information from users’ in-
teractions with the system [345, 346], or explicitly through direct user input [119]. While
explicit data collection yields self-reported and interpretable information, it may overlook
the situational nuances that shape real-life behavior [193, 257]. For instance, traditional
questionnaires often rely on fixed categories, limiting their ability to capture users’ evolv-
ing motivations and barriers. In contrast, dialogue-based approaches, such as alignment
dialogues proposed in Chen et al. [62], allow users to articulate their reasoning in their
own words, potentially leading to a more contextualized and nuanced user model.

Once collected, this information must be passed from the system to another human,
typically a lifestyle coach—who did not directly observe the interaction. This highlights
a second challenge: not just collecting information, but presenting it effectively. Prior
work in psychology and information systems has shown that the structure and format of
presented data strongly affect how well people can understand and act on it [35, 160, 223].
Overly detailed presentations can cause cognitive overload [61, 186, 199], while overly
simplified summaries may omit critical context.

In this study, we focus on how to present dialogue-derived user model information to a
third party, such as a lifestyle coach. While many studies have examined how to visualize
behavior data or present survey results, relatively little is known about how to present
conversational data effectively, particularly when the information must balance richness
with usability.

5.2.2 Conversational agent for collecting user information
Understanding a user’s real-life challenges and decision-making processes requires more
than just collecting static data points. To overcome the limitations of these static user
modeling approaches, Chen et al. [62] proposed alignment dialogues: a conversational AI
approach designed to acquire information about the user’s behavior andmotivations in the
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context where it is occurring. This approach aligns with the principles of Ecological Mo-
mentary Assessment (EMA) in clinical psychology, which emphasizes gathering real-time
self-reports of individuals’ behaviors and experiences within their natural environments
[294]. Like EMA, alignment dialogues aim to capture information as the situation unfolds,
offering more valid and detailed insights into users’ real-world behaviors. However, while
EMA typically relies on structured self-report prompts, alignment dialogues enable a more
interactive and flexible exchange that can uncover the nuanced motivations behind user
behavior.

While the concept of collecting information via conversational agents is not new, previ-
ous implementations have typically focused on supporting specific tasks, such as booking
flights or finding restaurants [340]. In contrast, alignment dialogues aim to elicit high-
level concepts such as goals, values, and behavioral barriers, information that is difficult
to infer solely from behavioral logs or retrospective reports.

What sets alignment dialogues apart is their focus on capturing high-level concepts
such as user values, goals, and preferences. Collecting such information is important be-
cause context plays a crucial role in shaping behavior, as motivations, barriers, and exter-
nal factors shift over time. Conversational agents are particularly promising for capturing
this evolving context, as they enable interactive, real-time exploration of user preferences
and situational nuances [71].

By engaging in dialogue, the agent seeks to acquire insights into what is significant to
the user within their dynamic, ever-changing daily contexts. This makes conversational
agents well-suited for behavior support settings, where capturing not only what a user
does but also why they make certain choices is essential. Importantly, the information
gathered through such interactions is useful for serving as a rich source of contextual data
that can be relayed to lifestyle coaches. For this reason, the question of how to present
such information effectively to a human coach becomes critical.

5.2.3 Information presentation and comprehension
Since conversational agents collect information in natural language, a key challenge lies in
how to present this data in a way that supports comprehension and usability, particularly
when another person, such as a lifestyle coach, needs to review the information. Prior
research provides several insights into the role of presentation structure, but these findings
stem from varied contexts and concern various different types of information.

One area of focus has been on the visual and structural organization of text. For exam-
ple, Hunter [146] demonstrated that making text structure visually explicit—through cues
and organized document layouts—can reduce cognitive burden and improve accessibility.
Similarly, Lemarié et al. [189] emphasized that segmented, well-structured text presenta-
tions facilitate better comprehension compared to unstructured or linear formats.

Another line of work compares the impact of different text formats on processing ef-
ficiency. For example, Wogalter and Shaver [334] found that list-based formats reduced
search time compared to paragraphs, suggesting that even simple formatting choices can
influence comprehension and decision speed.

In contrast, dialogue-based data presents a unique challenge: it typically needs to be
presented sequentially to represent the natural flow of conversation. To address this, Lee
and Chen [187] proposed strategies for organizing spoken documents (such as course lec-
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tures, movies, news episodes) into concise and coherent representations that support ef-
ficient browsing and information retrieval. Extending this, Demberg et al. [86] proposed
methods for structuring information according to user preferences, helping users more
efficiently navigate complex and diverse information.

While these studies offer useful foundations, they largely address structured docu-
ments or spoken content in isolation. A critical gap remains in how to present natural lan-
guage content collected through dialogue, such as the conversations between a behavior
support agent and a user. Unlike questionnaire responses or system logs, such dialogue
data is often richer, but also more ambiguous or fragmented. As a result, the design of
presentation formats for this kind of data is both especially important and underexplored.

5.3 User study
We conducted a user experiment to investigate how different formats for presenting dia-
logue content collected by a conversational agent influence participants’ understanding
of another person’s situation. We also examined how these formats affect comprehension
time.

5.3.1 Participants
Participants were recruited from the Prolific crowdsourcing platform. The participants re-
ceived monetary compensation according to the platform policy. The study was approved
by the Human Research Ethics Committee of of Delft University of Technology (ID nr
4388). A total of 94 participants were included in the analysis. 45 of individuals were
below 35 years old, 48 were between 35 and 54 years old, and one 55 years old or older.
Educational backgrounds varied, with participants holding different levels of education
(high school 31, Bachelor 46, Master 14, PhD 3).

5.3.2 Experiment Setup
The study employed a 2 (Information Volume: Long, Short) × 3 (Format: Original di-
alogue, Structured list, Interactive 360° Tool) mixed factorial design. The Format variable
was manipulated between subjects, such that each participant was randomly assigned to
experience one of three presentation formats: Original dialogue, Structured list, or Inter-
active 360° tool. In contrast, the Information Volume variable was manipulated within
subjects, with all participants experiencing both Short and Long versions of the story
across different rounds.

The experiment consisted of eight distinct scenarios. Each scenario depicted a situation
in which a user failed to follow through on a healthy behavior goal, such as skipping
exercise due to work stress or eating unhealthily during social events. In each case, a
conversational agent engaged with the user to understand the underlying reasons for non-
adherence. These agent-user dialogues formed the basis for the content that was then
presented to participants in one of the three formats.

For any given scenario, participants saw either the Short or the Long version, not
both. The order of scenarios was randomized for each participant to avoid systematic bias.
The randomization and counterbalancing ensured that each scenario appeared an equal
number of times in both volume conditions across the entire participant pool.
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In summary, the following independent variables were used:

1. Presentation Formats (between-subjects)

(a) Original Dialogue: Written-out dialogue interaction between the agent and
the patient.

(b) Structured List: Structured list summarizing reasons for non-adherence under
predefined categories.

(c) Interactive 360° Tool: Visual representation of the reasons for non-adherence,
organized into five categories in the interactive 360° tool format.

2. Information Volume (within-subject)

(a) High: Around 250 words in the original dialogue.
(b) Low: Around 125 words in the original dialogue.

5.3.3 Presentation Format Design
As explained, in this study, we explored three distinct formats for presenting information
collected during a conversation between a behavior support agent and a client to a lifestyle
coach: (1) Original dialogue, (2) Structured list, and (3) Interactive 360° tool. Below, we
describe the design and purpose of each format.

The content of the dialogues was written by the authors and inspired by findings from
Chen et al. [65], which collected data on common healthy lifestyle goals and the circum-
stances under which people fail to comply with those goals through human-agent conver-
sations. The topics covered in the eight scenarios reflect frequently mentioned challenges
from that study, such as stress from work, social obligations, or low energy levels. Each
dialogue followed a consistent structure: it began with a check-in or notification from the
agent, followed by the client disclosing that they had not followed their goal. The agent
then inquired about the reasons for non-adherence, to which the client responded, and
the agent continued with follow-up questions to elicit more contextual detail. This struc-
ture was designed to resemble realistic support dialogues and to ensure consistency across
scenarios.

Original dialogue
The original dialogue format presents a written-out conversation between a support agent
and a client. It preserves the full back-and-forth exchange, reflecting how people discuss
challenges related to behavior change.

As shown in Figure 5.1, participants receive the complete dialogue text, allowing them
to read the interaction as it could unfold between an agent and a client. This format main-
tains the conversational flow and retains contextual cues that may help in understanding
the reasoning behind the client’s behavior.

Structured List
The structured list format extracts and categorizes key information from the dialogue, with
the intention to make it easier for a person to quickly grasp another person’s challenges.
The categories are based on [65] which categorized reasons for non-adherence to healthy
lifestyle behaviors. The ones used in this experiment include:
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Agent: Have you been able to keep up with your exercise routine?

Patient: Not really. I’ve been working late a lot recently.

Agent: How do late work hours impact your exercise routine?

Patient: By the time I get home, I’m exhausted. I just don’t have the energy
to work out.

Agent: What do you usually do instead of exercising when you get home
late?

Patient: I usually just collapse on the couch and watch TV to unwind.

Agent: Why do you choose to relax with TV instead of exercising?

Patient: It’s the easiest way to switch off after a long day. Exercise feels like
too much effort when I’m already so tired.

Agent: Have you tried any strategies to fit in exercise despite your late
hours?

Patient: I’ve thought about shorter, less intense workouts, but I haven’t
been able to stick with them consistently.

Figure 5.1: Original dialogue example.

• Individual challenges: intrinsic factors that are inherent to the individual and are
difficult to ask of them to change.

• Societal challenges and environment: external factors that shape user behavior.

• Contextual/social aspects: elements within a situation that can influence, shape,
or affect your choice. Social aspects are specifically related to social interactions,
relationships, and social dynamics.

• Values: A sense of accomplishment, Security, Excitement & fun, Being well-
respected & Self-respect, and Sense of belonging & warm relationship.

• Other motivational attitudes: Preference & prioritization, Norms, and Belief.

These categories are presented as a list where the explanations for their behavior are
grouped under the relevant predefined categories. Each category is labeled in bold, fol-
lowed by a concise sentence summarizing the essence of the explanation, as shown in
Figure 5.2. This design aims to improve information accessibility and reduce the cognitive
load associated with reading a full dialogue.
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• Capability: I’ve thought about shorter, less intense workouts, but I haven’t
been able to stick with them consistently.

• Mental state: By the time I get home, I’m exhausted; Exercise feels like too
much effort when I’m already so tired.

• Work-Related Constraints: I’ve been working late a lot recently.

• Preference&Prioritization: I usually just collapse on the couch andwatch
TV to unwind; It’s the easiest way to switch off after a long day.

Figure 5.2: Structured list example. The scenario is the same as in Figure 5.1.

Interactive 360° Tool
The Interactive 360° Tool provides an interactive visual circle-shaped representation of the
information elicited from the user by the agent. This format is adapted from a diagnostic
tool originally developed to support conversations between patients with type 2 diabetes
and their healthcare providers [64].

In our version, the Interactive 360° tool represents general healthy lifestyle challenges
which are divided into five slices, each representing one of the categories from the struc-
tured list format. Within each slice, icons represent specific reasons for non-adherence.
When participants hover over an icon, a tooltip displays what the icon represents. Two
icon colors are used: beige and purple. Purple icons indicate that the content contains
new or particularly relevant information from the original dialogue. When clicked, a pop-
up window appears in the center of the interactive 360° tool, displaying a short sentence
summarizing the client’s explanation, as shown in Figure 5.3. This sentence is identical to
the one used in the structured list format.

5.3.4 Measures
To evaluate the effectiveness and usability of the different presentation formats, we col-
lected a range of quantitative and qualitative measures. These included both predefined
dependent variables related to comprehension and usability, as well as exploratory vari-
ables and open-ended feedback.

Control/Exploratory variables
We use these variables to describe our sample and for exploratory analyses, but we do not
conduct any conclusive hypothesis tests on them.

1. Age group (categorical)

2. Gender (categorical)

3. Level of education (categorical)

4. Coaching knowledge (continuous)
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Figure 5.3: Interactive 360° Tool example. This visualization corresponds to the same scenario shown in Figure 5.1.
The name of each icon is revealed when the cursor hovers over it.

5. Healthy lifestyle knowledge (continuous)

Dependent variables
1. Accuracy of comprehension questions (after each scenario): We measured par-

ticipants’ comprehension using the Situation Awareness Global Assessment Tech-
nique (SAGAT) [106]. Originally developed to assess operators’ awareness in com-
plex, real-time systems, SAGAT is not a fixed questionnaire but rather a frame-
work for designing questions that probe different levels of situational awareness.
Although our study context differs, SAGAT remains relevant as a framework for
creating evaluating how well someone understands a situation, which is central to
the goals of our study.

In our adaptation, we combined SAGAT Level 1 (perception of elements) and Level
2 (comprehension of meaning) into a single question that assessed participants’ un-
derstanding of the dialogue content and the reasons for non-adherence. We retained
the original Level 3 questions (projection of the near future), which assessed partic-
ipants’ ability to predict what the client would likely do in a similar future situation.
While the answer options were based on information provided in the scenario, the
questions were phrased hypothetically to require inferential reasoning. The “future”
scenario presented in the question maintained the same contextual conditions, so
that the expected behavior could be logically inferred from the original dialogue.
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Accuracy was assessed by comparing participants’ answers to the pre-established
correct choice based on the dialogue content.
Each scenario included two comprehension questions: (1) One that combines Lev-
els 1 & 2; (2) One for Level 3. These questions evaluated how well participants
understood key elements of the scenario as presented in the different formats. To
ensure meaningful comprehension rather than superficial skimming, all multiple-
choice options included keywords or phrases drawn from the dialogue presentation
formats. This was done deliberately so that simply spotting familiar terms would
not help identify the correct answer. Since all answer choices contained such cues.
As a result, participants needed to read and interpret the content carefully to select
the correct response.
Below are sample comprehension questions based on the same scenario shown in
Figure 5.1:

(a) SAGAT Level 1 & 2 (Combined): What are the main reasons the client finds it
difficult to keep up with their exercise routine?

i. Late work hours, feeling exhausted, and choosing to relax with TV instead
of exercising.

ii. Lack of interest in exercise, no suitable place to work out, and a preference
for other activities.

iii. Health issues that prevent exercising, dislike for physical activity, and no
motivation to work out.

