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Abstract

Understanding and improving how people interact with digital systems requires
both reliable signals about user context and practical methods for evaluating interface
quality. This thesis investigates how two complementary forms of intelligence, implicit
sensing and Large Language Models (LLMs), can support these goals across real-time
interaction and design-time analysis.

Part I focuses on AI for interaction, studying implicit interaction mechanisms
in which smartphones act as sensing and inference devices that reduce the need
for explicit user input. The thesis introduces and evaluates mobile sensing tech-
niques capable of recognizing car-related events and behaviors, including parking
and unparking transitions and cruising-for-parking patterns, under constraints of
deployability and low resource consumption. It further explores how short-range
wireless cues, such as Bluetooth Low Energy, can complement motion and location
traces to enable context-aware support in mobility settings. Together, these con-
tributions show how implicit sensing can reduce user effort and enable proactive
assistance, while also surfacing the interaction challenges introduced by uncertainty
and misclassification.

Part II examines LLMs for interaction engineering and design evaluation. Rather
than treating LLMs as general-purpose chat interfaces, the thesis studies them
as components within interactive pipelines that generate inspectable intermediate
artifacts. Through a set of empirical and methodological studies, it investigates
LLM-supported evaluation (including walkthrough-inspired critique generation and
adaptations of heuristic evaluation for proactive and implicit systems), LLM adop-
tion in early-stage need finding, and the automation of structured tasks such as
transforming unstructured descriptions into form-ready input. The findings highlight
a recurring duality: LLMs can accelerate work and produce useful, context-sensitive
outputs, but they can also introduce plausible yet incorrect content and inconsistent
reasoning. The thesis therefore treats fallibility as a design constraint, examining
workflows and interaction patterns that make uncertainty visible, support verifica-
tion, and enable effective correction and repair while preserving user control and
trust.

Overall, this thesis presents a unified view of AI-augmented interaction that
spans low-level sensing of human behavior and high-level reasoning about interfaces
and user tasks. It argues that the practical value of AI in interactive systems depends
less on fully eliminating errors and more on designing mechanisms that keep humans
informed, in control, and able to recover when automation fails.
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Chapter 1

Introduction

Interactive systems are increasingly expected to adapt to users, anticipate needs,
and provide meaningful support in contexts where attention is scarce and mistakes
have real consequences. Two technological shifts are making this expectation more
realistic, but also more demanding from a design and engineering standpoint. First,
mobile devices have become pervasive sensing platforms that can infer relevant
aspects of a user’s situation without requiring continuous explicit input, enabling
forms of implicit interaction that move effort from the user to the system [185].
Second, large language models (LLMs) have made natural language a viable interface,
not only for operating systems but also for supporting core activities in Human–
Computer Interaction such as design and evaluation [189]. This thesis studies how
these capabilities can be engineered and evaluated in a human-centered way, with
the goal of reducing user effort while preserving transparency, control, and trust.

A recurring tension in interaction design is that the most valuable moments for
support often happen when explicit interaction is least feasible. In mobility scenarios,
attention is constrained and even simple interactions may be unsafe or impractical
[39]. In administrative and professional work, user effort is instead absorbed by
repeated translations between informal information (notes, emails, documents) and
rigid system inputs (forms, schemas, configuration fields), where mixed-initiative
interaction can reduce friction while keeping the human in the loop [90]. Despite
their differences, these settings share the same underlying question: how can systems
take on more of the work without becoming opaque, brittle, or unaccountable, and
without turning inevitable automation errors into user-facing failures [35].

This thesis addresses this question through contributions that span two comple-
mentary directions. Part I focuses on AI for interaction, investigating how sensing,
inference, and lightweight AI techniques can be treated as interaction mechanisms
that enable implicit input and proactive support, with mobility serving as a demand-
ing testbed and application domain [39]. Part II focuses on LLMs for interaction
engineering and design evaluation, studying how LLMs can be embedded into interac-
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tive pipelines that generate inspectable intermediate artifacts, and how these systems
can support evaluation, early-stage design work, and reliable task automation under
human oversight [189, 90]. Together, these contributions frame automation not as a
replacement for interaction, but as a design material whose value depends on how
well uncertainty is managed and how effectively users can understand, verify, and
correct the system’s behavior [35].

1.1 AI for interaction: implicit interaction methods and
smart mobility case studies

The first line of work investigates how AI can be embedded into interaction
itself, enabling systems that reduce user effort by relying on implicit signals rather
than continuous explicit input [39, 33]. The core idea is to treat sensing and
inference as interaction primitives: the system observes everyday traces (e.g., motion
activity, location patterns, and short-range wireless cues) and turns them into user-
facing effects that remove manual steps, reminders, and repetitive reporting. This
perspective is particularly valuable in contexts where explicit interaction is costly or
unsafe, and where intent is often expressed through behavior rather than articulated
through commands [185].

A first cluster of contributions grounds these ideas in the parking domain, used
as a demanding real-world setting to develop and validate implicit interaction
techniques. The thesis introduces smartphone-based approaches for detecting car-
related events under practical constraints, emphasizing lightweight computation,
low battery impact, and deployability [39]. It complements these methods with an
interactive demonstrator that illustrates how implicit sensing can be surfaced as
actionable interface behavior, helping users complete car-related tasks with minimal
manual input [33]. The work then extends from discrete event recognition toward
higher-level driving behaviors that enable proactive support, including cruising-for-
parking detection [40]. Finally, it reflects on how AI techniques can be operationalized
within mobile applications for car-parking tasks, consolidating methodological choices
and design implications emerging from these studies [32].

A second cluster expands implicit interaction beyond motion and location traces
by leveraging Bluetooth Low Energy (BLE) as an additional source of context.
Here, the thesis explores how smartphone BLE beaconing can be used to infer
human presence and support more context-aware experiences in automated mobility
settings [62, 61]. These studies treat BLE not as a standalone sensing solution
but as a complementary interaction signal, contributing evidence about feasibility,
limitations, and the kinds of user-facing support that such inferred context can
responsibly enable.
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A third cluster shifts the focus from sensing people’s context to interpreting their
environment through LLMs, investigating how language models can be exploited
“out of the box” for indoor localization from evacuation maps and other spatial
artifacts. The thesis explores the extent to which LLMs can transform map content
into actionable localization cues, and what kinds of interaction scaffolding are needed
when the underlying reasoning is uncertain or approximate [201]. This line of work
broadens the thesis perspective on context awareness, moving from implicit sensing
signals to language-mediated spatial understanding while still targeting practical,
safety-relevant scenarios.

Finally, a fourth cluster connects implicit interaction to user input support
through LLMs, focusing on the transformation of unstructured user descriptions
into structured representations that interactive systems can act upon. The thesis
investigates LLM-based agentic pipelines that generate intermediate artifacts (such as
structured fields or form-ready inputs) that users can inspect and correct, aiming to
reduce friction in workflows where the bottleneck is often the translation from natural
language to structured data [224, 5]. Together, these contributions broaden the scope
of AI for interaction from sensing-based implicit input to language-based structuring
support, while maintaining a consistent emphasis on interaction mechanisms that
keep users in control of automation outputs.

Across these studies, a recurring interaction challenge is that uncertainty and
misclassification are unavoidable, whether the system infers context from sensors or
derives structure from language. The thesis therefore treats fallibility as a first-class
design constraint, linking technical limitations to interface questions about how
systems should communicate confidence, support verification, and recover gracefully
when the inference is wrong [36].

1.2 LLMs for interaction engineering and design evalu-
ation

The second, and main, line of work examines how large language models can
support the engineering and evaluation of interactive systems, treating LLMs as
components embedded within workflows rather than as standalone chat interfaces
[190]. In this framing, models produce intermediate artifacts (critiques, rationales,
structured notes, candidate requirements, or reusable context) that users can inspect,
validate, and refine. The goal is to combine automation with the designer’s agency, so
that LLMs accelerate design work while preserving human control and accountability
[91].