(b) SAGAT level 3: If the client comes home late from work and feels exhausted,
what are they most likely to do?

i. Find a way to exercise every day despite the exhaustion.
ii. Collapse on the couch and watch TV to unwind, avoiding exercise.
iii. Start exercising more intensively to compensate for the missed workouts.

2. Response time (after each scenario): We recorded participants’ response time for
each SAGAT comprehension question. This allowed us to assess not only compre-
hension accuracy but also how quickly participants processed the presented infor-
mation (in cases where their answers were correct) across different formats and
scenario lengths.

3. Usability (after each scenario): To assess the perceived usability of the presenta-
tion formats, participants were asked the following question after each scenario.
Responses were given on a 7-point Likert scale ranging from 1 (Extremely unlikely)
to 7 (Extremely likely):

• Imagine your job is to advise people about their healthy lifestyles. How likely
would this dialogue/list/360° Tool enhance your effectiveness on the job?

4. Representability (after each scenario): For the Structured List and 360° Tool for-
mats, participants were shown the original dialogue after completing the SAGAT
and usability questions. They were then asked to evaluate how well the alternative
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presentation represented the original content. Responses were given on a 7-point
Likert scale ranging from 1 (Not well at all) to 7 (Extremely well):

• How well does the list/360° Tool represent the original dialogue content?

5. Technology AcceptanceModel (TAM) Questionnaire (after all scenarios): After
completing all eight scenarios, participants filled out the TAM questionnaire, which
measures user acceptance of technology through two key constructs: Perceived Use-
fulness and Perceived Ease of Use.

• Perceived Usefulness reflects the extent to which participants believe that us-
ing the presented format (dialogue, list, or 360° tool) would enhance their abil-
ity (imagined role as a coach) to advise clients effectively.

• Perceived Ease of Use evaluates how effortless and straightforward partici-
pants find it to interact with the format. We adopted the TAM questionnaire
and made slight modifications to tailor it to the context of our study.

We adapted the original TAM questionnaire to better fit the context of this study.
Specifically, participants were asked to “Imagine your task is to advise your client
about their lifestyles...”, and the phrase “this product” was replaced with “this dia-
logue/list/360° Tool” to align with the format they experienced.

Open Questions
To gather qualitative feedback, participants were asked several open-ended exploratory
questions at the end of the experiment. These questions encouraged reflection on the
usability and preferences for the different presentation formats. Specifically, participants
were asked:

• Do you have any suggestions or improvements for the original dialogue/the list/the
360° tool between the conversational agent and a user?

• In which situations would you like or dislike to use it if you were a lifestyle coach?

Participants in the Structured List and 360° Tool conditions were asked three additional
questions:

• Would you rather have the list/the 360° tool or the original dialogue to enhance
your effectiveness on the job? (forced choice question between the list/360° tool
and dialogue)

• Why would you prefer it?

• In which situation would you prefer one over the other?
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5.3.5 Procedure
The experiment was carried out on Qualtrics which the participants accessed via Prolific.
The participants first provided their demographic information regarding their age, gender,
and education level. Additionally, they answered how knowledgeable they are with coach-
ing and how knowledgeable they are about having a healthy lifestyle on a scale of 1 to 7.
Participants were randomly assigned to a presentation format condition. Subsequently,
they were shown a tutorial trial where the context of the dialogue was explained to them.
For example:

In previous interactions, the user expressed a goal to drink enough water through-
out the day. However, during a subsequent check-in, the conversational agent
discovers that the user has not been following through with this goal. To under-
stand the reasons behind this, the agent engages in a detailed conversation with
the user. The content of the dialogue is presented in the following format. Your
main objective is to gain an understanding of the situation why the user didn’t
perform their goal.

For the Dialogue condition, the participants were shown an example of what the dia-
logue could look like. For the Structured list condition, the participants were shown an
example of the list corresponding to the dialogue in the Dialogue condition. For the in-
teractive 360° tool condition, the participants were guided through step by step how to
interact with the 360° tool.

After the tutorial trial, the participants had one practice trial before the official trials
started. In the practice trial, in addition to the dialogue presentation, they also needed to
answer several questions as in the real experiment, which are detailed in Subsection 5.3.4.
After the practice trial, the participants had 8 official trials, which were randomized. Each
trial is about a different scenario where the user deviates from their goal, and the agent
has a dialogue with the user. Depending on the condition, the participants were presented
with the dialogue itself, the list, or the interactive 360° tool.

5.4 Results
Our analysis consisted of both descriptive statistics and regression modeling. Descriptive
analyses were used to provide an overview of the data, examining means, distributions,
and differences across groups. Regression analyses were then used to formally address our
research questions. Outliers were removed on a per-scenario basis if response times were
excessively long (> 2.5 standard deviation (SD)) or short (< 2.5 SD). We then performed
descriptive analysis, calculating the mean and SD for each dependent variable to provide
an overview of the data. To account for variability both within and between participants
and scenarios, we employed a mixed-effects model instead of simple regression.

Mixed-effects models allow us to include both fixed effects (e.g., presentation format,
scenario information volume) and random effects (e.g., participant ID, scenario ID), mak-
ing them well-suited for repeated measures designs [333]. This approach accounts for the
nested structure of our data, where each participant evaluates multiple scenarios, by con-
trolling for individual differences and scenario-level variation. As a result, mixed-effects
models provide more accurate and generalizable estimates of condition effects across the
sample.
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We began with the simplest model for the random effects, including random intercepts
for each participant. This approach allows each participant to have their baseline level of
dependent variables. We then added random intercepts for each scenario, allowing each
scenario to have its own baseline as well. Next, we tested more complex random effects,
i.e., random intercept and slope, which account for differences in how participants respond
to different information volume levels and how different scenarios respond to changes in
information volume.

To determine whether adding these more complex random effects improved the model,
we used likelihood ratio tests. These tests compare the fit of simpler models to more
complex ones and assess whether the additional random effects contribute significantly
to model improvement. Once the optimal random effects structure was established, we
proceeded to model the fixed effects, namely, the independent variables (Subsection 5.3.2)
and control/exploratory variables (Subsection 5.3.4). We employed a forward stepwise
procedure to select the fixed effects.

5.4.1 Accuracy of SAGAT questions
To answer RQ1, “How do different presentation formats influence a person’s comprehen-
sion of another person’s situation?”, we calculated the averages and standard deviations
of the accuracy (in percentage correctly answered) of answers to the SAGAT questions
in different presentation formats with different Information Volume, which are shown in
Table 5.1.

Table 5.1: Accuracy (mean and SD) of Situation Awareness Global Assessment Technique (SAGAT) questions in
different Presentation Formats and Information Volume.

Original dialogue Structured list Interactive 360° tool
Short Long Short Long Short Long

SAGAT Level 1 & 2 0.96 (0.20) 0.98 (0.13) 0.95 (0.22) 0.90 (0.30) 0.87 (0.34) 0.94 (0.23)
SAGAT Level 3 0.46 (0.50) 0.62 (0.49) 0.49 (0.50) 0.62 (0.49) 0.48 (0.50) 0.59 (0.49)

SAGAT Level 1 & 2 Accuracy We applied a mixed-effects model to examine what vari-
ables contributed to the accuracy of answers to the SAGAT level 1 & 2 questions. The
final model indicates that Presentation Format and Healthy Lifestyle Knowledge were
significant predictors (fixed effects) and the model included random intercepts for both
Participant and Scenario. Specifically:

1. Participants in the Structured List condition had a significantly lower SAGAT Level
1 & 2 accuracy compared to the Original Dialogue condition (𝛽 = −3.22,𝑆𝐸 = 1.19,𝑝 <
.001).

2. Participants in the 360° Tool condition exhibited lower SAGAT Level 1 & 2 Accuracy
compared to the original dialogue condition (𝛽 = −3.93,𝑆𝐸 = 1.25,𝑝 < .001).

3. Higher Healthy Lifestyle Knowledge scores were associated with significantly lower
SAGAT Level 1 & 2 Accuracy (𝛽 = −1.49,𝑆𝐸 = 0.54,𝑝 < .001).
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Figure 5.4 illustrates the average SAGAT 1 & 2 accuracy in each presentation format.
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Figure 5.4: Plot of SAGAT 1 & 2 accuracy by presentation format with error bars.

SAGAT Level 3 Accuracy We applied the same analysis method and procedure on level
3 accuracy. Initially, the final model included Healthy Lifestyle Knowledge and Coach-
ing Knowledge as fixed effects and random intercept for each Scenario and random slope
of Information Volume for each Scenario. Upon further visualization (Figure 5.5), we ob-
served considerable variability in accuracy across scenarios, as well as variability in the
differences between Short and Long Information Volumes across Scenarios. Moreover, the
direction of the difference is inconsistent, with Short Information Volumes outperforming
Long Information Volumes in some scenarios, while it is reverse in other scenarios.

This led us to conjecture that possibly the fixed effect of Information Volume was
averaged out and therefore not significant in the initial model. To further investigate
whether the effect of InformationVolumewas indeed averaged out due to variability across
scenarios or simply non-existent, we simplified the random effect structure to include only
a random intercept for Scenarios. With this reduced complexity in the random effects, the
new model revealed Information Volume and Coaching Knowledge as significant fixed
effects. Specifically:

1. Participants in the Short Information Volume had a significantly lower SAGAT level
3 accuracy compared to Long Information Volume (𝛽 = −0.89,𝑆𝐸 = 0.19,𝑝 < .001).

2. Coaching Knowledge had a significant negative effect (𝛽 = −0.14,𝑆𝐸 = 0.058,𝑝 <
.005), suggesting that higher self-reported coaching knowledge was associated with
slightly lower accuracy.

Figure 5.6 illustrates the average SAGAT level 3 accuracy in short and long Information
volumes.
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Figure 5.5: Mean SAGAT level 3 Accuracy by Scenario and Information volume, showing variability across sce-
narios and inconsistent differences between Short and Long information volumes. Error bars represent standard
error.

***

0.40

0.45

0.50

0.55

0.60

0.65

0.70

Long Short

Information Volume

S
A

G
A

T
 L

ev
el

 3
 A

cc
ur

ac
y

Figure 5.6: Plot of SAGAT level 3 accuracy by Information Volume with error bars.

5.4.2 Response Time of SAGAT questions
We calculated the averages and standard deviations of the response time that participants
needed to answer the questions, in order to answer RQ2 “How do these presentation for-
mats affect the speed at which a person understands another person’s situation?” In this
analysis, only the correctly answered questions were considered. The results are shown
in Table 5.2.
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Table 5.2: Response time (mean and SD, in seconds) of SAGAT questions in different Presentation Formats and
Information Volumes. 𝑛 indicates the number of correctly answered questions in that condition.

Original Dialogue Structured List Interactive 360° Tool
Short Long Short Long Short Long

SAGAT Level 1 & 2 n=119
48.33 (36.06)

n=119
70.13 (46.40)

n=110
36.36 (26.83)

n=118
43.81 (29.86)

n=115
46.02 (33.36)

n=106
59.60 (36.53)

SAGAT Level 3 n=75
17.80 (14.18)

n=57
24.50 (18.99)

n=76
17.46 (9.45)

n=61
20.92 (10.74)

n=72
22.44 (16.34)

n=58
26.30 (23.34)

SAGAT Level 1 & 2 Response Time A linear mixed-effects model was fitted to predict
SAGAT Level 1 & 2 log-transformed response time based on Presentation Formats, Infor-
mation Volume, along with the interaction between them and Usability as fixed effects.
Random intercepts were included for Participants, and random slopes of Information Vol-
ume for each Scenario. Specifically:

1. Participants in the Structured List condition had a significantly lower log-
transformed SAGAT Level 1 & 2 response time compared to the Original Dialogue
condition (𝛽 = −0.47,𝑆𝐸 = 0.13,𝑝 < .001).

2. Participants in the 360° Tool condition did not show a significant difference in log-
transformed SAGAT Level 1 & 2 response time compared to the Original Dialogue
condition.

3. Participants in the Short Information Volume condition had significantly lower log-
transformed SAGAT Level 1 & 2 response times compared to the Long Information
Volume condition (𝛽 = −0.47,𝑆𝐸 = 0.05,𝑝 < .001).

4. Usability had a significant negative correlation with log-transformed SAGAT Level
1 & 2 response time (𝛽 = −0.04,𝑆𝐸 = 0.01,𝑝 < .05), indicating that higher usability
ratings were associated with shorter response times.

5. The interaction between the Structured List condition and the Short Information
Volume condition was significant (𝛽 = 0.26,𝑆𝐸 = 0.07,𝑝 < .001), indicating that the
structured list amplifies response time for short information volume compared to
the original dialogue.

6. The interaction between the 360° Tool and Short Information Volume condition was
significant (𝛽 = 0.23,𝑆𝐸 = 0.06,𝑝 < .001), suggesting that the 360° Tool moderates the
typical reduction in response time for Short Information Volume observed in the
original dialogue condition.

Figure 5.7 shows the mean SAGAT level 1 & 2 response time by condition (Original
Dialogue, Structured List, 360° Tool) and Information Volume (Short, Long), with standard
error bars indicating variability within each group.
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Figure 5.7: Mean SAGAT Level 1 & 2 response time by Condition and Information Volume with standard error
bars.

SAGAT Level 3 Response Time Themodel for SAGAT Level 3 log-transformed response
time included Information Volume as fixed effects, along with random intercepts for both
Participants and Scenarios. Generally speaking, SAGAT Level 3 response time was much
shorter than Level 1 & 2. This could be because the participants already know the scenario
from answering SAGAT Level 1 & 2. Specifically:

1. Participants in the Short Information Volume condition had significantly lower log-
transformed SAGAT Level 3 response times compared to the Long Information Vol-
ume condition (𝛽 = −0.18,𝑆𝐸 = 0.05,𝑝 < .001).

Figure 5.8 illustrates the mean SAGAT Level 3 response time for Short and Long Vol-
umes, with error bars representing the standard error for each group.

5.4.3 Usefulness
To answer RQ3 “Which presentation format is perceived as most useful in helping a per-
son understand another person’s behavioral choices and support their healthy lifestyle
changes”, we looked at three measures, namely Usability, Representability, and the Tech-
nology Acceptance Model (TAM) Questionnaire.