The thesis starts from the premise that LLM-based assistance is a form of fallible
automation that must be designed for. In Designing for Fallible Automation, the
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work frames model errors, overconfidence, and variability as predictable interaction
properties, focusing on how interfaces should communicate uncertainty, set expec-
tations, and support recovery when AI output is wrong or misleading [36]. This
perspective motivates the remaining contributions, which treat LLM outputs as
suggestions to be verified and refined, not decisions to be accepted.

In Enhancing Interface Design with AI, the thesis investigates LLM-supported
design evaluation through a cognitive walkthrough inspired tool, examining how
model-generated critiques can be produced from interface evidence and scenarios,
and how useful and trustworthy such feedback is in practice when compared with
human-led evaluation [30]. Complementing this, Heuristic Evaluation of Implicit
Interactions in Proactive Systems extends the evaluation focus to proactive and
implicit interaction, analyzing how traditional heuristic evaluation needs reinter-
pretation when system behavior is driven by inferred context rather than explicit
commands [37].

Part II also addresses earlier stages of user-centered design. In Large Language
Models Adoption in Need Finding, the thesis studies how LLMs can support need
finding and requirements articulation under time and resource constraints, while
characterizing risks such as plausible but ungrounded outputs and the interaction
practices needed to keep human judgment in the loop [42].

These themes are brought together in Transforming Interactive Systems with
Large Language Models, which positions LLMs as accelerators within interactive
pipelines for design and evaluation, and outlines methodological and practical im-
plications for building systems around model-generated artifacts [223]. Finally, in
Memory Augumented Generation, the thesis explores how memory-augmented genera-
tion can improve LLM applications by enabling controlled reuse of context, discussing
implications for reliability, transparency, and user trust when past information is
incorporated into model outputs [222].

Across Part II, the thesis returns to a consistent interaction goal: making LLM
support effective in real settings by designing workflows that surface uncertainty,
encourage verification, and enable efficient correction and repair when model outputs
fail [36].

1.3 Research goals and contributions

The overarching goal of this thesis is to provide methods and evidence for building
interactive systems where AI reduces user effort without undermining user agency
[189]. Concretely, the thesis contributes:

• Smartphone-based implicit interaction techniques for recognizing mobility
context and enabling proactive support in car-related scenarios [39, 33].



1.4 Thesis structure 5

• Models and interaction strategies for detecting higher-level behaviors relevant
to smart parking, including approaches aimed at near-real-time operation
on-device [40].

• LLM-based tooling and workflows that support usability evaluation activities,
with adaptations that make walkthrough-style practices operational through
conversational and mixed-initiative interaction [166, 29, 90].

• Evidence and design implications for integrating LLM assistance in early user-
centered design phases, with attention to verification needs and failure modes
[41, 35].

• A unified perspective on error detection and repair in AI-supported interaction,
bridging sensing-based uncertainty in mobility with generative uncertainty in
LLM-based systems [35].

1.4 Thesis structure

The remainder of this thesis is organized into two main parts, preceded by back-
ground chapters that introduce the conceptual and methodological foundations, and
complemented by dedicated sections that map the dissertation to the corresponding
peer reviewed outputs.

The thesis first motivates the overall research problem, positioning AI as a dual
contribution to interactive systems: on the one hand, as a means to make interaction
more context-aware and less demanding through sensing and inference; on the other
hand, as a tool that can support and accelerate HCI activities such as interface
design, documentation, and evaluation. These introductory chapters frame the
central thread of the dissertation, namely how to benefit from automation while
keeping interaction and design processes robust when AI is uncertain or fallible.

Part I investigates how AI can be embedded into the interaction itself to reduce
user effort and enable proactive support. It focuses on implicit interaction in mobility,
where smartphones act as sensing and inference devices to detect car related events
and behaviors without requiring continuous explicit input. The part introduces the
mobility setting and the sensing rationale, then presents the main technical and
interaction contributions grouped around three themes: (i) implicit interaction for
parking related tasks, (ii) implicit interaction enabled by Bluetooth Low Energy
sensing for context aware mobility, and (iii) LLM based support for transforming user
descriptions into structured input and assisting form completion. Beyond reporting
models and systems, the chapters in this part discuss what these capabilities imply
for real deployments, including reliability, user trust, and the design of proactive
behaviors that avoid distracting or over-automating the user. The publications
associated with Part I are summarized in Section 1.5.1.
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Part II shifts the perspective from AI in the interface to AI as a tool for the people
who design and evaluate interfaces. This part examines methods, systems, and
studies that use LLMs to augment HCI work, with a particular focus on interaction
engineering and design evaluation. The part first introduces the methodological chal-
lenges of using generative models in structured workflows, including reproducibility,
grounding, and assessing output quality. It then presents approaches that lever-
age LLMs to support usability evaluation activities and early stage design tasks,
discussing both the benefits and the practical failure modes that emerge when AI
generated assistance is incomplete, inconsistent, or incorrect. The publications
associated with Part II are summarized in Section 1.5.2.

Chapter 12 synthesize then the two parts through a human centered AI lens. They
highlight a shared theme across sensing driven interaction and LLM based workflow
support: automation can be valuable even when it is fallible. The thesis therefore
emphasizes strategies to keep both interactive systems and design processes robust
under uncertainty, combining proactive capabilities with transparency, user control,
and recovery mechanisms. Finally, the thesis summarizes the main contributions
and outlines directions for future work, including broader validation, deployment
oriented evaluation, and extensions toward more adaptive and context-aware human
AI interaction.

1.5 Declaration of original work and publications

This thesis presents original research conducted during my PhD at Sapienza
University of Rome. The work is my own, and it was developed in a collaborative
research setting through ongoing discussions, feedback, and input from colleagues
and supervisors.

Several parts of the thesis build on results that I previously published and
presented at international conferences and workshops. These contributions informed
the research questions, guided the experimental work, and influenced the findings
reported in the following chapters. In total, the thesis draws on 15 publications (14
of them peer reviewed); in 12 of these, I am the first author or co-first author. It
also builds on 1 patent [155] and 1 Sapienza University Startup [153].

1.5.1 Publications related to Part I: AI for interaction

1.5.1.1 Publications about Implicit Interaction in the parking domain

1. A. Bisante, E. Panizzi, and S. Zeppieri∗, “Implicit Interaction Approach for
Car-related Tasks On Smartphone Applications” in Proceedings of the 2022

∗First or co-first author.
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International Conference on Advanced Visual Interfaces, 2022, pp. 1–5. doi:
10.1145/3531073.3531173. [39]

2. A. Bisante, V. S. V. Datla, S. Zeppieri∗, and E. Panizzi, “Implicit Interaction
Approach for Car-related Tasks On Smartphone Applications - A Demo” in
Proceedings of the 2022 International Conference on Advanced Visual Interfaces,
2022, pp. 1–3. doi: 10.1145/3531073.3534465. [33]

3. A. Bisante, E. Panizzi, and S. Zeppieri, “Cruising-for-Parking Detection
on the Smartphone Based on Implicit Interaction and Machine Learning”
in Proceedings of the 15th International Conference on Automotive User
Interfaces and Interactive Vehicular Applications, 2023, pp. 93–102. doi:
10.1145/3580585.3607162. [40]

4. A. Bisante, V. S. V. Datla, G. Trasciatti, S. Zeppieri∗, and E. Panizzi,
“An Approach to Leverage Artificial Intelligence for Car-Parking Related Mo-
bile Applications” in Engineering Interactive Computer Systems. EICS 2023
International Workshops and Doctoral Consortium, M. Harrison, C. Mar-
tinie, N. Micallef, P. Palanque, A. Schmidt, M. Winckler, E. Yigitbas, and
L. Zaina, Eds., Cham: Springer Nature Switzerland, 2024, pp. 63–71. doi:
https://doi.org/10.1007/978-3-031-59235-5_7. [31]