Table 5.3: Usability and Representability (on a scale of 1-7) in different Presentation Formats and Information
Volumes.

Original Dialogue Structured List Interactive 360° Tool
Short Long Short Long Short Long

Usability 4.77 (1.77) 5.55 (1.33) 5.37 (1.39) 5.52 (1.41) 5.88 (1.10) 5.87 (1.11)
Representability - - 5.86 (1.28) 5.78 (1.25) 6.20 (0.92) 6.00 (0.99)
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Figure 5.8: Mean SAGAT level 3 response time by Information Volume (Short vs. Long) with standard error bars.
We did not illustrate the Presentation Format variable because the effect was not significant.

Usability Usability and Representability’s means and standard deviations in different
Presentation Formats and Information Volume are presented in Table 5.3. The model
for Usability included Presentation Formats, Information Volume, and Health Knowledge
as fixed effects, with random intercept for both Participants and Scenarios, and random
slopes of Information Volume for each Participant and Scenario. We detail the fixed effects
below:

1. Participants in the Structured List condition did not significantly differ in perceived
usability compared to the Original Dialogue condition.

2. Participants in the 360° Tool condition reported higher perceived usability compared
to the Original Dialogue condition (𝛽 = 0.40,𝑆𝐸 = 0.23,𝑝 < .1)

3. Short Information Volum was associated with significantly lower usability scores
compared to Long Information Volume (𝛽 = −0.78,𝑆𝐸 = 0.18,𝑝 < .001).

4. Health Knowledge was significantly positively associated with perceived usability
(𝛽 = 0.63,𝑆𝐸 = 0.21,𝑝 < .01).

5. There was a significant interaction between Structured List and Short Information
Volume (𝛽 = 0.63,𝑆𝐸 = 0.21,𝑝 < .01), suggesting that the Structured List Format helps
mitigate the negative impact of Short Information Volume that is typically observed
in the Original Dialogue condition.

6. There was a significant interaction between 360° Tool and Short Information Volume
(𝛽 = 0.63,𝑆𝐸 = 0.21,𝑝 < .01). Thismeans that the 360° Tool moderates the typical nega-
tive effect of Short Information Volume observed in the Original Dialogue condition,
making the Short Information Volume appear more usable.
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Figure 5.9 shows the mean usability ratings across the three presentation formats for
Long and Short Information Volumes and the interactions between the Formats and Infor-
mation Volumes.
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Figure 5.9: Mean Usability scores by Presentation Formats and Information Volume. Error bars represent stan-
dard errors of the mean.

Representability Representability, which assesses how well participants perceive the
Structured List or 360° Tool as representing the Original Dialogue (note: hence no data
is available for the Original Dialogue condition), showed no significant main effects of
presentation format, Information Volume, Health Knowledge, or Coaching Knowledge in
the final model. This indicates that representability was not significantly influenced by
any of these variables.

Technology Acceptance Model (TAM) Questionnaire We calculated the averages and
standard deviations of the two constructs Perceived Usefulness and Perceived Ease of Use
under TAM. The results are shown in Table 5.4.

Table 5.4: Technology Acceptance Model (TAM) Questionnaire (on a scale of 1-7) in different Presentation For-
mats.

Original Dialogue Structured List Interactive 360° Tool
TAM - Perceived Usefulness 5.63 (1.28) 5.98 (0.74) 6.15 (0.66)
TAM - Perceived Ease of Use 5.77 (0.99) 5.88 (0.78) 6.19 (0.90)

• Perceived Usefulness: Since TAM was measured only once at the end of all sce-
narios, mixed-effects models were not applicable. Instead, we fitted simple re-
gressions. The final model for Perceived Usefulness shows a significant posi-
tive effect of the 360° Tool condition compared to the Original Dialogue condi-
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tion (𝛽 = 0.59,𝑆𝐸 = 0.23,𝑝 < .05). The Structured list condition showed a trend to-
ward being perceived as more useful compared to the Original Dialogue condition
(𝛽 = 0.45,𝑆𝐸 = 0.23,𝑝 = .05). Additionally, Health Knowledge had a significant posi-
tive effect (𝛽 = 0.33,𝑆𝐸 = 0.11,𝑝 < .01), indicating that participants with higher self-
reported Health Knowledge perceived the tools as more useful across all Formats.
Figure 5.10 displays the average Perceived Usefulness across the three Presentation
Formats.

• Perceived Ease of Use: Similarly, the model for Perceived Ease of Use shows a sig-
nificant positive effect of the 360° Tool condition compared to the Original Dialogue
condition (𝛽 = 0.47,𝑆𝐸 = 0.22,𝑝 < .05). However, no significant difference was found
between the Structured List condition and the Original Dialogue condition. Health
Knowledge was also a significant positive predictor (𝛽 = 0.24,𝑆𝐸 = 0.10,𝑝 < .05), sug-
gesting that participants with higher self-reported Health Knowledge perceived the
tools as easier to use. Figure 5.10 illustrates the average Perceived Ease of Use across
the three Presentation Formats.

***
*** ***

Average Perceived Usefulness Average Perceived Ease of Use

Original dialogue Structured list Interactive 360° tool Original dialogue Structured list Interactive 360° tool
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Figure 5.10: Average Perceived Usefulness and Perceived Ease of Use by Presentation Format, with error bars
representing the standard error from the mean.

5.5 Discussion
This study explored how different Presentation Formats for presenting dialogue content
collected by a conversational agent affect a person’s comprehension and perceived useful-
ness, particularly in the context of supporting healthy behavior. In the following sections,
we interpret the results in light of our research questions, reflect on patterns observed
across conditions, and consider implications for the design of behavior support systems.
We also discuss feedback from open-ended responses and conclude with limitations and
directions for future research.
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5.5.1 Effect of presentation formats
Our results indicate that Presentation Format has a significant influence on the accuracy
and response time of situational awareness (SAGAT), but the effects varied.

For SAGAT Level 1 & 2 (perception and comprehension), the Original Dialogue condi-
tion outperformed both the Structured List and 360° tool conditions, while no significant
difference was found between the Structured List and 360° tool conditions. This finding
aligns with expectations, as the Original Dialogue format provides the most detail, making
it easier for participants to recall specific information. Nonetheless, all formats on average
achieved high accuracy (≥ 0.9), indicating that the answers were indeed contained in the
abstract and shortened versions for basic comprehension.

For SAGAT Level 3 (future projection), no significant main effects of Presentation For-
matwere observed. This suggests that no single format consistently leads to better compre-
hension at this higher reasoning level. Instead, the effectiveness of a presentation format
may depend on the complexity and nature of the dialogue content itself.

Regarding response speed for situational awareness (SAGAT Level 1 & 2), the Original
Dialogue condition was significantly slower than the Structured List condition. This is
expected, as reading a full dialogue exchange takes more time than scanning a structured
summary. Additionally, the response speed for the 360° Tool condition was significantly
slower than the Structured List condition. This could be due to the interactive nature of the
360° tool format, which requires users to engage with the visualization rather than view-
ing all information at once. Interestingly, no significant difference was found between
the Original Dialogue and the Interactive 360° Tool conditions, suggesting that interac-
tion time for the 360° Tool format might have contributed to similar cognitive processing
demands as reading the full dialogue.

For response time at SAGAT Level 3, we found no significant main effect of the Pre-
sentation Format, mirroring the pattern observed in the accuracy results: the Presentation
Format affected the comprehension of SAGAT Level 1 & 2 (perception and comprehen-
sion) but not Level 3 (future projection). This could indicate that Level 3 questions require
greater cognitive effort, making differences in format-driven efficiency less pronounced.
Unlike SAGAT Level 1 & 2, where Structured List formats provide a clear speed advantage,
SAGAT Level 3 requires deeper reasoning and mental processing, which may diminish the
benefit of faster formats like the Structured List. This pattern suggests that for cognitively
demanding tasks, the impact of presentation format may be secondary to the demands of
the task itself.

5.5.2 Effect of information volume
We found that Information Volume had no significant effect on the accuracy of SAGAT
Level 1 & 2, likely because the questions focus on basic recall, which is less affected by the
amount of information presented. This answers RQ1, as we observed that most formats
support basic comprehension equally well.

However, for SAGAT Level 3, Information Volume did have a significant effect, with
longer scenarios leading to higher accuracy. This result makes sense, as Level 3 questions
require deeper reasoning, and having more information allows participants to make more
informed predictions.

This benefit, however, came at a cost. Longer scenarios also led to an increase in re-



5.5 Discussion

5

97

sponse time for Level 3, but not for Level 1 & 2. This suggests that while additional detail
supports reasoning, it also places a greater cognitive load on participants, an important
consideration when balancing depth with efficiency, as highlighted in RQ2. These findings
underscore a trade-off between information richness and processing time: more informa-
tion improves performance on complex tasks but slows down the response. This trade-off
should be taken into account when designing presentation formats for behavior support
contexts, where both speed and depth of understanding can be critical.

5.5.3 Interaction between presentation formats and information
volume

The only significant interaction effect was observed in response time for Level 1 & 2 situ-
ational awareness. The difference in response time between Short and Long Information
Volumes was smaller in the Structured List condition compared to the Original Dialogue
condition. This suggests that structured list formats help mitigate the impact of infor-
mation volume on comprehension speed, likely because they organize information more
efficiently, reducing the cognitive load associated with processing a longer dialogue. A
similar pattern was found in the 360° Tool condition, where the difference between Short
and Long Information Volumes was also smaller compared to the Original Dialogue condi-
tion. This indicates that the interactive 360° tool may provide some benefits in structuring
information, though not necessarily in a way that enhances accuracy. While both the
structured list and the interactive 360° tool formats appear to aid comprehension speed,
their effectiveness in supporting accurate understanding remains dependent on the com-
plexity of the content being conveyed.

These findings are relevant to RQ2, highlighting that Presentation Format can shape
not only overall response time but also how participants cope with increased information
load. While both the structured and 360° tool formats appear to support faster compre-
hension, their usefulness for accuracy depends on the complexity and type of information
being conveyed. This further emphasizes the need to consider the format-content fit when
designing tools for behavior support contexts.

5.5.4 Effect of health and coaching knowledge
We observed a negative effect of Healthy lifestyle Knowledge and Coaching Knowledge on
SAGAT accuracy. One possible explanation is that individuals with higher domain knowl-
edge may have been overconfident, leading them to pay less attention to the presented
information. This aligns with previous findings that expertise can sometimes lead to cog-
nitive biases, where individuals rely on prior knowledge rather than closely engaging with
new information [194, 244].

This result raises an interesting implication for RQ1: comprehension is not only shaped
by the presentation format, but also by the cognitive stance of the person interpreting the
information. In real-world settings, tailoring presentation formats to account for varying
levels of prior knowledge may be necessary to ensure consistent understanding.

5.5.5 Learning effect of the 360° tool
The Interactive 360° Tool condition was significantly slower than the Structured List con-
dition, indicating that participants took more time to process the 360° tool format. To
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determine whether this effect diminished over time, we examined potential learning ef-
fects across the experiment’s eight trials. However, no significant learning effect was ob-
served. Participants did not become noticeably faster at interpreting the 360° Tool format
over repeated exposure. This suggests that the cognitive effort required to engage with
the 360° Tool format remained stable, possibly due to its interactive nature inherently re-
quires more time because you need to engage with the pieces of info separately. This has
implications for format adoption: while the 360° Tool offers a more holistic overview, its
usability may benefit from clearer onboarding or guidance when used in time-sensitive
contexts.

5.5.6 Variation between scenarios
For SAGAT Level 1 & 2 accuracy, we found that Scenario 7 had significantly lower ac-
curacy compared to other scenarios, across all presentation formats and information vol-
umes. Upon further examination, we found that Scenario 7 described a user struggling
to maintain a fitness routine after taking a week off work to relax. A similar scenario,
Scenario 4, described a user struggling to attend the gym due to work obligations, yet its
accuracy was in line with other scenarios.

Since the topic alone did not seem to explain the discrepancy, we examined the study
materials and found that two answer options in Scenario 7 were phrased similarly. This
likely introduced ambiguity, potentially confusing participants and leading to lower accu-
racy. Notably, this effect was not observed in response time (for either SAGAT Level 1
& 2 or Level 3), nor in SAGAT Level 3 accuracy, suggesting that the issue was specific to
surface-level rather than deeper comprehension.

Given that the goal of this study was not to examine how scenario characteristics
influence comprehension, we did not explore this further. However, this finding points to
the importance of carefully validating scenario content and answer framing, especially in
recall-based assessments. Futurework could investigate how subtle differences in scenario
design affect comprehension and reasoning in behavior support contexts.

5.5.7 Open questions
At the end of the experiment, we asked participants in the Structured List and 360° Tool
conditions to provide qualitative feedback on the presentation formats. Participants were
asked:

1. Would you rather have the Structured List/360° Tool or the Original Dialogue to
enhance your effectiveness on the job? (forced choice question)

2. Why would you prefer it?

Since the primary goal of this study is not to develop theories about how and why par-
ticipants choose presentation formats, we did not conduct a full thematic analysis. Instead,
we provide a summary of responses to explore broad trends in participant preferences.

Choice Distribution:

• Structured List condition: 37.50% chose the list, while 62.50% preferred the Original
Dialogue.
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• 360° Tool condition: 61.29% chose the 360° Tool, while 38.71% preferred the Original
Dialogue.

Despite the inverse distribution, the reasons participants provided for their choices
were similar across conditions:

Reasons for preferring the original dialogue:

• “I prefer the dialogue since it gives me full context and not just bullet points.”

• “Dialogue keeps the conversation intact, which is important for understanding in-
tent.”

• “The 360° tool oversimplifies complex discussions.”

Reasons for preferring the structured list or 360° tool:

• “I like the list because it gives me a quick overview without reading everything.”

• “The list is structured and easy to scan.”

• “The 360° tool visually represents the issues, making patterns clearer.”

It is intriguing that participants had opposite preferences in the two conditions, yet
their justifications were consistent. Those who favored the original dialogue valued con-
text and nuance, while those who preferred alternative formats prioritized efficiency and
ease of scanning.

This suggests that participants were willing to accept a summarized format as long as
it retained sufficient richness. Notably, the 360° Tool was more successful than the list in
maintaining a sense of completeness while offering a faster way to review information.