1.5.1.2 Publications about Implicit Interaction supported through BLE

5. V. S. V. Datla, S. Zeppieri∗, A. Aiuti, A. Bisante, G. Trasciatti, and E. Panizzi,
“Towards Context-Aware UX in Automated Mobility: BLE Based Passenger
Detection via Smartphones” in Proceedings of the 16th Biannual Conference of
the Italian SIGCHI Chapter, in CHItaly ’25. New York, NY, USA: Association
for Computing Machinery, 2025. doi: 10.1145/3750069.3750132. [63]

6. V. S. V. Datla, A. Aiuti, A. Bisante, G. Trasciatti, S. Zeppieri, and E. Panizzi,
“Detecting Human Presence via Smartphone BLE Beaconing: Preliminary
Investigations” in Proceedings of the 24th International Conference on Mobile
and Ubiquitous Multimedia, in MUM ’25. New York, NY, USA: Association
for Computing Machinery, 2025, pp. 483–485. doi: 10.1145/3771882.3773958.
[61]

1.5.1.3 Indoor Localization Using Large Language Models

7. G. Trasciatti, S. Zeppieri, V. S. V. Datla, A. Chambers, and E. Panizzi,
“Investigating out-of-the-box Indoor Localization Using Large Language Models
and Evacuation Maps” (accepted at PERCOM) 2026. [201]

∗First or co-first author.
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1.5.1.4 Publications about Supporting User Input with LLMs

8. S. Zeppieri∗, A. Aiuti, A. Bisante, V. S. V. Datla, G. Trasciatti, and E. Panizzi,
“Engineering Large Language Model Agents for Transforming Unstructured
Descriptions into Structured Input” in Proceedings of the EISEAIT 2025
Workshop (co-located with EICS 2025), in Lecture Notes in Computer Science
(LNCS). Springer, 2025. [225]

9. A. Aiuti, S. Zeppieri∗, A. Bisante, V. S. V. Datla, G. Trasciatti, E. Panizzi et
al. “Automating Form Completion with Large Language Models” in Proceedings
of the 16th Biannual Conference of the Italian SIGCHI Chapter, in CHItaly
’25. New York, NY, USA: Association for Computing Machinery, 2025. doi:
10.1145/3750069.3755963. [5]

1.5.2 Publications related to Part II: LLMs for interaction engi-
neering and design evaluation

1.5.2.1 Designing for Fallible Automation

10. A. Bisante, A. Dix, E. Panizzi, and S. Zeppieri∗, “To Err is AI” in Proceedings
of the 15th Biannual Conference of the Italian SIGCHI Chapter, in CHItaly
’23. New York, NY, USA: Association for Computing Machinery, 2023. doi:
10.1145/3605390.3605414. [35]

1.5.2.2 Enhancing Interface Design with AI

11. A. Bisante, V. Datla, E. Panizzi, G. Trasciatti, and S. Zeppieri∗, “Enhancing
Interface Design with AI: An Exploratory Study on a ChatGPT-4-Based Tool
for Cognitive Walkthrough Inspired Evaluations” in Proceedings of Advanced
Visual Interfaces 2024, in AVI ’24. New York, NY, USA: Association for
Computing Machinery, 2024. doi: 10.1145/3656650.3656676. [29]

1.5.2.3 Large Language Models Adoption in Need Finding

12. A. Bisante, S. Zeppieri∗, V. S. V. Datla, G. Trasciatti, and E. Panizzi,
“Assessing Large Language Models Adoption in Need Finding: an Exploratory
Study” 2024. [41]

∗First or co-first author.
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1.5.2.4 Heuristic Evaluation of Implicit Interactions in Proactive Sys-
tems

13. A. Bisante, A. Dix, E. Panizzi, and S. Zeppieri∗, “Implicit Interactions
in Proactive Systems: Evaluation Challenges and Adaptations for Nielsen’s
Heuristics.” 2025. [38]

1.5.2.5 Transforming Interactive Systems with Large Language Models

14. S. Zeppieri∗, “Transforming Interactive Systems with Large Language Models:
Accelerating Interface Design and Evaluation” in Proceedings of the CHItaly
2025 Doctoral Consortium, in CEUR Workshop Proceedings. 2025. [223]

1.5.2.6 Memory Augumented Generation

15. S. Zeppieri∗, “MMAG: Mixed Memory-Augmented Generation for Large
Language Models Applications.” 2025. doi: https://arxiv.org/abs/2512.01710.
[222]

1.5.3 Technology Transfer and Entrepreneurship: Patent and Uni-
versity Startup

Beyond peer-reviewed publications, this PhD has also produced technology-
transfer outcomes that consolidate the research direction into deployable artifacts.
These results reflect a recurring theme across the dissertation: designing intelligent,
user-centered systems that reduce user effort while preserving efficiency, robust-
ness, and privacy, and translating research prototypes into solutions with practical
applicability.

1.5.3.1 Patent: autonomous localization for privacy-preserving contexts.

The patent by Panizzi et al. [155] represents a technology-transfer outcome
aligned with the thesis’ broader focus on reducing user effort through intelligent,
context-aware mobile systems. The invention targets localization scenarios where
traditional infrastructures are unavailable or undesirable, emphasizing robustness
and privacy. Rather than relying on external signals, it enables a mobile device to
estimate its position using on-device sensing and lightweight matching strategies,
with the goal of remaining practical on resource-constrained devices and suitable for
indoor, outdoor, underground, or remote environments.

∗First or co-first author.
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1.5.3.2 University startup: NITSY s.r.l. and user-centered digital pro-
cesses.

The university startup initiative [153] is a Sapienza University spin-off that
operationalizes the broader vision of leveraging AI and HCI to simplify complex
workflows, with a specific focus on bureaucratic and business processes in both
public and private organizations. The company’s objective includes the end-to-end
design and delivery of digital platforms offered as services (e.g., through usage
or rental contracts), combining scalable software engineering practices (microser-
vices, containerization, standardized APIs, federated authentication) with careful
interface design grounded in Human-Computer Interaction, Software Engineering,
and Business Process Management. Within this scope, LLM-based assistance and
other AI components are positioned as enabling technologies to reduce friction in
data-intensive tasks, support interaction, and improve the usability and efficiency of
process-driven applications, while extending to applied domains such as sustainable
mobility, geolocalization, smart city services, and smart parking.
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Part I

AI for Interaction
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Overview

This part introduces the first research stream of this thesis, which investigates
how AI can become part of the interaction mechanism itself. The focus is on
reducing user effort by shifting from continuous explicit input to implicit, naturally
occurring signals [39, 33]. Instead of asking users to repeatedly report information
or complete manual steps, the system treats sensing and inference as first-class
interaction primitives: it monitors lightweight traces of everyday activity such as
movement, mobility and location regularities, and short-range wireless cues, and
translates them into user-facing actions. This approach is especially relevant in
settings where explicit interaction is burdensome or unsafe, and where users’ goals
are more often revealed through behavior and context than through direct commands
[185].
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Chapter 2

Implicit Interaction in the
parking domain

2.1 Introduction

Smartphone applications are now a common companion to driving. Beyond navi-
gation, many tools support everyday car-related tasks such as tracking consumption
and maintenance, paying for parking, or remembering where the car is parked [13].
Despite their usefulness, these apps often fall short from an interaction perspective:
they demand attention at the wrong time (potentially increasing distraction while
driving) and they frequently rely on repeated manual input to keep information up
to date. In the parking domain this tension is particularly evident, because the key
information needed by many services (where and when the car is parked, whether
the driver is about to leave, and when a new trip begins) is also the information
users are least willing or able to enter consistently.