We conjectured two key factorsmight explain this: (1) Perceived Sufficiency of Summa-
rization: The interactive 360° tool visually presents all categories at once, creating a more
holistic snapshot. The Structured list requires linear reading, which may make it feel like
it lacks depth; (2) Perceived Overview Effect: The 360° tool provides a more gestalt-like
overview, making it easier to scan patterns at a glance. The List, while structured, may
feel more fragmented in comparison.

Overall, these results suggest that while summarized formats can be effective, their
perceived completeness plays a crucial role in acceptance. However, these findings re-
main speculative, and future research is needed to fully understand the trade-offs between
original dialogues and alternative presentation formats in professional decision-making
contexts.

5.5.8 Limitations and Future Directions
This study provides initial insights into how presentation formats influence comprehen-
sion and response time for a person’s comprehension of another person’s behavioral
choices, but several limitations remain. First, the participants were mostly lay people
rather than professional lifestyle coaches. While this allowed us to assess baseline compre-
hension, future work should involve domain experts to evaluate real-world applicability.
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Second, our study used controlled scenarios, which ensured comparability but limited
ecological validity. Follow-up studies could incorporate more naturalistic dialogues or live
system interactions.

Additionally, this study did not include a condition for summaries generated via LLMs.
Our objective was to investigate the impact of structured and visual layouts on compre-
hension speed and quality. Exploring how LLM-generated narrative summaries compares
to these structured formats remains a valuable direction for future research.

Finally, while we focused on comprehension and speed, other factors such as trust,
confidence, or perceived support may also play a role. Future research could explore these
aspects and examine adaptive formats that adjust based on user needs.

5.6 Conclusion
This study investigated how different Presentation Formats (Original Dialogue, Structured
List, and 360 ° Tool) affect comprehension and response time when reviewing information
collected by a conversational agent about user behavioral reasons. Our results showed that
Presentation Format influenced comprehension accuracy at the basic recall level (SAGAT
Level 1 & 2) but not at the higher reasoning level (SAGAT Level 3). The Original Dialogue
format led to the highest accuracy at SAGAT Level 1 & 2, while no format was consis-
tently superior for SAGAT Level 3. In terms of response time, structured formats such
as the Structured List enabled faster comprehension at SAGAT Level 1 & 2, whereas no
significant differences were found at SAGAT Level 3, likely due to the increased cognitive
demands of reasoning-based questions.

Additionally, we found that Information Volume (Short vs. Long dialogues) influenced
accuracy at SAGAT Level 3 but not at Level 1 & 2, suggesting that more information helps
with complex reasoning but does not impact basic recall. Interaction effects indicated that
structured formats mitigate the impact of dialogue length on response time, making them
more efficient for processing larger amounts of information. Finally, qualitative feedback
revealed that while participants valued the efficiency of summarized formats, many still
preferred the full dialogue for its contextual richness, with the 360° Tool offering a better
balance between overview and detail than the Structured List.

Future research should further investigate how user preferences, task complexity, and
professional decision-making contexts influence the effectiveness of these formats. Addi-
tionally, exploring adaptive presentation methods that dynamically adjust based on user
needs and comprehension levels could offer new insights into optimizing information de-
livery in behavior support systems.
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6
Intelligent Support Systems for
Lifestyle Change: Integrating

Dialogue, Information
Extraction, and Reasoning

Behavior change support systems need to take into account individual needs and preferences
to provide appropriate support. In this chapter, we illustrate how this might be achieved
through the explicit modeling of user characteristics within knowledge graphs (KG), captured
in a dialogue between the system and the user. We demonstrate how up-to-date information
enables reasoning for providing personalized support.

6.1 Introduction
Despite consensus in the medical community that lifestyle factors such as diet and phys-
ical exercise are primary means to prevention, management or even remission of Type 2
[>] This chapter comprises the following articles below, where I contributed specific sections and played
a leading role. Specifically, I led the technical development of the integrated prototype by serving as the
primary integrator for the pipeline. My technical contributions included programming the Alignment Dialogue
component and developing the video¹ to showcase the system’s logic. While individual contributors were
responsible for specific modules within the system overview, I coordinated the technical alignment between
these components to ensure module interoperability. I also oversaw the technical setup, including system
containerization and infrastructure, which was completed with the support other team members and the
university’s Research Engineering team.

 Pei-Yu Chen, Selene Baez Santamaria, Maaike H.T. de Boer, Floris den Hengst, Bart A. Kamphorst, Quirine
Smit, ShihanWang, and JohannaWolff. “Intelligent Support Systems for Lifestyle Change: Integrating Dialogue,
Information Extraction, and Reasoning.” InHHAI 2024: Hybrid Human AI Systems for the Social Good, pp. 457-459.
IOS Press, 2024.

 Pei-Yu Chen, Selene Baez Santamaria, Maaike H.T. de Boer, Floris den Hengst, Bart A. Kamphorst, Quirine
Smit, Shihan Wang, and Johanna Wolff. “Harnessing Hybrid Intelligence to Improve Diabetes Care” In HHAI
2024: Hybrid Human AI Systems for the Social Good, Demo accepted and presented; not included in proceedings.
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Diabetes Mellitus (DM2) [50], implementing sustainable lifestyle changes is notoriously
difficult in practice, even with the help of technological support systems. Reasons for this
are the chronic nature of the required behavioral changes, the time investment required,
and challenges stemming from the different types of change that need to be maintained
simultaneously [125, 172, 212, 275, 314].

Digital tools have been used to help patients adhere to lifestyle changes over longer
periods of time. For instance, Aguilera et al. [11] and Yom-Tov et al. [339] use digital
coaches to encourage physical activity for patients with diabetes by delivering personal-
ized interventions. Glachs et al. [131] developed a personalized Self-Management Support
System to personalize the timing and frequency of motivational coaching messages to pro-
mote healthy behavior including physical activity. Especially personalized systems could
know what a user values, their context and how these factors influence their behavior
choices. These systems can offer support that answers an individual’s needs, and lowers
the barriers to adoption of lifestyle changes.

Hybrid Intelligence systems, defined as systems which combine the strengths of Arti-
ficial Intelligence and Human Intelligence, can aid in supporting lifestyle change of DM2
patients [82, 83, 102]. The cooperation between a medical professional and an AI could
give a patient the correct and valuable information that they need much more frequently
than a medical professional alone can provide.

For behavior change support systems to offer adequate support, they should be able to
adapt to the diverse and evolving nature of the users in unforeseen circumstances [320].
One way for a system to adapt is by implicitly learning users’ preferences in different cir-
cumstances from behavior data. However, behavioral data reflects people’s past behavior
rather than their future desired behavior. Capturing the latter is particularly important
for systems intended to support a user in changing their behaviors.

In this chapter, we propose a complementary approach that explicitly represents im-
portant domain-specific information (Domain KG) and user-specific information such as
context and its influences on norms and values (User KG). Besides the ability to store dy-
namic and static knowledge, KGs offer transparency and explainability, as the system’s
reasoning process becomes explicit [137].

In what follows, we present a Hybrid Intelligence decision support system that inte-
grates dialogue, semantic information extraction, knowledge graphs, and automated rea-
soning to support personalized behavior change. The system is grounded in alignment
dialogue: a conversational mechanism for eliciting contextual, value-laden, and person-
ally relevant information from users in a structured way.

6.2 System Overview
The system integrates five key components, as shown in Figure 6.1. Below we elaborate
on the technical aspects of each component and illustrate their roles in creating a compre-
hensive support system that adapts to individual user needs and contexts.

6.2.1 Dialogue
A dialogue component engages users in Alignment Dialogue [63], designed to gather infor-
mation crucial to ensuring the support provided is in alignment with the users. Given the
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Figure 6.1: System Architecture.

complexity inherent in such dialogues, a rule-based approach is employed in this demon-
stration to manage and guide the interactions effectively.

6.2.2 Information Extraction
This component transforms text (e.g., “I love walking”) into a subject-predicate-object
structure (e.g., Pedro-like-walking). We use RDF triples and named graphs to recursively
combine knowledge units into complex structures capable of expressing the content, form,
and context of a dialogue [25].

6.2.3 User KG
The User KG organizes RDF triples from the Information Extraction Component. The
User KG uses an OWL-based Ontology that includes concepts to represent user contexts,
preferences, values, and others. The User KG contains the user’s health data such as blood
sugar and weight, as well as the user’s values, preferences, and other important factors.
This information is used to make personalized recommendations.

This knowledge graph includes not only medical data, such as blood sugar levels or
heart rate but also personal and contextual information, such as the patient’s social sup-
port system, values, and practical details about previous or planned doctor’s appointments.
In addition, the doctor’s recommendations (such as dietary changes or exercise advice) are
stored in the KG, enabling the system to align clinical guidance with the patient’s personal
circumstances.

6.2.4 Domain KG
The Domain KG contains medical knowledge about diabetes and available treatment op-
tions, for example, which types of interventions are most suitable for different kinds of
users. It stores general information about DM2 and healthcare practices, including map-
pings between patient characteristics and treatment strategies. Medical professionals are
also involved in acquiring and refining domain knowledge, helping to ensure that the Do-
main KG remains clinically relevant and up to date.

Both the User KG and Domain KG are structured using semantic web standards such as
OWL ontologies and RDF triples. This structure supports consistent, interpretable updates
and enables reasoning across different levels of knowledge.



6

104 6 Proof of Concept: Intelligent Support Systems for Lifestyle Change

6.2.5 Reasoning Engine
This component determines the required intervention type by analyzing the user’s health
data from the User KG and comparing it with medical knowledge in the Domain KG. The
system then selects the most appropriate action within that intervention type by consid-
ering the user’s preferences, values, and contextual constraints.

The reasoning module is a central part of the system’s intelligence. It begins by identi-
fying a suitable intervention based on clinical standards, and then adapts the recommen-
dation to the patient’s specific profile. For example, if the system determines that more
physical activity is needed, it might suggest going to the gym or taking a walk with family,
depending on the user’s known preferences.

In addition to generating suggestions, the system could decide whether to seek more
information, resolve conflicting data, or withhold a recommendation until more is known.
This allows the system to provide dynamic, adaptive support that evolves with the user’s
needs. The system could interacts with medical professionals to update the Domain KG.
Reinforcement learning is a promising technique here to optimize interaction strategies
with medical professionals to augment knowledge [343]. These five components form a
technical pipeline that transforms user dialogue into structured knowledge and aims to
generate behavior change support that could be both clinically appropriate and aligned
with user needs.

6.3 Demonstration and Use Case
An interactive prototype of the support system was developed. Attendees can converse
with the system, see in real time how it updates its knowledge graphs, and examine the
reasoning outcomes that inform the user dialogue. This prototype aims to showcase the
system’s potential for supporting personalized lifestyle changes.

While the system is demonstrated in the context of diabetes care, its underlying archi-
tecture is generalizable to other domainswhere context-sensitive and value-aware support
is crucial. The prototype can be found on https://github.com/Archer6621/chip-demo. A
video of illustrative purpose for this proof of concept is available at: https://youtu.be/
slFpI9uBdq4.

6.4 Future Work and Conclusion
One future research direction is to test our systems’ personalization capabilities against a
wide array of different user profiles by interacting with LLM-based simulated users, and
to personalize the recommendations using reinforcement learning. We foresee various
challenges ahead, including learning how to efficiently acquire information via dialogue,
personalization of the interaction, and an evaluation with a diverse range of different user
profiles.

We have presented our efforts into developing a collaborative Hybrid Intelligence de-
cision support dialogue agent for lifestyle change based on general medical and patient-
specific knowledge. Although the presented system targets DM2, our approach may also
suit other lifestyle support systems.

This prototype presents a system aimed at supporting individuals, particularly those
managing Type 2 Diabetes (T2D), in adopting healthier lifestyles. The primary purpose

https://github.com/Archer6621/chip-demo
https://youtu.be/slFpI9uBdq4
https://youtu.be/slFpI9uBdq4
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is to showcase the integration of various research domains, namely, dialogue, informa-
tion extraction, knowledge representations, and reasoning, into a unified pipeline that ad-
dresses the complex challenge of behavior support. In sum, this prototype demonstrates
the technical feasibility of implementing alignment dialogue as the foundation for person-
alized, explainable, and adaptable support in health behavior change systems.





7

107

7
Conclusion



7

108 7 Conclusion

7.1 Conclusion
This dissertation explored how behavior support agents can use dialogues to acquire user
information that enables personalized, context-sensitive support. Rather than relying
solely on behavioral tracking or static profiling with questionnaires, this thesis argues
that user models should be shaped continuously through situated conversations that elicit
not just what users do, but why they struggle, what they value, and how they interpret
their behavior.

To investigate this, the research addressed the main question:

Main RQ: How can behavior support agents use dialogues to acquire user information
that could be used to personalize support that aligns with users’ needs?

From this, six sub-questions were derived, each targeting a different aspect of align-
ment challenge.

RQ1: Which dimensions are important for designing good alignment dialogues?

To explore the design of alignment dialogues, this thesis began with an exploratory
study investigating how users perceive and respond to various variants of alignment dia-
logues in misalignment scenarios. Through a qualitative focus group study using scenario-
based textual dialogues, this research identified several key dimensions that are crucial
when designing alignment dialogues between behavior support agents and users.

The concept of alignment dialogue was defined as a dialogue in which an agent and
a user work together to detect, explore, and resolve misalignments between the support
offered and the user’s current needs or context. Three types of alignment were concep-
tualized: (1) alignment between the agent’s support actions and what the user needs or
wants, (2) alignment between the agent’s user model and the user’s self-understanding,
and (3) alignment between the user’s actual behavior and their desired behavior. These
types of alignment help ground the purpose of the dialogue and clarify the agent’s role in
maintaining it.

In the focus groups, participants reviewed and discussed different scenarios where mis-
alignments occurred, such as unexpected weather, shifts in mood, or goal changes. Vari-
ations in dialogue structure across these scenarios allowed for an examination of specific
design features. Three dimensions were varied and analyzed: (1) the depth of reasoning
(e.g., whether the agent probed for user values or remained at surface level), (2) the agent’s
reaction to non-compliance (e.g., acknowledgment, suggestion, or model update query),
and (3) dialogue initiation (e.g., who initiates, and when).