This section introduces our work on implicit interaction for smart parking, where
the system infers relevant events and intentions from smartphone context data,
rather than requesting explicit actions from the driver. Parking search in large cities,
especially for on-street parking, is widely recognized as stressful and inefficient, with
negative effects on congestion and emissions; estimates reported in the literature
indicate that drivers spend several minutes searching and that cruising can account
for a substantial portion of urban traffic [192, 87]. Implicit interaction is a natural fit
here: if a smartphone can detect when the user approaches, enters, exits, parks, and
starts driving again by leveraging location and motion sensing, then core parking-
related tasks can be supported without burdening the user or introducing additional
distraction. Throughout these contributions, we also treat practical constraints as
first-class requirements, aiming to avoid manual configuration, external sensors, and
excessive battery consumption.
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The four papers in this subsection form a coherent progression from foundational
interaction design to real-time behavioral inference and AI-enabled services. We
first propose an implicit interaction approach for car-related tasks on smartphones,
centered on automatically inferring basic smart-parking actions from parking and
unparking events. We then present a working prototype that demonstrates the
approach end-to-end, making the interaction model and sensing pipeline concrete in a
deployable application. Building on this capability, we tackle a key mobility behavior
that directly impacts parking efficiency, namely cruising for parking [192, 214], and
study whether it can be detected in real time from smartphone traces to enable
timely, proactive assistance. Finally, we broaden the perspective by discussing how
to systematically leverage AI in car-parking mobile applications, framing design and
implementation challenges (feature selection, data quality, on-device constraints) and
illustrating how context data and lightweight models can transform parking-related
interactions into a more seamless experience [203].

2.2 Related Works

Research on interactive systems in the driving context has grown steadily in
recent years, with a strong emphasis on preserving driver safety while facilitating
time-sensitive tasks such as navigation and parking. Smartphones are frequently
adopted as the main platform because they are affordable, powerful, and typically
available to the driver both inside and outside the vehicle. In the smart parking
domain, prior work spans three closely related areas: (i) the tasks and interfaces
offered by consumer-facing parking applications and larger smart parking systems,
(ii) methods for automatically detecting parking-related events (e.g., entering/exiting
a vehicle, parking/unparking), and (iii) approaches to detect the parking search
phase, often referred to as cruising for parking [192, 214]. In the following, we review
these strands and position our contributions with respect to them.

2.2.1 Smart parking tasks and interfaces

Smart parking systems commonly aim to support drivers in finding a suitable
space near a destination, often at low cost, and in some cases reserving a space in
advance. For broad overviews of goals, architectures, and techniques, several recent
review papers summarize the landscape of intelligent parking solutions [77, 49, 228,
174]. A recurring distinction concerns how parking availability is sensed. Many
proposals rely on external infrastructure, including cameras, infrared sensors, beacon-
like devices, and more generally IoT deployments [149]. While such approaches
can deliver accurate availability estimates in controlled or delimited areas, they are
harder to scale to city-wide on-street parking due to deployment and maintenance
costs, and they often assume explicit user actions (e.g., requesting a reservation and
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specifying an arrival time), as reflected in common app interfaces such as JustPark
and RingGo [99, 170].

From an interaction point of view, a key set of user-facing tasks in mainstream
apps concerns (i) saving the last parking location, (ii) managing parking time and
payments, and (iii) sharing parking availability signals with others. Many widely
used applications implement these functions through explicit input. For example,
saving the parking location is often done via a button that stores the current
GPS coordinates, as in Google Maps, EasyPark, PayByPhone, JustPark, RingGo,
PassportParking, Parkster, and Parkopedia [119, 74, 163, 99, 170, 158, 159, 157].
Although this interface is simple, it is also easy to forget and can become tedious
when repeated frequently. Some popular applications attempt to reduce explicit
input by leveraging implicit signals, for instance Apple Maps and Waze, which can
infer parking status using Bluetooth connectivity or trip-related cues, and apps such
as FindMyParkedCar that also employ Bluetooth-based detection [11, 211, 135].

A similar tension between explicit and implicit interaction emerges in parking
payment. Several services ask users to specify the expected end time and then
manually extend or terminate the session (e.g., EasyPark, PayByPhone, JustPark)
[74, 163, 99]. In contrast, in private or controlled areas, systems can infer entry
and exit through external sensing (e.g., plate-recognition at barriers), enabling time-
based charging without opening the app [74]. Overall, the literature and deployed
products highlight a central usability challenge: many valuable parking services
depend on knowing when and where parking and unparking happen, yet current
solutions frequently obtain this information through repeated explicit input.

2.2.2 Automatic detection of parking and unparking events

A foundational research direction focuses on sensing and recognizing vehicle-
related states using smartphones, often as part of transportation mode detection.
PhonePark [195], building on prior work on mode inference [196], represents an
early attempt to detect parking and unparking using GPS, accelerometer signals,
and Bluetooth connectivity, modeling state changes in user mobility. ParkSense
[136] explored a different assumption: inferring only unparking events by combining
increasing speed patterns with Wi-Fi observations, but requiring the user to manually
provide the parking location. ParkHere [176] proposed a supervised approach based
on accelerometer and gyroscope sampling with a Random Forest classifier, detecting
parking/unparking via transitions between walking and automotive states, while still
relying on Bluetooth-assisted vehicle association and fixed-rate sensing.

ParkUs [50] is one of the closest works to our goals in terms of interaction require-
ments and energy constraints. It targets low user burden and limited calibration
while maintaining low energy consumption, using magnetometer and accelerometer
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data and an ad-hoc state detection approach that identifies a dedicated sensor-
fusion feature. Complementary efforts have investigated broader frameworks for
car-related event sensing. For example, Panizzi et al. proposed a mobile framework
that combines Bluetooth connectivity with smartphone sensing to detect events
such as parking/unparking, parked-car location, and trip data [154]. More recent
work by Lee et al. [105] reported high accuracy for in/out car classification using
magnetometer and orientation sensors with a Convolutional Neural Network, but
it was presented within a larger infrastructure-supported smart parking system for
delimited areas, limiting comparability and transferability.

Across these proposals, two issues recur. First, several systems depend on in-
car Bluetooth connectivity or require explicit configuration to associate a vehicle,
which can hinder adoption and can behave inconsistently across car models and
infotainment implementations. Second, many approaches rely on custom sensing
pipelines and per-study models trained on limited datasets, with energy trade-offs
that can be challenging in real deployments. These considerations motivate solutions
that can (i) reduce or remove Bluetooth dependence, (ii) exploit operating-system
level activity inference when possible, and (iii) support background operation without
excessive battery drain, while still enabling parking services that would otherwise
require explicit user input.

2.2.3 Cruising-for-parking detection

While the smart parking literature is extensive, research specifically aimed at
detecting the parking search phase during a trip is comparatively more limited. The
phenomenon is commonly referred to as cruising for parking [192] and is studied
as a form of excess travel associated with parking search [214]. Much of the earlier
and parallel work estimates cruising costs and rates rather than enabling real-time
detection, focusing on additional time or distance traveled, the share of traffic
involved, and the impact on congestion and emissions [192, 87, 60].

Hampshire et al. summarized common methodological families for identifying
parking search behavior [87]. These include direct observation (often with cameras),
interviews and surveys, controlled field tests, probabilistic reasoning from vehicle
counts and fixed-camera streams, trajectory analysis from visual tracking, and
GPS-based trajectory analysis possibly supported by machine learning. Variants
of image-based approaches track vehicles and trajectories to infer cruising patterns
[168, 150], and some work has explored in-car camera signals pointed at the driver
for accurate start-time identification, at the cost of portability and deployment
complexity [86]. GPS-based work includes early methods that recognize cruising
evidence from recorded paths even when the search start time is not explicitly labeled
[131, 130]. Other studies infer search onset through empirical speed thresholds
[68, 209] or compute excessive routing by comparing driven trajectories to shortest
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paths, sometimes combined with machine learning to classify whether trips include
search behavior [213, 126]. Related contributions address commercial fleets and
incorporate historical traffic conditions [60] or estimate expected search time given
a destination by recognizing spiral-like patterns and routing inefficiency [118].

Only a smaller subset of approaches targets real-time cruising detection using
smartphone-collectable data. ParkUs [97] is particularly relevant in this respect,
as it deploys a model based on smartphone sensors to detect cruising in real time.
However, it assumes additional user input (e.g., specifying the destination), whereas
the broader goal of implicit interaction in this domain is to avoid tedious or distracting
actions while driving. This line of work is closely aligned with context-aware services
for driving environments [92, 117] and with the motivation to reduce distraction
through adaptive or implicit interaction strategies [101].

2.2.4 Summary and positioning

Taken together, prior work shows that smart parking systems can be effective
but often trade usability and scalability for sensing accuracy, either by relying
on external infrastructure [149] or by shifting burden to users through repeated
explicit inputs [119, 74, 163, 99, 170, 158, 159, 157]. Smartphone-based event
detection research demonstrates that parking-related states can be inferred from
sensors, but frequently introduces configuration steps (often Bluetooth-based) or
depends on custom pipelines with unclear cross-platform or background-operation
properties [195, 176, 50, 154]. Cruising detection research, meanwhile, is rich in
offline estimation methods and GPS-based analyses, yet real-time smartphone-only
approaches remain relatively scarce [87, 131, 213, 97]. These gaps motivate the
implicit-interaction approach adopted in our work: minimizing explicit user input
and distraction while leveraging smartphone context data to infer parking/unparking
and cruising behavior in real time, under practical constraints typical of mobile
deployment (limited configuration, low energy use, and background operation).
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2.3 Implicit Interaction Approach for Car-related Tasks
On Smartphone Applications

Many car drivers use apps on their smartphones to get support in typical tasks
related to car usage. Navigators and maps are a primary example, but many other
apps exist to track consumption, expenses, maintenance, pay parking lots or keep
track of where the car is parked [13]. Nevertheless, some of the available apps lack
user interaction under two main aspects: first, they require the user’s attention and
might be a distraction while driving; secondly, they rely on the user inputting data
repetitively.

Implicit interaction is a possible solution to improve the user experience of typical
car-related interfaces. The less the user is required to interact with the smartphone
while driving, the safer. The less the user needs to input data manually, the better.

Our work focuses on smart parking, which is recently receiving increasing atten-
tion in the literature. Searching for parking in large cities, in particular on-street
parking, is a stressful activity for the driver and has significant impacts such as
increased traffic and pollution. Literature has estimated that, on average, looking
for a place to park the car takes 8 minutes and affects about 34% of urban traffic
[192], [87]. Smart parking systems aim to help find a parking space, remind users of
where they parked, facilitate parking payment, and much more. These solutions have
often been developed for smartphones, as they are within everyone’s reach inside
and outside the car. The primary information needed to complete smart parking
tasks is where and when the car is parked and unparked, and existing apps generally
require that the user inputs these information explicitly.

The main goal of this work is to present an implicit interaction approach to
automatically detect when the user enters and exits their vehicle, hence the occurrence
of parking and unparking events. To detect such occurrences, we leverage the the
smartphone’s sensing capability of users’ locations and motion activities.

The proposed approach eases the implementation of the following tasks on a
smartphone application:

T1 user reports parking their car in a specific position

T2 user declares their willing to free a parking spot

T3 user declares that a new trip with the car has begun, thus the parking spot is
free

These tasks allow some of the main smart parking features, like informing users of
available parking spots, reminding drivers of where they parked their car, compute
usage statistics and so on. However, it is not easy for a user to complete these tasks
explicitly, as they may forget to do so or they may be driving.
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The objective is also to avoid manual configuration of the system on the user’s
part, as this worsens the user experience and may even hinder the use of the system.
In addition, as non-functional requirements, the proposed system avoids requiring
external sensors and prevents intensive battery usage.

This work contributes in three ways:

1. It shows how to design a context-aware implicit interaction for three daily
tasks related to car usage.

2. It allows collecting data about driving events, which can be used to train any
machine learning models or can be leveraged to detect driver behaviors.

3. It lays the foundation for future works that will exploit it to provide users
with new, useful features.

The remainder of this paper is organized as follows. In section (2.3.1 and 2.3.2),
a high-level description of the approach and its implementation are presented.

Finally (2.3.3), the conclusions drawn from our study and possible future research
topics will be illustrated.

2.3.1 Design of the implicit interaction

Our main goal was to design an implicit user interface for the three tasks:

T1 user reports parking their car in a specific position

T2 user declares their willing to free a parking spot

T3 user declares that a new trip with the car has begun, thus the parking spot is
free

We do not expect the user to open the app and directly operate its interface. The
user interaction we designed is implicit because, according to [185], its input-effect
relationship is unintentional: the system responds to the user actions with effects
that go beyond what the user has intended. According to Dix [69], the designed
interaction is also expected, as the user is aware and expects the possible outcomes
of its actions, yet they perform them without the intention to cause any output.

For example, when the user parks their car and exits it, our app updates the
car status to parked, storing the latitude, longitude, and timestamp of the parking,
thus inferring that the user has performed task T1. This effect happens even if the
app is in the background or the smartphone is locked.

Similarly, the app tries inferring the implicit execution of task T 2 when the user
walks towards the parked car. We know that the user may walk to their car for
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other reasons than unparking it, such as when they just left something in the car
and go back to take it. We allow for some errors in this task and plan to analyze
the error rate when we have collected sufficient data.

Finally, when the user starts driving a car from the position of their parked car,
the app toggles the car status to unparked. The user implicitly performed task T3
while their main intention was to use their car.

2.3.1.1 Definitions

Let us define an Event as a triple:

E(a, t, l) (2.1)

where a is a motion activity that can be either walking or automotive; t and l are
a time and a location indicating when and where the activity took place.

We can sample the user’s motion with a temporally ordered series of events:

History = E1(a1, t1, l1), E2(a2, t2, l2), ..., En(an, tn, ln) (2.2)

where Ei precedes Ei+1 if ti < ti+1.

Two or more consecutive events may have the same activity. However, the most
relevant events in the History have activities different from the preceding event.
They represent the transitions between walking and automotive and vice-versa.

We call ParkingEvent P an event Ei which has a walking activity:

P (t, l) = Ei(ai = walking, ti, li) | ∃Ei−1(ai−1 = automotive, ti−1, li−1) (2.3)

Similarly an UnParkingEvent U is an event Ei which has automotive activity:

U(t, l) = Ei(ai = automotive, ti, li) (2.4)

such that

∃Ei−1(a = walking, ti−1, li−1) ∧

∃P (t, l) ∧

|li − l| ⩽ ϵ

where ϵ is an empirically chosen distance.

Finally, an ApproachingEvent for a given parking P (t, l) is an event

AP = Ei(ai = walking, ti, li) (2.5)
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such that

∄U(tj , l), t < tj < ti ∧

∃Ei−1(a = walking, t, li−1) ∧

|li − l| ⩽ ϵ ∧ |li−1 − l| > ϵ

where ϵ is an empirically chosen distance.

So we can formulate the three tasks in terms of the events described above:

T1 Occurrence of a ParkingEvent P (t, l)

T2 Occurrence of an ApproachingEvent AP

T3 Occurrence of an UnParkingEvent U(t, l)

2.3.2 Implementation

We implemented the interface both on an iOS and an Android app, which
exploit the respective Operating System’s motion and location libraries. The two
implementations differ slightly due to the architectural differences of these libraries,
and we refer here to the iOS implementation, which requires dealing with more
stringent privacy and battery consumption constraints.

A central issue about data collection is the impossibility of constantly requesting
information. Having as much data as possible would allow a higher level of accuracy
to make detections. However, it is better not to request continuous updates on
location and motion activities for both privacy and battery consumption, especially
when the app is in the background.

2.3.2.1 Flow and Architecture

The two sources of location and motion activity data are not directly related.
The location data does not include a motion activity, and the motion data do not
contain the location at which the motion event took place. However, both of them
include a timestamp, so we can try to match location and motion to create events.