The findings showed that users had nuanced and sometimes contradictory preferences.
For example, while value-based probing aligns with behavior change theory and has the
potential to enhance personalization, it often elicited negative emotional reactions such
as annoyance, confusion, or a sense of being judged. Users found such probing abstract
or socially awkward, particularly when value references were perceived as sarcastic or
overly intimate. Conversely, many participants appreciated when the agent offered al-
ternatives or constructive suggestions instead of simply accepting non-compliance. They
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also preferred the agent to take initiative in starting the dialogue but wanted the flexibility
to influence its direction and depth.

In addition to these three core dimensions, the study uncovered modulating factors
that influence the reception of alignment dialogues. These included the use of language
(e.g., tone, phrasing, sentence structure), user expectations, and user characteristics such
as computer literacy and context awareness. These factors interact with the content of
the dialogue to shape the user’s emotional response—not only toward the agent, but also
toward themselves. For instance, the same agent utterance could evoke guilt in one user
and understanding in another, depending on how it was framed and the user’s internal
state.

The thematic analysis resulted in a conceptual model linking agent utterances, user
characteristics, and linguistic choices to emotional outcomes. This emphasizes that align-
ment dialogues are not just about data collection; rather, they are emotionally charged in-
teractions where language, timing, and strategy matter. This also links back to the broader
design challenge of behavior support: achieving long-term alignment requires more than
accurate data. It demands relational sensitivity and adaptive interaction strategies.

The study answered RQ1 by identifying and structuring the key considerations that
underpin alignment dialogue design. It calls for a balance between informativeness and
empathy, between prompting reflection and avoiding judgment. These findings laid the
groundwork for the subsequent chapters, where the structure and effect of alignment dia-
logues were explored in more detail (RQ2–RQ3), and where the challenges of representing
and presenting user information to other stakeholders were examined (RQ4–RQ5).

RQ2: What constitutes user information in alignment dialogues?

To address the second research question, this dissertation examined in detail what
types of information users provide when engaged in alignment dialogues and which of
these are most relevant for updating user models in behavior support systems. While
behavior change research often relies on generalized categories such as barriers and fa-
cilitators, this work aimed to uncover the specific, contextualized reasons behind users’
non-adherence to their self-stated goals.

The study revealed that valuable user information extends far beyond traditional
user attributes like demographics or static goals. Instead, alignment dialogues surfaced
situation-specific explanations that included not only social and contextual aspects but
also more nuanced categories such as individual constraints, environmental challenges,
priorities, emotional consequences, beliefs, norms, and values. These elements form a
richer ontology of user-related information, providing a deeper understanding of what
drives (or blocks) behavioral action in particular moments.

Through both deductive and inductive coding of users’ responses, the study demon-
strated that novel information, defined as anything not previously mentioned during the
dialogue, was frequently introduced, especially in open-ended settings. Social and contex-
tual aspects were particularly well-captured when users were prompted explicitly, while
personal values emerged more often in exploratory, emotion-oriented prompts. These
findings show that alignment dialogues can help surface deeply held reasons, constraints,
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and beliefs that are essential for meaningful personalization, offering an important contri-
bution to understanding what should be included in a dynamic, context-aware user model.

RQ3: How do different strategies for realizing alignment dialogues affect the user’s dia-
logue experience?

To investigate how alignment dialogues are best structured, the study compared three
dialogue strategies: Exploratory Dialogues, which used open-ended why questions in-
spired by laddering techniques; Focused Dialogues, which used structured open questions
targeting social, contextual, and value-based factors; and Structured Choice Dialogues,
which presented predefined options for users to select.

The findings revealed that each strategy presents trade-offs in terms of emotional im-
pact, information richness, and user satisfaction. Exploratory Dialogues, though poten-
tially effective for eliciting introspective responses and value-related content, were also
associated with increased cognitive effort and lower user satisfaction. In particular, par-
ticipants in this condition reported significantly lower levels of authentic pride, a positive
self-conscious emotion linked to motivation and goal commitment. This suggests that
while open-ended questioning might help users reflect, it may also feel confrontational or
exhausting, especially when not carefully phrased.

FocusedDialogues, in contrast, achieved amore favorable balance. They elicited nearly
as much novel and targeted information as the open-ended format but were rated higher
in terms of dialogue experience and completeness. Users responded positively to the struc-
ture and clarity of these dialogues, which provided clear thematic prompts while still al-
lowing space for elaboration. Structured Choice Dialogues, although easiest to navigate,
were often perceived as limiting in terms of completeness, and they elicited less nuanced
responses, especially about values and underlying motivations.

Importantly, the analysis also revealed that the effectiveness of each strategy depended
in part on user characteristics, such as educational background. For example, Structured
Choice and Exploratory formats were better received by users with lower educational
attainment, while Focused Dialogues were rated more highly by users with bachelor’s
degrees or above. This interaction underscores the need for adaptive dialogue strategies
that can accommodate a diverse range of users and preferences. A potential solution to
these diverse preferences is a hybrid design that provides lists of options alongside free-
text entry, allowing users to either self-generate responses or request suggestions [268].
This approach empowers users by offering the choice to provide an original answer or
ask for ideas, ensuring the dialogue remains productive across different user types [268].
This need is further evidenced by research into how emotional states influence rapport,
suggesting that while machine learning can tailor dialogue, the choice between empathic
or neutral tones should be adapted to the user’s current stress levels [263].

In sum, this research shows that dialogue strategymatters, not only for the kind of user
information collected but also for how users feel during the process. Alignment dialogues
that seek to build rich, situated user models must therefore be designed with attention to
emotional tone, user burden, and the evolving trajectory of the conversation.
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RQ4: What are the concerns and benefits of using alignment dialogue that collects patient
information and presents it to healthcare professionals in diabetes care?

To understand how alignment dialogue might function in real-world healthcare con-
texts, this study investigated the perspectives of healthcare experts on the use of conver-
sational AI as an intermediary between patients and healthcare professionals in diabetes
care. Using a focus group approach, the research examined both the benefits and concerns
related to deploying such an agent to collect and present patient information grounded in
daily life context.

Healthcare professionals acknowledged the pressing practical challenges in current
diabetes care: patients often face difficulties in making sustained lifestyle changes, while
general practitioners (GPs) and nurses operate under severe time constraints, with lim-
ited capacity to engage deeply with patient motivations, values, or contextual barriers.
Consultations are infrequent and brief, often failing to capture the richness of patients’
experiences. Experts confirmed that while tools like motivational interviewing and behav-
ioral questionnaires exist, they do not fully capture real-world reasons for non-adherence,
especially those tied to shifting social, emotional, and contextual factors.

In this context, a conversational agent that uses alignment dialogues to capture and
summarize such information was seen as promising. Experts highlighted the potential for
such agents to bridge the gap between consultations, giving providers more insight into
patients’ personal contexts, and allowing consultations to be more informed and efficient.
Notably, one of the most appreciated functionalities was the agent’s ability to summarize
insights for professionals, especially if these summaries are tailored to the provider’s needs
(e.g., medication adherence cues for GPs vs. behavioral trends for lifestyle coaches). This
points toward the need for profession-specific and phase-specific information delivery.

However, several concerns were raised. First, experts emphasized the lack of standard-
ized communication pathways in current practice: how providers talk to patients varies
widely, making it difficult to design a universal conversational AI system. Second, they
warned against overly rigid or scripted dialogue flows, which might fail to reflect the “nat-
ural unfolding” of real conversations. Third, ethical concerns, including patient privacy,
data transparency, and the risk of miscommunication, were central. Experts stressed that
patients must be clearly informed about what data is being collected, how it is being used,
and how it contributes to their care. Only with this clarity can such systems build the
trust needed for successful deployment.

Importantly, while healthcare providers found the reminder and follow-up functions
of the AI agent helpful, they expressed skepticism about the idea of agents recommend-
ing medical strategies. Professionals were hesitant to grant AI systems decision-making
authority in complex cases involving comorbidities or psychosocial issues. Instead, they
viewed the agent’s role as supportive and preparatory, facilitating, but not replacing clin-
ical judgment.

In summary, the study provided valuable insight into the situated role an alignment-
based conversational agent could play in the healthcare workflow. Bymediating the collec-
tion and presentation of contextualized patient information, such systems could alleviate
professional workload, enhance patient-provider conversations, and support more indi-
vidualized and realistic care strategies. Yet to achieve this, designers must carefully attend
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to issues of information relevance, ethical transparency, and flexibility in communication:
key concerns that will shape the system’s success in practice.

RQ5: Which format is most effective for presenting alignment dialogue content to the
third parties, ensuring comprehension and accuracy?

To investigate how conversational agents can present collected user information to
third parties, such as lifestyle coaches or healthcare providers, this study compared three
distinct presentation formats: the original dialogue, a structured list, and an interactive
360° tool. The central goal was to determine which formats best support comprehension
and efficient interpretation, particularly when another person (e.g., a coach) must under-
stand a user’s behavior without having participated in the original conversation.

The study employed a mixed-design user experiment with lay participants acting in
the role of lifestyle coaches. Participants were exposed to multiple real-world behavior
change scenarios, where each scenario presented reasons for a user’s non-adherence to
health goals in one of the three formats. Comprehension was measured using adapted
SAGAT (Situation Awareness Global Assessment Technique) questions, which assessed
not only recall of dialogue content (Levels 1 & 2) but also ability to reason forward (Level
3). In addition to comprehension accuracy, the study also recorded response time, usability,
and perceived usefulness of each format.

The findings showed that the original dialogue format consistently resulted in the high-
est comprehension accuracy at SAGAT Level 1 & 2, confirming its strength in preserving
contextual and narrative detail. This format allowed participants to understand what the
user said and why they deviated from their goal. However, this advantage came with
a cost: participants in this condition exhibited the slowest response times, particularly
when the information volume was high. These results highlight a clear trade-off between
comprehension depth and processing speed.

In contrast, the structured list format enabled significantly faster comprehension, es-
pecially for short scenarios, and was generally perceived as easy to use. However, its
performance on comprehension accuracy was slightly lower than the dialogue format.
This suggests that while structured formats enhance efficiency, they may sacrifice some
nuance and inferential detail. Interestingly, participants who used the structured list often
expressed concern that it might oversimplify complex situations, despite appreciating its
clarity.

The 360° tool, a visual and interactive format, aimed to strike a balance between
overview and detail. It presented the same information as the structured list but in a
graphical layout with clickable icons and pop-up summaries. While it did not outperform
the other formats in comprehension accuracy, it was rated highest in perceived usefulness
and ease of use. Many participants appreciated the holistic view it provided, suggesting
that visual structure can enhance the perceived clarity and completeness of abstracted
information.

Qualitative responses further confirmed the existence of a preference trade-off. Some
participants favored the original dialogue because it preserved the intentional flow and au-
thentic voice of the user. Others preferred the structured formats, particularly in contexts
where quick decision-making was needed. Notably, the 360° tool was more successful than
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the list at maintaining a sense of completeness, potentially due to its spatial overview and
interactivity.

Overall, the study shows that no single format is universally superior. Rather, the effec-
tiveness of a presentation format depends on the task goals, available time, and cognitive
preferences of the information recipient. This points to the potential value of adaptive pre-
sentation systems that tailor the format based on the recipient’s needs, prior knowledge,
and context of use.

In sum, RQ5 is answered by showing that the original dialogue offers the richest com-
prehension, while structured summaries and visual tools provide scalable and efficient
alternatives. Each comes with its own strengths and weaknesses, and their effectiveness
must be evaluated not only in terms of information accuracy but also in terms of practical
usability, task alignment, and user trust in decision-making contexts.

RQ6: How can we technically realize an alignment dialogue pipeline that supports per-
sonalized behavior change?

To explore how alignment dialogues can be implemented in a functioning behavior
support system, this dissertation demonstrates a technical pipeline that integrates conver-
sational interfaces, knowledge representation, and automated reasoning. The goal is to
show not only what alignment dialogues are, but how they can be practically operational-
ized to enable real-time personalization in lifestyle support applications, particularly in
the context of Type 2 Diabetes (T2D) management.

The proposed system comprises five interconnected components: (1) a dialogue in-
terface, (2) an information extraction module, (3) a user knowledge graph (User KG), (4)
a domain knowledge graph (Domain KG), and (5) a reasoning engine. Together, these
components form a coherent architecture that supports dynamic, interpretable, and value-
sensitive decision-making.

The dialogue component initiates and conducts alignment dialogues with users to un-
derstand their daily context, preferences, and challenges. Unlike traditional questionnaire-
based systems, this component uses structured but flexible dialogue flows to elicit user
information in natural language. This approach allows the system to explore not only be-
havioral intentions but also contextual barriers, motivational dynamics, and user values
—components that are essential for constructing rich and adaptive user models.

Next, the information extraction module converts the dialogue content into structured
knowledge representations, using RDF triples and named graphs. This transformation cap-
tures not just facts (e.g., “Pedro dislikes walking after work”) but also situational and mo-
tivational relationships (e.g., “Pedro’s fatigue influences his adherence to exercise”). This
structured output is then fed into the User KG, a semantic model of the user that integrates
static health data (e.g., blood sugar levels) with dynamic, context-aware information such
as emotions, values, and life circumstances.

Parallel to the User KG, the system includes a Domain KG that houses medical knowl-
edge, guidelines, and intervention options, particularly focused on diabetes management.
This domain-specific knowledge base supports the system’s ability to reason over treat-
ment plans, behavioral recommendations, and user suitability.



7

114 7 Conclusion

At the center of this architecture is the reasoning engine, which bridges the User and
Domain KGs. This module determines whether sufficient information has been gathered,
whether further clarification is needed, or whether it can recommend a course of action.
Importantly, it does not recommend actions based on one-size-fits-all rules but selects
from among viable options using value alignment and contextual fit, a key step in making
behavior support systems more personal and respectful of users’ lived realities.

The prototype demonstrated in this research showcases how this pipeline can work in
practice, particularly in health contexts where human professionals (e.g., lifestyle coaches
or GPs) may not be continuously available. The system enables asynchronous support
that remains sensitive to users’ evolving needs while ensuring that the data collected is
transparent, interpretable, and reusable for healthcare professionals. Unlike black-box AI
systems, the use of semantic knowledge graphs and explicit reasoning chains promotes
explainability and user trust.