The operating system wakes up the application when a new location is available.
Therefore, we can collect the user’s locations in an ordered sequence and trigger a
motion activity request when a new location arrives. Then, when we receive the
activity report, we can create events with location and motion information, using a
couple of matching algorithms based on linear interpolation, and append them to a
History array.

When we append a new event to the History, we check if it has the same activity
value as the latest event. If not, we generate a new Parking or Unparking event
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and change the car status.

The app interface provides a map with green pins representing the walking

locations and red pins representing the automotive locations. The Unparking
position is the first red pin in a sequence, while the Parking position is the latest
red pin (Figure 2.1).

2.3.2.2 Approaching the Parking Location

As users approach their parked vehicle, they will likely enter the car and free
a parking spot. Hence, it is valuable information to store. According to formula
2.5, it would be possible to compute the distance from the last parking at each new
location received. However, such approach is highly energy-consuming. We adopted
the following OS available service as a more battery-saving alternative.

To implicitly detect ApproachingEvents, when a ParkingEvent P(t,l) occurs, we
set a circular Region centred on the location of the latest parking, l. This way,
when the user enters the region’s boundaries, the operating system wakes up the
app to check if the user can unpark the car.

As reported in formula 2.5, approaching a parked vehicle is a valid ApproachingEvent
only if the user is walking. This condition is a consequence of the issue described
in the previous section. Indeed, the automotive state can be triggered when using
different vehicles. For instance, the user might pass by the parked car while in
another vehicle; in such cases, they are not willing to free the parking spot.

To avoid considering as an ApproachingEvent the user getting near an old
parking position, we remove the Region when an UnParkingEvent occurs; thus, an
ApproachingEvent can not take place when the car has already been unparked.

2.3.3 Discussion

The work presented in this research proposes an entirely implicit interaction-
based system to detect when the user enters and exits their car automatically. It
contributes in three ways: (i) it shows how to design a context-aware implicit
interaction for three daily tasks related to car usage; (ii) it allows collecting data
about driving events, which can be used to train any machine learning models or
can be leveraged to detect driver behaviors; (iii) it lays the foundation for future
works that will exploit it to provide users with new, useful features.
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Figure 2.1. Prototype App
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2.4 Publications on Implicit Interaction Approach for
Car-related Tasks On Smartphone Applications - A
Demo

Basic user tasks for many smart-parking applications are (i) reporting parking
the car in a specific position, (ii) declaring that the user will soon free a parking spot
and (iii) that a new trip with the car has begun (thus, a parking spot became free).
Existing apps generally require that the user inputs this information explicitly (e.g.
[99], [170], [158], [159], [157]); on the contrary, our approach is totally implicit. We
detect when users move toward, enter, or exit their car by leveraging the smartphone’s
sensing capabilities of users’ locations and motion activities. From such information,
the execution of the reported basic tasks can be inferred; thus, the user is not
burdened by unnecessary explicit interactions.

This section presents a prototype smartphone application that implements the
proposed approach and automatically detects when users enter and exit their vehicle.
Among our objectives, we aimed at avoiding any manual configuration of the system
on the user’s part, as this worsens the user experience and may even hinder the use
of the system. In addition, as non-functional requirements, the proposed system
avoids requiring external sensors and prevents intensive battery usage.

2.4.1 The Prototype

The presented prototype application was implemented on iOS.

By exploiting the smarpthone’s motion sensor, we can detect when the user’s
motion activity status changes from walking to automotive, hence infer an UnParking
event. Similarly, when a change in motion is detected from automotive to walking
status, a Parking event is inferred. We can also locate the events by combining
such information with GPS data. In this way, we can store the Parking events’
coordinates and show the users the parking position on a map, to help them find
their parked car. Also the location of UnParking events is relevant, as we compare it
with the previous Parking event location to strengthen the validity of our detections.

Unfortunately, these two sources of data are not directly related. The location
data does not include a motion activity, and the motion data do not contain the
location at which the motion event took place. However, both have a timestamp, so
we match location and motion to create events.

A central issue about data collection is the impossibility of continuously getting
information from the smartphone’s operating system services, especially when the
app is in the background. Although it could allow a higher level of accuracy to make
detections, it drains battery and raises privacy concerns. Consequently, a crucial
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part of this study was to compensate for this inability by filling in the gaps through
an interpolation algorithm.

2.4.1.1 User Interface

We do not expect the user to open the app and directly operate its interface.
When the user parks their car and exits it (i.e., a Parking event is detected), our
app updates the car status to parked, storing the coordinates and the timestamp
of the parking. The detection occurs even if the app is in the background or the
smartphone is locked. Similarly, when the user walks towards the parked car and
starts a new trip, the application recognizes the UnParking event and toggles the
car status to unparked.

As we described in [39], the user interaction we designed is implicit, as the system
responds to the user actions with effects that go beyond what the user has intended
(i.e. unintentional interaction, [185]). According to Dix [69], the designed interaction
is also expected, as the user is aware and expects the possible outcomes of its actions.

The interface of our prototype app presents a full view map that shows the user’s
changing locations with red pins for automotive locations and green pins for walking
locations (Figure 2.2). The car’s parking location corresponds to the last red pin of
a sequence. On top, two icons represent the current user’s motion activity and car
status, respectively (Figures 2.3a and 2.3b).

2.4.2 Demo

We organized a demo to allow conference participants to test the app and
discuss its approach and details. Due to space limitations in the conference area,
we will use a bicycle in place of a car; such change entailed slightly modifying the
detection algorithm by replacing the automotive activity detection with cycling
activity detection. We installed the application on an iPhone 13 Pro, which we will
give to testers to participate in the demo.

Once the demo starts, we ask the tester to take a walk with the smartphone
in their hand to appreciate if it triggers the motion sensor, thus switching to the
walking status. The collected walking locations are stored and displayed on the
map with green pins.

Then, we ask the participant to jump on the bike and take a ride; the changing
locations and the motion sensor will trigger the cycling status. At this point, the
user will be able to see that the vehicle has been unparked. The user should travel a
minimum of 10 meters for the smartphone to start sensing and changing the vehicle’s
current status to unparked. All automotive locations are stored and displayed on
the map using red pins.
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Figure 2.2. Prototype Interface

The app shows the parked status when the user stops the ride and takes a few
steps. It takes around 10 minutes for a user to run this demo, starting from the first
walking status to the final parked status.

2.4.3 Discussion

In this section, we presented an entirely implicit interaction-based application to
automatically detect when the user enters and exits their car. The system is based
on detecting changes between the two motion activities walking and automotive.
Once a change in motion has been detected, the Parking and UnParking events are
inferred and localized through the GPS sensor of the smartphone.

To test the app’s performance, we proposed a demo in which, due to physical
space limitations, we expect to use a bicycle in place of a car. The interface of the
app shows to the tester the changing motion states, the status of the vehicle (i.e.,
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(a) User automotive, car unparked

(b) User walking, car parked

Figure 2.3. Detected user and vehicle status examples.

parked or unparked) and records their locations on a map in real-time.
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2.5 Cruising-for-Parking Detection on the Smartphone
Based on Implicit Interaction and Machine Learning

Finding on-street parking in a city is often difficult, as several factors can make it
challenging to find a spot, such as limited parking spaces, high demand for parking,
or restrictions on when and where it is possible to park. Searching for parking is
done by sight: often, space becomes available in a nearby street, which the motorist
has just crossed a few seconds or minutes before, but the driver is unaware of that.
When the driver returns to the street, someone searching in the same area has
already occupied that place. In the end, most drivers find a spot but at the cost of
wasted of time, fuel consumed, increased traffic, and frustration. Wandering with a
car in an urban area looking for an available parking spot is often called cruising for
parking, [192], and constitutes excess travel due to parking search [214]. Cruising for
parking drivers participate in traffic congestion and are partly responsible for the
rising rates of harmful emissions [192, 87]. To address this issue, literature proposes
smart parking systems as a way to provide drivers with information about available
parking spots in an area.