The technical realization of this pipeline shares some similarities with the conversa-
tion templates developed by Abdulrahman [3]. In her work, conversational templates are
used to map specific user beliefs (such as perceived barriers or benefits) to predefined
agent responses designed to provide reason-based explanations. These templates provide
a structured method for ensuring that the agent’s advice remains logically consistent with
the user’s self-stated goals and beliefs. This approach is particularly effective for targeted
interventions, such as reducing academic stress, where the agent needs to deliver specific,
persuasive content based on identified user states [228].

In contrast, the alignment dialogue pipeline demonstrated in this dissertation moves
away from template-based generation toward a dynamic, ontology-driven reasoning pro-
cess. While Abdulrahman [3]’s templates ensure coherence within a defined dialogue
path, the pipeline proposed in this thesis utilizes a reasoning engine that bridges a User
Knowledge Graph with a Domain Knowledge Graph to manage situational complexity.
This allows the system to not only address fixed beliefs but also to reason over shifting life
circumstances andmedical guidelines to determine the contextual fit of a recommendation.
Therefore, while Abdulrahman [3] provides a proven framework for belief-based template
design, this work could offer an alternative for agents to adapt to the evolving nature of
daily chronic disease management.

This implementation answers RQ6 by illustrating that alignment dialogue is notmerely
a conceptual ideal but can be technically realized through the orchestration of conversa-
tional AI, ontology-based user modeling, and hybrid reasoning. The system demonstrates
that it is feasible to build behavior change support tools that learn with the user, reason
over their needs, and respond appropriately, offering a concrete path toward more human-
centered, adaptive AI in health and well-being.

7.2 Limitations
To fully appreciate the findings presented in this thesis, it is important to consider the
limitations of our methods of approaching the RQs and the studies.
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7.2.1 Methodological Limitations
Participants Across the studies, participant recruitment relied primarily on conve-
nience sampling (e.g., university colleagues, students, and employees from an applied
research institute) and crowdsourcing via Prolific. While this approach ensured logisti-
cal feasibility and a degree of diversity, the resulting samples were still skewed toward
digitally literate individuals who are comfortable with online environments. This likely
introduced a bias toward higher levels of cooperation, interpretability, and self-reflection
thanmay be present in general populations. For example, individuals with limited eHealth
literacy or digital experience, who may be important target users for health interventions
in real life [229], are underrepresented in our studies. Moreover, Prolific participants were
financially compensated for their time. Even though participants were informed that their
payment was independent from their performance in the study, the presence of incentives
may have influenced participants’ motivation to complete tasks attentively and in good
faith [100]. Lastly, through the textual answers collected in the studies, we saw some
participants misunderstood the questions and/or the study designs. For example, when
asked about the non-adherence reasons, some responses were about the reasons behind
setting these goals. This could be the participants not being attentive enough or an overall
misunderstanding of the Alignment Dialogue concept.

Sequential Study Design Choices The research design followed a sequential mixed-
methods approach, beginning with qualitative studies (a focus group or an expert inter-
view) and followed by controlled quantitative user experiments. While this allowed for
grounded design decisions in the user experiments, only a subset of the insights from the
focus groups/interviews could be taken forward into experimental evaluation. The deci-
sion to focus on a particular design feature, such as the format of data presentation or the
structure of dialogue strategies, reflects what was feasible and important to operationalize,
design, and measure. However, this necessary reduction means that other relevant themes
(e.g., emotional dynamics in communication, longitudinal change, power imbalances, etc)
were not examined quantitatively, despite their potential impact on user experience or
dialogue design [31, 126, 304]. Such omissions, while methodologically justifiable, imply
that the experimental results offer only a partial view of the alignment challenges.

Experimental Setting Constraints A further limitation lies in the artificial nature of
the experimental setting. The studies involved simulated or imagined behavior change sce-
narios, rather than real-time, ongoing behavioral support. This was a deliberate method-
ological choice. However, the lack of real-world consequences means that participant
reactions to alignment dialogues, such as feelings of being misunderstood or judged, may
be more mild than they would be in practice. This diminished emotional engagement in
simulated scenarios is consistent with prior findings in digital health and persuasive tech-
nology research, which note that experimental vignettes often lack real-life consequences
and thus elicit less intense participant responses [230]. Additionally, without actual be-
havioral outcomes, it is difficult to assess whether the dialogues not only felt informative
or useful, but also lead to actual behavior change [323], a well-documented concern in be-
havior change research that emphasizes the gap between intentions and actual behaviors.
Nevertheless, this work is based on the assumption that alignment dialogues lead to be-
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havior change by allowing agents to provide more relevant and acceptable support. This
aligns with research by Abdulrahman et al. [6], which shows that discussing a user’s spe-
cific beliefs and goals improves the intention to change, providing a critical link between
personalized agent support and actual behavioral change.

Material Design The design of dialogue materials and behavior scenarios also intro-
duces constraints. Although the scenarios were grounded in prior work and developed
with attention to relevance and realism, they are still simulated. User responses were not
organically generated but based on researcher-written scripts or templates. This removes
potential variability due to misunderstanding, resistance, or emotional nuance that might
occur in real interactions [28]. Moreover, the set of dialogue strategies tested, while in-
formed by prior literature, was not exhaustive. Other types of support moves, such as
those focused on emotional validation, clarification, or indirect prompting, may lead to
different outcomes and deserve future investigation [37, 51]. Likewise, the range of be-
havioral contexts was restricted to goal-related lapses in healthy lifestyles; domains such
as mental health, chronic illness management, or substance use involve different relational
and motivational dynamics that could pose distinct challenges for alignment dialogue de-
sign [37, 313].

Statistical analysis The statistical models employed across studies, including mixed-
effects models and linear regressions, were chosen to uncover design-relevant patterns.
These models were not intended to make predictions about individual users or to support
real-time system adaptation. Their primary value lies in explanatory insight: identifying
which features (e.g., dialogue strategy or presentation format) are associated with which
types of user experience. While this is appropriate for early-stage design research, it also
means that the findings do not constitute a predictive model of behavior. Furthermore, the
models were based on between-subject and within-subject effects, but did not incorporate
user-specific dynamics such as learning, fatigue, or shifting attitudes over time - factors
that are likely to influence behavior in applied systems [81, 91, 274].

7.2.2 Use Case Limitations
Data for Users vs. Professionals A key contribution of this dissertation is the pro-
posal of a three-actor setting: a conversational agent collects data from a user and then
presents it to a human supporter, such as a lifestyle coach or healthcare provider. However,
most participants involved in the empirical studies were neither current users undergoing
active behavior change support managing behavior change nor professional healthcare
providers. As a result, the studies implicitly treat the collected information and its format
of presentation as equally suitable for both users and professionals. This is a simplifying
assumption that may not hold in practice. Users may benefit from open-ended dialogue
that allows space for emotional expression, ambiguity, or value exploration, whereas pro-
fessionals may prefer concise summaries, risk indicators, and actionable insights. These
diverse needs suggest that the data may not be adequate, and that more research is needed
on tailoring representations to the intended users/recipients. Without such tailoring, the
agent risks failing to serve either party effectively, undermining the very alignment it is
meant to facilitate.
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Domain Specificity and Behavior Type Finally, the use case scenarios focused on
healthy lifestyle behaviors, such as increasing physical activity or adhering to dietary
guidelines. These behaviors tend to involve self-regulation, values, and long-term moti-
vation, making them particularly suitable to reflective dialogue. However, other domains
may present different requirements. For example, navigation assistance, task scheduling,
or real-time decision support may require rapid and concrete feedback. In such cases, the
notion of alignment may shift from understanding why a user behaves a certain way to
ensuring what support is timely and efficient [48]. This suggests that the kinds of ques-
tions explored in this research, especially those related to eliciting reasons, values, and
emotions , would need to be reformulated in domains with different demands.

Distinction Between Tasks and Actual Goals A further limitation is the operational
definition of user’s behavior goals. In this research, alignment dialogues were primarily
triggered by instances of inactivity or non-adherence to their behavior goals, which are
concrete tasks such as reducing sugar or attending the gym. While these were treated as
“goals” within the system, they often function as tasks serving a broader underlying pur-
pose (e.g., managing a health condition or social engagement). We did not focus on initially
eliciting these high-level purposes/reasons behind such behavior goals, which may limit
the scope of the alignment. However, we argue that the reasons for such inactivity are in-
trinsically linked to the user’s broader purpose. By investigating why a recommendation
was dismissed in a specific situation, the alignment dialogue could surface the underlying
motivations and constraints that define the actual goal.

7.3 Future work
A natural next step for this research is to evaluate alignment dialogues in real-world set-
tings. While this dissertation has demonstrated the conceptual and functional potential of
alignment dialogues in controlled studies, it remains an open question how such dialogues
perform in authentic, ongoing interactions, especially when users are navigating actual
lifestyle decisions. Importantly, such real-world evaluations do not need to rely solely
on long-term behavioral outcomes, which are notoriously difficult to isolate and measure
[163]. Instead, intermediate indicators such as the perceived relevance and appropriate-
ness of agent-generated advice, the extent towhich users feel understood, or the credibility
of model updates could offer more tractable and meaningful metrics for assessing align-
ment in on-line performance [36, 313]. This more pragmatic evaluation focus parallels the
approach taken in other complex domains, such as adaptive smoking cessation support or
trust calibration in AI-assisted decision-making [17, 211].

Another avenue lies in deepening our understanding of what kinds of dialogues ac-
tually produce effective alignment. While this dissertation explored selected dialogue
strategies and how they were received, many aspects remain unexplored. Real alignment
likely involves a combination of contextual grounding [220], emotional resonance [344],
and adaptive phrasing [239]. Recent advances in large language models (LLMs) offer new
opportunities to scale and experiment with more expressive and responsive dialogue sys-
tems [299]. Future work could leverage LLMs to generate richer, more human-like con-
versations while retaining the structural intentions of alignment, namely, to elicit val-
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ues, uncover situational nuance, and iteratively update the system’s understanding of the
user [299]. Specifically, LLMs can be used to embed relational cues that foster a working
alliance, utilizing motivated dialogue to promote better adherence and behavior change
[284]. However, doing so will require careful design to avoid losing interpretability and
controllability, particularly in domains where accuracy, consistency, and accountability
matter [185].

Moreover, future research should examine not onlywhat is said in alignment dialogues
but how it is said. Variations in tone, phrasing, and framing can have a significant impact
on user receptiveness and engagement [224]. There is a rich body of work, for exam-
ple, on how directness, politeness, or personalization modulate user responses to health
messages or digital interventions [142]. Empirical evidence further suggests that a user’s
emotional state, such as their level of stress, significantly dictates their preference for em-
pathic versus neutral dialogue; for instance, non-stressed users may build greater rapport
when empathic cues are omitted [263]. Integrating such insights could help refine the com-
municative style of alignment dialogues and enhance their effectiveness. This refinement
could involve a hybrid approach: using machine learning to automatically tailor the dia-
logue while also directly asking users for their preferences to ensure the system remains
sensitive to their self-identified needs [263]. Beyond style, researchers may also explore
how users’ own communication preferences or affective states can be dynamically inferred
and incorporated into the agent’s dialogue behavior [167, 246]. In summary, building on
persuasive technology and dialogue research by incorporating dynamic user modeling,
such as detecting a user’s emotional state or personal communication preferences, should
enhance alignment dialogue effectiveness and engagement [167, 224].

Finally, future work should expand the exploration of how information collected from
alignment dialogues is presented to other stakeholders, particularly healthcare profession-
als. While this dissertation introduced three distinct formats for presenting conversational
data, the optimal presentation likely varies with the stakeholder’s role, tasks, and con-
straints. In practice, the optimal way to present information may vary depending on
task complexity, professional role, or time constraints [72]. For example, a general practi-
tioner may prefer a concise summary linked to medication adherence, whereas a lifestyle
coach might benefit from a more holistic overview of the patient’s motivational patterns.
Furthermore, individual preferences and information processing styles, both from users
and professionals, could play a role in shaping what constitutes an effective presentation.
Adaptive presentation mechanisms, which adjust not only the structure but also the gran-
ularity and modality of information, could be a promising direction [19]. This aligns with
emerging research in explainable AI and clinical decision support systems, where explain-
ability gains are only achieved when the content is aligned to the user’s role and needs
[19].

Together, these directions point toward a broader research agenda aimed at refin-
ing, contextualizing, and operationalizing alignment dialogue as a mechanism for im-
proving human-agent collaboration in behavior support. Doing so will require integrat-
ing insights from interaction design, persuasive communication, AI interpretability, and
domain-specific expertise [19, 72].
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7.4 Contributions
7.4.1 Scientific
Conceptual This dissertation introduces and formalizes the concept of alignment dia-
loguewithin the context of human-AI interaction, specifically in behavior support systems.
Rather than positioning dialogue as a surface-level interface or a method for information
delivery, alignment dialogue is framed as a core mechanism for resolving misalignment
between system assumptions and user needs. This reframing contributes to ongoing dis-
cussions on user modeling and AI transparency by treating misalignment as a situated,
co-constructed process rather than a static data mismatch. By shifting attention from
what information is collected to why and how it is elicited, this work builds a conceptual
foundation for designing AI systems that are not only reactive but interpretively proactive
in aligning with users. This framing also broadens the scope of user modeling from demo-
graphic or behavioral data to include values, contextual constraints, and motivational nu-
ances—elements that are often overlooked in technical models but critical for real-world
support.

Theoretical Building on the conceptual framing of alignment dialogue, this dissertation
refines several theoretical propositions about how alignment is achieved, interpreted, and
experienced in human-AI interaction. This work refines and supports a set of theoretical
propositions about user models and transparency in AI systems. Notably, it argues that (1)
a well-defined user model is essential for meaningful alignment, but that (2) transparency
is not merely a system property; it is a communicative act shaped by representation and
context. Furthermore, the work shows that (3) emotional and motivational impact on
users is as important as information accuracy, particularly when interpreting agent feed-
back or summaries. Lastly, it proposes that failures to collect relevant user information in
a dialogue are more indicative of design flaws than user inadequacy, shifting responsibil-
ity from the user to the interaction design. These refined propositions contribute to the
broader theoretical landscape on human-AI alignment, trust, and co-adaptation.

Methodological This dissertation identifies a keymethodological challenge in designing
alignment dialogues: how does the agent know when the alignment dialogue is complete?
In other words, at what point is the collected information sufficient for reasoning or han-
dover? This challenge of dialogue completeness leads to broader questions about what
should be included in a user model, how it should be represented, and how to determine
its adequacy in real time. In hindsight, one might ask why a predefined theory (e.g., value
frameworks, behavior models) was not directly applied as the basis for the user model
content. However, doing so would have risked prematurely narrowing the dialogue space.
By surfacing this issue explicitly, the dissertation contributes to the methodological dis-
course on alignment by proposing new techniques and clarifying the underlying problems
that such techniques must address. This work instead argues that the content of the user
model should emerge from interaction itself, guided by but not limited to fixed categories.
This interaction perspective is supported by dialogue systems that provide reason-based
explanations grounded in the user’s specific goals and beliefs, which has been shown to
significantly increase the intention to change behaviors compared to non-tailored advice
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[4]. By grounding explanations in the user’s own internal logic, the system moves beyond
generic prompts toward more personally resonant support.

Additionally, the dissertation develops a structured framework for evaluating how
agent-collected user information can be transformed into effective communication arti-
facts for third parties, such as healthcare professionals. The dissertation proposes three
distinct formats for presenting agent-user dialogues (Original Dialogues, Structured Lists,
and 360° Visual Tools) and systematically compares their impact on comprehension, effi-
ciency, and perceived usefulness. This comparative lens provides a novel design space for
information relay in hybrid intelligence¹ systems.

Moreover, the methodological approach spans both qualitative and quantitative
phases: from expert interviews to scenario-based experiments. Rather than grounding the
usermodel in a fixed theoretical framework from the outset, this work takes an interaction-
first approach: user model content is allowed to emerge through conversation, guided
by but not restricted to predefined categories such as values, barriers, or contextual con-
straints. This methodological stance supports flexibility and sensitivity to the situated
nature of behavior, while highlighting the need for future work on criteria for dialogue
sufficiency and user model adequacy.

Empirical Empirically, this dissertation offers a multi-perspective investigation into
how alignment dialogues function in behavior support contexts. A qualitative focus group
study (Chapter 2) revealed how users emotionally respond to different dialogue designs,
identifying critical sensitivities around tone, perceived judgment, and the agent’s framing
of non-compliance. A follow-up experiment (Chapter 3) showed that different dialogue
strategies elicit different types of user information, with open-ended formats producing
richer but more taxing responses, and structured options improving ease of use at the cost
of depth. A second qualitative study with healthcare experts (Chapter 4) provided insights
into how such dialogues could mediate between users and professionals, highlighting the
importance of contextual data and profession-specific information needs. Finally, a con-
trolled experiment (Chapter 5) demonstrated that the format in which dialogue content
is presented—Original Dialogue, Structured List, or 360° Visual Tool—affects comprehen-
sion, efficiency, and perceived usefulness. Together, these studies empirically validate the
idea that dialogue design and presentation structure are not neutral choices. They actively
shape what is learned, how it is interpreted, and how it is used. This means that designing
alignment dialogues cannot be treated as a purely technical problem. It must be addressed
as an interactional and communicative process, sensitive to format, audience, and context.

7.4.2 Societal
Supporting People’s Behavior Goals At a societal level, this research supports the de-
velopment of AI systems that better assist individuals in achieving their behavior goals,
particularly in health and lifestyle contexts. Chronic diseases linked to lifestyle—such as
diabetes, cardiovascular disease, and obesity—account for approximately 74%² of global
deaths and a major share of healthcare costs³. By enabling systems to better understand

¹as in intelligence of an agent and that of a human supporter
²https://www.who.int/news-room/fact-sheets/detail/noncommunicable-diseases
³https://www.cdc.gov/chronic-disease/data-research/facts-stats/index.html
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why people fail to adhere to certain behaviors, rather than merely that they fail, this work
opens new pathways for compassionate, contextualized support. The alignment dialogue
approach aims to avoid punitive or overly simplistic nudging and instead aims to increase
users’ agency and sense of being understood, both of which are key factors in long-term
motivation and engagement.

Alleviating Healthcare Professionals’ Burden This work also contributes to reducing
the cognitive and administrative burden on healthcare professionals. Clinician burnout
and time constraints are widespread, with studies indicating that primary care providers
spend nearly half their working hours on administrative tasks and documentation rather
than direct patient care [293]. In healthcare settings where professionals have limited time
for each patient, the agent-mediated summaries studied in this thesis offer a potential way
to transfer nuanced behavioral data in digestible formats. This can improve continuity of
care, support shared decision-making, and allow human experts to focus on empathetic
or judgment-based reasoning rather than routine data elicitation. Such blended human-
AI approaches are especially relevant in overburdened healthcare systems, and align with
broader societal goals around accessible and scalable care [108].

Responsible AI System Design Finally, the thesis advances the field of responsible AI
by showing that alignment is not just about getting the system to meet a technical goal,
but about building mutual understanding between the AI and the human, in a way that
depends on the situation and the people involved. The system is not designed to optimize
user compliance but to foster shared understanding between human and machine, and, in
some cases, between multiple human stakeholders. This reframing supports current ef-
forts in AI ethics to prioritize transparency, respect for user autonomy and fairness. This
reframing aligns with emerging perspectives in AI ethics that argue for moving beyond
accuracy and explainability alone, toward systems that support autonomy, dignity, and
meaningful human control [115, 217, 221]. Moreover, by addressing the tension between
user-facing and professional-facing representations, the work highlights the need for dif-
ferentiated transparency, where system outputs are tailored not just to “explain the model”
but to support actual human decision-making in context.

7.5 Ethical reflection
7.5.1 When support becomes “bad”
While the goal of alignment dialogue is to support users in a personalized and respectful
manner, it also raises the question: what if the user wants to be supported in ways that
cause harm, either to themselves, others, or society at large? This ethical dilemma high-
lights a key risk: the potential for systems that are “aligned” with a user’s stated intentions
to nonetheless misalign with broader human or societal values.

This concern echoes the ancient myth of King Midas, who wished that everything he
touched would turn to gold, which was granted, but at devastating personal cost. In the
context of AI, this metaphor captures a core challenge: just because a system does what
the user wants, does not mean it is doing what is good. In behavior support systems,
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this becomes especially delicate when systems risk enabling unhealthy, self-destructive,
or socially irresponsible behaviors under the banner of personalization.

This tension is well-discussed in the AI ethics and alignment literature. One promi-
nent formulation is the AI alignment problem—the challenge of designing systems that
“do what we want them to do” in a way that is robust, beneficial, and aligned across dif-
ferent levels of value [124, 278]. Scholars have long warned that systems optimized for
human preferences or utility functions, when poorly specified, can produce unintended
and harmful consequences, even when they technically fulfill their goals. Examples in-
clude systems that prioritize engagement at the expense of well-being, or that reinforce
harmful biases under the guise of personalization [221, 286]. To address this, research has
explored modeling the specific ethical priorities that influence decision-making, ensuring
that system behavior remains aligned across different levels of value [282]. These models
provide a structured way to navigate the trade-offs between individual user wishes and
broader ethical requirements.

These concerns draw attention to a subtler, but highly relevant case for behavior sup-
port systems: a userwants something that violates social norms, undermines public health,
or propagates harmful ideology. If the agent complies, because the user model “says so,”
then it is technically aligned but morally and socially misaligned. From this angle, align-
ment must be treated as a multi-level challenge, not merely a user-system relation. It
requires sensitivity to community norms, professional ethics, and broader societal goals
[225, 292]. Scholars have argued that true alignment must include value pluralism, moral
oversight, and a feedback loop with human norms, not just individual goals [114, 124].

In the context of alignment dialogue, this presents a concrete design challenge: how
should the agent respond if a user requests support for harmful behavior, e.g., overexercis-
ing to dangerous levels, manipulating others, or skipping medication against medical ad-
vice? Options include refusal, gentle redirection, or escalation to a human expert. But any
approach requires the system to recognize ethical red lines and balance personalization
with normative safeguards [330]. Adopting a principlist-based framework for the ethical
design of social agents can help ensure that such systems remain acceptable while adher-
ing to core moral principles [269]. Such frameworks provide the necessary “normative
safeguards” to prevent personalization from veering into ethically questionable territory.

Ultimately, this reflection situates alignment dialogue within the broader ethical land-
scape of AI system design. It highlights that personalization must not come at the expense
of responsibility. The success of an alignment dialogue should be measured not only by
how well it reflects the user’s wishes, but by whether the resulting system behavior is
compatible with human flourishing, fairness, and long-term societal good [124, 278].

7.5.2 Health is an ethical concept
This thesis examines alignment dialogue in the context of lifestyle support, with the goal of
helping people live healthier lives through AI-mediated behavior change. Although health
is often treated as a neutral, objective goal, numerous scholars in bioethics, philosophy of
medicine, and critical public health have argued that health is inherently a normative,
value-laden concept [233]. It is not only a biological state but also a value-laden judgment
shaped by cultural norms, political priorities, and moral assumptions.

The question “What is healthy?” is not universally agreed upon. It is shaped by who
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gets to define health, what is socially desirable, and what kinds of bodies, lifestyles, and
risks are considered acceptable. For example, labeling someone as “unhealthy” can implic-
itly carry moral undertones, of irresponsibility, failure, or burdening the system. In many
cultures, thinness is equated with discipline and self-control while fatness is equated with
laziness andmoral weakness [276]. This parallels the ideology of healthism, which elevates
health to a moral “super-value,” implicitly blaming those who deviate from it [80].

This ethical dimension becomes particularly relevant in the context of alignment dia-
logue. When an agent encourages a user to pursue “healthier” behavior, it risks promot-
ing a normative model of health that may not align with the user’s values, identity, or
lived experience. For example, a user may reject weight-loss goals not out of ignorance
or non-compliance, but because they find such goals psychologically harmful or socially
oppressive [179, 235]. In these cases, insisting on support for “healthy” behaviors can feel
coercive rather than empowering.

Moreover, there are real tensions between medical authority and user autonomy, es-
pecially when users make decisions that go against clinical guidelines but are based on
legitimate personal values, such as religious beliefs, emotional well-being, or social iden-
tity. In alignment dialogues, this creates a critical design question: How should the system
respond when the user resists “expert” advice for good reasons? Does the agent continue
to persuade, step back, or adapt its model of what “support” means?

These challenges highlight the need for alignment dialogues to be value-sensitive, not
merely outcome-oriented or goal-oriented. The system must be capable of recognizing
that resistance is not necessarily a failure of alignment, but sometimes a signal of value
misalignment between medical norms and user priorities. In such cases, supporting the
usermaymean helping them articulate and defend their own position, rather than pushing
them toward predefined behavior goals.

Ultimately, this perspective reframes alignment not as obedience to expert norms, but
as a mutual process of ethical negotiation, where the AI system learns when to defer, when
to adapt, and when to challenge. In doing so, alignment dialogue becomes a powerful site
for enacting not just personalization, but respectful and pluralistic care.

7.5.3 Positionality Statement
In this dissertation, I acknowledge my own position and subjectivity as an integral part of
the research process. The work presented here sits at the intersection of human-centered
AI, behavior support systems, and ethical design. Throughout the studies, I approached
these themes not only from a technical and methodological standpoint, but also from a
personal commitment to improving the way AI systems interact with and represent users,
particularly in domains involving health, motivation, and autonomy.

My academic background is in human-computer interaction and artificial intelligence,
and I have professional experience both in academic research and in applied research en-
vironments. During my time at TNO, I worked closely with researchers and stakehold-
ers /experts in healthcare, which shaped my sensitivity to the ethical stakes of behavior
change interventions, especially for populations who may experience unequal access to
care or digital resources.

While I do not share the lived experiences of all the users and professionals discussed in
this thesis, such as patients managing chronic conditions or frontline healthcare workers,
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I engaged with their perspectives through interviews, literature, and critical reflection.
In designing dialogue strategies and information presentation formats, I aimed to avoid
framing users as passive data sources or problems to be fixed, and instead centered their
reasoning, values, and contextual constraints.

At the same time, I recognize my position as an academic researcher with relative
privilege in terms of education and access to AI systems. This shapes my worldview
and research priorities, including my interest in transparency, personalization, and in-
terpretability. I also acknowledge the limitations of designing for values and contexts I do
not fully inhabit. Wherever possible, I aimed to build in participatory elements, empirical
grounding, and multiple voices, from experts, users, and systems designers, to ensure a
more robust and reflective design process.

This positionality shapes not only how the research questions were framed, but also
how findings were interpreted and what trade-offs were considered acceptable in the de-
sign of alignment dialogues. It reminds me that all design, even that which aspires to be
“user-centered”, carries assumptions and values. Making these visible is part of striving
for more accountable and human-centered AI.

7.6 Final remarks
Behavior change is never just about what people do. It is deeply shaped by why they act,
when they struggle, and how they are understood. In an erawhere AI systems increasingly
participate in guiding human decision-making, from daily habits to long-term health goals,
the challenge is no longer just what advice these systems provide, but how well the advice
aligns with the person it aims to support.

This thesis explored that challenge through the lens of alignment dialogue: structured
conversations between AI systems and users intended not merely to extract information,
but to co-construct understanding. These dialogues serve a dual role—both as a window
into the user’s lived experience and as a foundation for more tailored, meaningful support.
In doing so, they also act as an interpretive bridge between users and human professionals,
such as coaches or clinicians.

Throughout the chapters, we investigated what makes alignment dialogue effective,
what kinds of user information are worth collecting, how this information can be pre-
sented to third parties, and what it takes to implement such systems in practice. We found
that different strategies lead to different user experiences, that comprehension and useful-
ness are sensitive to presentation format and length, and that the question of “what should
be in a user model” is not merely technical; it is design, context, and value dependent.

The contribution of this thesis lies not in offering a universal solution, but in carving
out a human-centered design space for behavior support agents. Rather than relying solely
on behavioral data or preset logic, we advocate for systems that dialogue, that listen, that
evolve in conversation with the user. And crucially, we suggest that the success of these
systems should not be measured solely by compliance or efficiency, but by how well they
align with the user’s goals, context, and evolving self-understanding.