With this work, we aim to address the following research questions:

• RQ1: Is it possible to detect in real-time if a driver is cruising for parking
from smartphone context data, without any explicit hint by the driver?

• RQ2: How fast can we do that since the driver starts looking for parking?

This problem appears significant because knowing that a driver is cruising for parking
would allow a system to provide timely information about available parking spots or
parking restrictions in their area. The system could leverage implicit interaction,
i.e., knowing that the driver began cruising, it could start looking for the relevant
information to provide without requiring any explicit action on the driver’s part.
Implicit interaction would help avoid driver distraction and dramatically enhance the
usability of a smart parking system. Finally, seamlessly and unobtrusively offering
parking services will enhance the acceptability of the smart parking system and help
reduce cruising, air and noise pollution, and driver frustration.

We provide the following contributions:

1. We provide an extensive and specific literature review of previous works on
cruising for parking detection.

2. We report on several users’ conscious and unconscious behaviors while searching
for parking that we observed as the results of an interview-based study to
analyze driver habits, proposing our cruising behavior modeling approach.
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3. We designed a system based on a Boosted Tree (BT) classifier to real-time
detect cruising for parking. Our method involves analyzing the drivers’ GPS
traces and feeding the classifier with the driver’s speed, changing locations,
and previous parking spots as features. The classifier was trained and tested
on real data (615 car trips) collected by 9 test users. We describe the data
collection phase, the classifier training, and validation and report the results
showing that the model can detect cruising with very high accuracy.

Roadmap. In section 2.5.1, we describe our approach to analyzing the problem.
In section 2.5.2, we present the experiment and the data collection, and In section
2.5.3, we dive deep into the BT model training. We describe the results In section
2.5.4. In section 2.5.5, we present the results discussion, the conclusions of the
research.

2.5.1 Approach

2.5.1.1 Cruising For Parking

In this work, we focus on on-street parking. By on-street parking, we mean
public parking places in urban areas that any driver can use, not reserved for a
specific user. To park on-street, drivers generally need to look for an available
parking spot, typically (especially in crowded urban areas and peak hours) traveling
through different streets near their destination until they find a place: they need to
cruise for parking. Thus, private garages, off-street parking lots, and any situations
where the driver can park without cruising are outside this work’s scope.

We approached this problem by analyzing the behavior of drivers cruising for
parking. In 2018 we ran an informal study consisting of several discussions on
this topic with students, colleagues, and other people outside our university. We
discussed only with drivers, some of whom had little driving experience (less than
three years), and some were experienced (more than 15 years of driving experience).
We conducted the discussions without a predefined set of questions. However, in each
discussion, we tried to elicit 1) how they would describe themselves while cruising
for parking and 2) how they could understand if another driver was cruising for
parking based on their driving behavior.

With the first question, we collected many interesting driver habits that we
report below:

1. Drivers tend first to reach the destination, and only afterward do they start
cruising for parking;

2. Drivers generally search in streets known to have higher parking availability;
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3. Drivers also search among less known streets, such as secondary and (if
accessible) private streets;

4. Drivers tend to look on the same roads near their destination again and again,
trying to step away as little as possible: therefore, they follow concentric paths
around the destination;

5. Sometimes, if they are aware that it is difficult to find a parking spot at their
destination, drivers start directly to look in an adjacent area with more free
parking possibilities.

Many of us share these habits when looking for a parking spot. They all derive
from our desire to park as close as possible to the destination, to save time, reduce
walking or make less effort. Moreover, knowing the destination area might help
the parking search task: the driver knows the secondary streets and which streets
have higher availability and search there first; they can avoid reaching their exact
destination first (point 1) and start searching when they approach the area, to reduce
the cruising and continue on-foot if they find parking; they may even search in a
different area in some cases (habit 5). As the second question, we asked them to
share how they can recognize when a car in front of them is cruising for parking.
The most frequent answers are:

1. The car slows down;

2. The car has an anomalous behavior (for example, it slows down until it stops,
then it starts moving again, it picks up speed, it stops again, and so on);

3. The car turns on the direction lights, even though it does not turn;

4. The car tends to pull over to the side of the road.

These behaviors are fascinating to observe as they make us recognizable among
other drivers while cruising.

Precedents in the literature support the results of our informal survey. For
example, the distinguishing habits of a user looking for parking are compatible with
those of Polak et al. [165] and Benson et al. [25].

2.5.1.2 Cruising for parking indicators

Based on the observations presented In section 2.5.1, we focused on some infor-
mation that can help understand if the driver is cruising for parking:

1. if the driver traveled twice or more times on the same road;
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2. if the driver slows down and moves in the same area longer than necessary;

3. if the driver approaches an area where they are used to parking.

Thus, our first practical approach to modeling a cruising for parking detection
system involved analyzing and comparing users’ GPS locations. Such hints are
supported by precedents in the literature, as Montini et al. [131] [130], De Waerden
et al. [68] [209] and Mannini et al. [118].

Note that information (1) and (2) are different, even if they overlap in some
circumstances; for example, a driver may drive on the same road multiple times
and remain in the same area range. Indeed, they indicate two different aspects of
cruising behavior that can help cruising detection.

Based on these considerations, we defined two heuristics for our detection model.
We describe them in the following subsubsections.

2.5.1.3 Double cross

Our first heuristic determines if a driver passed over the same road or intersub-
section more than once.

By collecting GPS data, we can track the car’s position with high frequency and
suitable accuracy and compare subsequent positions to assess if they overlap.

More specifically, starting from the beginning of the trip, we store the car
position (latitude and longitude), assuming that it is the center of a 50-meter radius
circle. Then, every 5 seconds, we compare each new position with the previous ones,
performing the following checks:

• if the current position is outside the latest circle, a new circle is set around
the current position;

• if the current position is inside one of the previous circles, then the heuristic
triggers, i.e., the driver passed twice on the same road or intersubsection.

Once a certain amount of time and a distance threshold have been exceeded,
going over the same road twice is no longer a strong indicator of cruising for parking.
For this reason, we keep only the latest 50 circle centers at 12 samples per minute,
which also helps to make a low number of comparisons at each new position, which
results in speeding up the process.

2.5.1.4 Time in range

The second heuristic attempts to establish whether the user spends more time
than needed to cross a zone. As for the first heuristic, we monitor the car changing



34 2. Implicit Interaction in the parking domain

positions. However, we also take into account the time factor in this case.

Starting from the first position of the trip, we center a circular range around the
current position. The circle is bigger than the one used for the first heuristic (we
now use a 200-meter radius). In addition to that, we set a timer for 75s. While the
car is moving and the timer is running, we compare each new position to the latest
circle, carrying out the following checks:

• if the car position is outside the latest circle, we set a new circular range in
the current position, invalidate the current timer, and start a new one;

• if the timer fires and the car position is still within the latest circular range,
the heuristic triggers, meaning that the driver slowed down and spent more
time than needed in that area.

We computed the 75s duration of the timer by averaging the speed of cars in an
urban context, considering an approximate speed of 30 km/h (8.3 m/s; consistent
also with the data we collected, see Table 2.2); hence, a car should take about 24
seconds to travel a distance of 200 meters. Allowing for a tripled duration, which
we arbitrarily chose, we can safely assume that the user is outside the circle within
that time if the car is proceeding on an almost straight path. On the other hand, if
the timer fires before exiting the circle, it is likely that the user slowed down, made
some turns, and headed back, or started to follow concentric paths. As previously
mentioned, such behavior is typical of those cruising for parking.

We considered that the driver might waste time in traffic or stop at traffic lights:
it is not reasonable to assume that the car is continuously moving. We addressed
this issue by tracking the car’s speed. Using a minimum speed threshold, we could
detect when the user slowed down or made a stop, and we paused the timer resuming
it when a higher speed was detected.