In that spirit, this thesis invites future researchers, designers, and practitioners tomove
beyond personalization as prediction, and toward alignment as collaborative interpreta-
tion. Whether in healthcare, well-being, or beyond, the future of responsible AI will de-
pend not only on better models, but on better conversations.
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Table A.1: Selected participant quotes regarding dialogue interactions

Ref Participant Quotation

[Q1] “Since you’re going to have unhealthy food” It feels like a judgment value on
the food.

[Q2] I think dialogue A is quite rude because it’s just pointing out his behaviors
with a lot of questions, and that could annoy the user.

[Q3] It suddenly asks me according to my habit, that makes me very confused. I’ve
never used anything which asks me suddenly.

[Q4] Just saying “you set this goal,” it’s very annoying.
[Q5] B just gives me guilt, like “oh is health more important than your comfort?”
[Q6] I don’t understand why both dialogues end with “Is convenient also important

so I should register in the system.” I don’t get what the point of that question
is for the app.

[Q7] I understand why B is asking this way, because it tries to learn you so that it
can optimize in the next discussions and so on. But from a user’s perspective,
it’s not user friendly.

[Q8] It suddenly asks me according to my habit, that makes me very confused. I’ve
never used anything which asks me suddenly.

[Q9] It’s annoying, because I already said I don’t want to go running because it’s
raining, but it’s again suggesting me another outdoor activities.

[Q10] Usually something tells me just to do it and I can’t do it at that moment, I forget
again. Then I’d think it’s not useful.



Alignment dialogues

● Goal: provide support that is in alignment with the needs of the user
● Misalignment: the support doesn’t correspond with what the user wants or 

needs
● → Users and system working together in a way that is beneficial for the 

users, and allows them to shape their lives in accordance to what they find 
important.

11

Persona John
John (55) is an experienced salesman. 
He is good at his job. His clients and 
colleagues love to work with him. In his 
free time, he likes to cook some fancy 
dishes and hangs out with friends and 
family.

He suffers from high blood pressure. He 
needs to take medicine everyday to get it 
under control. In addition, his doctor 
recommends him to exercise and eat 
healthier, i.e. less salt, less oil. We are 
developing a support system to help him 
with his life with respect to the disease.

12
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Figure A.1: Material presented to the participants in the focus group



It is advised for John to be more physically active. From the previous interactions, 
the system had acquired some information from John that he likes running, 
cycling, and some home fitness. The system decides to suggest John 
Monday-running, Thursday-cycling, Saturday-home fitness.

The system has scheduled today to be a running day. However, the weather is bad 
- it has been raining outside all day. John doesn’t want to go running when it’s 
raining. Below are two dialogues between John and the system, talking about this 
situation.

Scenario 1

13

John: It’s raining outside. I don’t want to go running today.

System: Why not?

John: Because it’s raining.

System: So when it’s raining, it means you don’t go running?

John: Yes.

System: Okay, I will remember this next time. What about 
cycling?

John: Also no, because it’s raining.

System: So when it’s raining, it means you don’t want to go 
running and cycling?

John: Yes, no outdoor basically.

System: Okay, what about doing home fitness today?

John: Okay!

John: It’s raining outside. I don’t want to go running today.

System: Do you not want to go running today because it’s raining?

John: Yes.

System: Why do you not want to go running when it’s raining?

John: Because I would get wet.

System: You don’t want to get wet?

John: No, it’s not comfortable.

System: Does that mean comfort is more important than your 
health?

John: No, it’s not like that. But I prefer to do other indoor exercises 
so I can have both comfort and health.

System: Okay, I will take this into account next time. So I assume 
you are fine with doing home fitness today?

John: Okay!

A B
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Figure A.1: Material presented to the participants in the focus group (cont.).



John has a very busy day today. 
Even though he’s supposed to go 
exercise today, he doesn’t feel like 
it because he’s too tired.

On the right side is the 
conversation about this.

Scenario 2 System: It's a running day again! Luckily the weather is nice. 

John: I don't want to exercise today. I'm so tired already. It was such 
a busy day at the office.

System: But you set the goal to go running today.

John: But I'm really too tired. I'm not exercising. I will skip today.

System: Okay

(Optional)

System: What about we move it to tomorrow?

John: Yeah that can work.

System: Is this a one-time thing? Or should I as a general 
rule, not suggest you exercise when you are tired?

15

John will have friends coming over 
on the coming Saturday because 
it’s his birthday. On a special 
occasion like this, he just wants to 
enjoy the moment and doesn’t 
want to follow the strict diet.

On the right side are the 
conversation about this.

Scenario 3 John: Next Friday is my birthday. I'll have a party with my friends 
and family. We want to eat pizza and cake. We also want to have 
beers.

System: Okay, I know enjoyment is also important to you.

System: I know that it’s your birthday next Friday. Are you planning 
to celebrate?

John: Yes, I will celebrate with my family.

System: Do you already know what you want to eat?

John: We want to order pizzas. We’ll also have cake and drink 
beers. Gezellig!

System: That sounds very nice! Since you are going to have 
unhealthy food, I will adjust your diet these days: bland diet to 
balance the unhealthy food on Friday, so that it’s not too much of a 
burden to your body. Is that okay?

John: Okay. 

A

B
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Figure A.1: Material presented to the participants in the focus group (cont.).



Scenario 3 - severe consequence

Imagine another similar scenario but with a more serious consequence. For example, if our user’s 
health condition is even worse - he has very bad diabetes. If they have the unhealthy food, their 
blood sugar would go high too fast and it could be very dangerous. If it’s this scenario, what would 
the conversation be? Should the system still make an exception? If not, what does it do?

17

Having this kind of exercise 
schedule for a while, John feels like 
it’s too rigid. He doesn’t want to do 
the same exercise on a certain day.

On the right side is the 
conversation about this.

Scenario 4 John: I don’t like how the exercise schedule is right now.

System: Why not?

John: I feel like it’s too rigid - it’s always Monday-running, 
Thursday-cycling, Saturday-home fitness. There’s no variety.

System: Are you no longer motivated to do home fitness?

John: I am, I just want more variety.

System: Do you want me to suggest exercises more randomly?

John: Yes, that would be great.

System: Is that all?

John: I would like to add more exercise possibilities in the list. Three 
kinds of exercise is a bit too repetitive. Can you add swimming and 
yoga too?

System: Okay!

18
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Figure A.1: Material presented to the participants in the focus group (cont.).



Since John wants to be more healthy, the system suggests him to go to work by 
bike. He complies to this advice very well; yet, not for the health reason but to be 
more environmental.

One day, he starts to take the bus to work. The system notices this and asks John 
about it. Below you would see two dialogues between John and the system, 
talking about this situation.

Scenario 5
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(After the system notices John’s non-compliance behaviour)

System: I noticed that you take the bus to work quite often 
recently.

John: Yes, it’s more convenient and good for the environment.

System: I thought you wanted to be more physically active.

John: I do, that’s why I have the exercise schedule.

System: I thought you cycled to work to be even more healthy.

John: Nah, I cycled to work because it’s more environmentally 
friendly than driving. But now there’s a new bus stop in front 
of the house. I decided to take the bus because it’s both 
environmentally friendly and convenient!

System: Is convenience also important to you? If it is, I should 
register in the system.

System: It’s a good idea to cycle to work to achieve your 
goal of being more healthy.

John: I’m doing it now everyday already. But I just 
thought it’s better for the environment than driving, not 
really for the health reason.

System: I see, so you’re not biking to work to be more 
healthy?

John: No,  in fact, I might start taking the bus to work 
instead because there will be a new route. It’s 
convenient!

System: Is convenience also important to you? If it is, I 
should register in the system.

A B
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Figure A.1: Material presented to the participants in the focus group (cont.).



One day, John doesn’t feel like 
going to the gym. But the system 
insists that he go.

On the right side is the 
conversation about this.

Scenario 6 John: I don’t want to go to the gym today.

System: But it’s your goal to exercise more.

John: I just don’t feel like it today.

System: Why not? Can I help somehow?

John: I just don’t, there’s no reason. You cannot help.

System: But you should exercise today. Let me help you.

John: I don’t want to exercise today. Stop bothering me.

System: It’s good for your health. You should do it.

John: I don’t feel like it. Not today.

System: But you said so yourself that you want to be healthy.

John: I’m not going no matter what you say. So stop being so 
annoying. I just don’t want to do it today.
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Figure A.1: Material presented to the participants in the focus group (cont.).
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Figure B.1: Screenshot of a participant’s conversation with the dialogue agent in the Exploratory Dialogue con-
dition.
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Figure B.2: Screenshot of a participant’s conversation with the dialogue agent in the Focused Dialogue condition.
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Figure B.3: Screenshot of a participant’s conversation with the dialogue agent in the Structured Choice Dialogue
condition.
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B.1 Options in the Structured Choice Dialogue
condition

Social Aspects
Question: What social aspects in this situation contribute to your choice?
Options:

• Roles (as a parent, a colleague, etc)
Options: Partner, Parent, Sibling, Child, Extended family, Coworker, Neighbor,
Friend, Supervisor, Group member, Other.

• Hierarchy
Options: Higher than me, Same, Lower than me.

• Contact frequency
Options: Scale: 1 (not frequent at all) – 5 (very frequent).

• Relationship quality
Options: Scale: 1 (not good at all) – 5 (very good).

• Acquaintance depth
Options: Scale: 1 (not close at all) – 5 (very close).

• Formality level
Options: Scale: 1 (not formal at all) – 5 (very formal).

Contextual Aspects
Question: What contextual aspects in this situation contribute to your choice?
Options:

• Location/distance-related
Question: How much time does it typically take to travel between the location of
your reason and your goal location?
Options: 0–1 hour, 1–2 hours, 2–4 hours, More.

• Weather-related
Options:Temperature, Precipitation, Cloud coverage, Other.

• Timing-related
Options:Which day of the week it is, The hour of the day it is, Other.

• Prior behavior-related
Options:

– The number of times I prioritize something else over [the reason provided].
– The last time I [the reason provided].
– The number of times I have complied with my goal.
– Other.
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Personal Values
Question: What personal values contribute to your choice in this situation?
Options:

• Sense of belonging: To be accepted and needed by our family, friends, and com-
munity.

• Excitement: To experience stimulation and thrills.

• Warm relationships with others: To have close companionships and intimate
friendships.

• Self-fulfillment: To find peace of mind and to make the best use of your talents.

• Being well-respected: To be admired by others and to receive recognition.

• Fun and enjoyment in life: To lead a pleasurable, happy life.

• Security: To be safe and protected from misfortune and attack.

• Self-respect: To be proud of yourself and confident with who you are.

• A sense of accomplishment: To succeed at what you want to do.
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C.1 Diabetes Expert Focus Group Notes
Date: 02 December 2024

Part 1: Current state
Pre-diagnostic phase:

• Conversational AI: currently we have thuisarts → could be more advances with
conversational AI

Diagnosis
• GP and patient talk → glucose is measured

• Second step: referral from the lab

• Challenges:

– Often it’s too late when the patient sees the GP
– People can also only suffer from impaired glucose tolerance which the lab

doesn’t find
– Patient not following up diagnosis
– If patients are invited based on BMI or something, the challenge is if they

will actually come, if they don’t have direct symptoms, they don’t deem it
necessary

Initial Treatment
• Awareness; purpose or assisting method?

• Plan voor zorg op maat

– Maturity of disease
– Comorbidities
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– Seeing what’s best for him/her
– Not really standardized in a sense that there is a tool used by everyone

• Purpose could be that there is an individualized treatment plan

• Researcher A: Either lifestyle changes or medication immediately

– Several groups of patient and that influences what healthcare providers are
involved

Chronic phase
• Objectives: Prevent heavy medication

Values
• Motivational interviews are used and these elements will come back in these inter-
views. Importance really depends on the person that you are talking to

• Researcher B: most patients health literacy

• Researcher A: what you mentioned is more in the knowledge domain not enough
to change behavior

• Here are a lot of overlapping things

• Norms is important but the social influences broader than social support are impor-
tant

• If someone has a partner and you eat together that is a larger influence

• Emotional consequences and value system not very often discussed

• First they tell plusses minuses, underlying values and emotions are hardly touched
upon in the conversation

• But if people don’t change than that might be a topic of conversation

• Timeline is very important; picking up on if it doesn’t succeed, then you go layers
deeper

– Nurse practitioner sees patients 3 times a year → not often
– Strengths in conversational AI will be in between these moments
– I would not like the Conv AI to ask personal questions; questions that

• People already behaved in a certain way; they do that for a reason → What do you
want to change → a person has new experiences and you have to get into those
experiences

• Not categorise in advance but you have to start somewhere

– Which topic would Health professional start on

• A lot of research done on this ; why are people not complying to their goal
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Part 2: AI functionalities
Concluding questions

1. Importance for patients to learn about their own model

• Good for the patient to learn why the information is collected - not sure if
they have to know how the model is working but they need to know why
some information is being asked for.

• Good that there is some notion of sharing it with GP so that there is more trust
in the model.

• You should have something like informed consent - you HAVE to tell them,
you are not allowed to not tell them.

• You should do that on a general level, and not go into detail about it (GDPR).
• Level of detail required is personal, there should be an option to get more
information but for most people that will be too complicated.

• Two levels
– Privacy GDPR
– Information need from user

2. How do the healthcare providers want the information presented?

• 360∘ degrees diagnose tool → could be helpful to collect data that is relevant
for that tool

• Would look like report, similar to a report-overview of areas that are relevant
with some concise points on what is important

• Differs per healthcare provider what kind of information they need only infor-
mation on things that drive medical decisions and nothing else that or a lot
that requires a lot of reading

• Diabetes nurse would also like some information on norms, values, what are
reasons not to adhere to certain behavior
– Could also be financial situation that is not an easy question and not com-

mon in healthcare setting.
• What is keeping them from healthy behavior? That is important for providers
• More contextual factors, normally not discussed during consultation. Consul-
tation is sometimes only once a year and then only 10 minutes

• Summarize in easy way, so that GP can only ask confirmation → help getting
to the problem quicker

• Even, a GP has multiple of these agents like summarization of whole practice
would be very helpful

• What kind of patients are they treating? Are there similar patients→ steering
practice of GP → Then you need to have all agents’ information aggregated
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