2.5.1.5 Previous Parking Spots

As observed In section 2.5.1, users’ previous parking spots may play a key role in
determining whether they are cruising for parking. Indeed, one of the central aspects
that emerged by analyzing the beta testers’ trips was the presence of a parking
routine. Each user tended to visit the same places often and, if necessary, always
search for parking in the same way, following repetitive patterns. Thanks to the
prototype app we developed, it was possible to easily collect, for each monitored user,
the coordinates of places where they parked their cars. Secondly, we processed those
coordinates to infer useful information. More in detail, we treated each parking by
the same user as a graph node; we placed an edge between pairs of nodes only where
the two associated parking places were less than 50m apart. The edges were weighted
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Figure 2.4. Heuristics Algorithms. The final step ("User is probably looking for a parking
spot") can be triggered by any of the heuristics, even simultaneously.

inversely to the distance between the associated parking spaces. In addition, we
gave greater importance to the connection between parking spots carried out in the
same time slot during the day.

Once we identified the Parking Clusters for each user, we had to develop a
criterion to distinguish the clusters that represented a private parking zone and
clusters that represented parking spots found on the street. This distinction is
important because it affects how users behave when they drive toward a destination:
users will not look for parking if there is a private parking zone. Otherwise, they
will likely start to do so (it may always happen that the driver gets lucky and
immediately finds a place to park). We consider private any parking place that does
not require looking for parking, be it a private parking lot or an area where locating
a parking spot is very fast, such as a dedicated parking facility or a countryside area.

We established the distinction criterion by calculating the average distance
between the cluster’s parking spaces and their midpoint. Indeed, we obtained a
sufficiently descriptive value (called avDistance) of the type of cluster. By comparing
clusters of parking spaces known to be private and clusters that were not, we found
that private clusters tended to have an avDistance value smaller than 30m, primarily
due to GPS location accuracy. This criterion is based on the observation that if
the type of parking lot is private, the user will tend to park in the same spot, with
minimal variation in the distance between one parking and another. However, we
also had to add the number of parking spaces in the same area as a threshold. In
fact, where we recorded very few parking spaces, the distance between them could
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be accidentally very small and mislead the identification. The classification work
between private and public clusters has been more thoroughly depicted in Panizzi et
al. [152].

2.5.2 Experiment

2.5.2.1 Collection of Data

We developed a mobile application on iPhone to collect data during car trips.
The app detects automatically when the user enters the car (unpark) and exits it
(park) by detecting the Bluetooth connection between the smartphone and the car. It
collects smartphone positions and speeds at a high rate with GPS precision (multiple
GPS locations per second), from unpark to park, plus other user-generated data. In
addition, the app stores all the necessary data to run the heuristics described above.

We distributed the app to 9 drivers who own an iPhone and a Bluetooth-
equipped car. The user group consisted of 5 women and 4 men; the age of the
participants is heterogeneous and includes 6 users between 22 and 25 years old and
3 users over 45 years old (mean=33.11; SD=13.48; min=22; max=55). 5 out of 9
testers own a private parking spot, either at their home, their place of work, or both.
All drivers have more than a year of driving experience; people aged 40+ have more
than 15 years of driving experience. Before the beginning of the trial, all drivers
claimed to drive as part of their daily routine to reach destinations of interest, such
as work or study places.

We conducted a longitudinal study, logging user activity from September 2020 to
January 2021. The users were asked to install the app and pair their smartphones
with their cars through Bluetooth. The app monitored all car trips for each user,
tracing their paths and collecting all the data. The app works in the background and
does not require interaction to collect inertial data. Nevertheless, users can state
when they start looking for a parking spot by tapping a button in the main view.
The app records the timestamp of this action, i.e., the cruising phase start moment,
together with the trip data. We asked users to collect such information whenever
they could, but this task was not mandatory. As for the rest, we encouraged users
to avoid possible interaction with the application since it could result in behavioral
changes, potentially altering the collected data.

During the data collection phase, the app recorded 615 car trips made by the
nine users, despite the decrease in mobility due to the pandemic1. Users 0 and 1
continued to collect data for two additional months besides the three months we
asked all participants. Thus the study initially planned for three months ended
in January 2021 for these users. As instructed, users generally kept the app in

1COVID-19 Pandemic



2.5 Cruising-for-Parking Detection on the Smartphone Based on Implicit
Interaction and Machine Learning 37

background mode, where it silently gathered information. Only some users declared
explicitly they were starting cruising; we collected only 19 records of the cruising
start moment. It is possible that users have not provided this information because
they systematically tended to forget to do so while driving, as distracted from the
task in progress (search for parking). As presented in Table 2.1, users 5 and 7
collected drastically fewer trips with respect to the others. This data indicates that
they used their car less than they claimed before the study (once per month, on
average). Excluding users 5 and 7, the average number of trips recorded indicates
that the users who took part in the test use their car at least three times a week.
Users 0 and 1 stand out for the number of collected trips, but it was an expected
outcome as they collected data for longer.

User # 0 1 2 3 4 5 6 7 8 TOTAL
Total trips 184 104 70 52 68 7 40 6 84 615

Cruising trips 75 7 9 3 38 2 2 2 33 171
On-street trips 59 38 46 27 30 5 8 4 51 268

Private trips 50 59 15 22 0 0 30 0 0 176
Table 2.1. Trips per user

2.5.2.2 Data labelling

We visually inspected each retrieved trip, plotting the recorded locations on a
map to label the collected data as cruising or non-cruising trips. During this phase,
we were aided by the testers in order to identify recurring trip destinations (e.g.,
home, place of work, and other relevant places of interest) and to identify private
parking locations (e.g., private garages). To speed up this phase, we used the two
heuristics Double Cross and Time in Range for the first screening. From this step,
we have identified 171 trips during which at least one of the two heuristics was
triggered. We labeled these trips as cruising trips. We manually inspected the
remaining 444 trips and found that they did not show typical cruising behavior, as
the users proceeded directly to their destinations. A further distinction was then
made within such trips, as they may end in an on-street parking without a cruising
phase (268 on-street trips) or end on a private parking spot (i.e. a parking spot
included in a Private Parking Cluster; these 176 trips were labeled as private trips).

A summary breakdown of the collected trips is presented in Table 2.1.

2.5.2.3 Ground truth

In order to evaluate the Double cross and Time in range heuristics (and the
following ML models), we needed a ground truth that distinguishes the two phases
of any car trip, travel or cruising. After a few attempts, we defined a criterion,
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looking at journeys already completed in their entirety and consulting the tester
drivers. Given an ended trip, we draw a circle of 200 meters radius centered on the
parking position; then, we look at the trip data to determine the moment the user
first entered the circle. That moment represents the cruising for parking phase start
time, while we consider all the previous trip points as belonging to the travel phase.

This criterion is chosen due to the observation mentioned In section 2.5, according
to which users tend to approach their destination first, and only then start looking
for parking, if necessary. Moreover, questioning the tester drivers, we individually
identified for each of them the areas within which they would consider acceptable to
park when approaching their most frequent destinations. Combining the collected
information resulted in the average value of 200 meters radius. To support our
choice, we also used the data collected during the 19 trips where users explicitly
marked the beginning of the cruising phase. The distance from the parking spot
of such trips averages 158.21m, which is compatible with our 200m assumption.
Moreover, as shown by Table 2.2, we obtained comparable figures even considering
the cruising phase’s average duration and user speed.

Finally, our approach is also supported by previous literature. As hinted by
Montini et al. [131] [130], without explicit indication from the driver, detecting
the exact moment of cruising start has to be done by estimation. For this reason,
previous studies also propose a personal evaluation metric based on empirical trials,
and there is no fixed common guideline. Montini et al. [130] proposed a range of
800 meters, supporting the choice as an overestimation of the previous boundaries of
parking search of 350m found by Weinberger et al. [213]. Millard et al. [126] did not
need a radius estimation, as they performed the cruising detection based on the ratio
between excessive travel and the shortest path to the destination. However, their
results suggest that the average cruising area begins 400m before the destination.
Similarly, in modeling the cruising behavior, Levy et al. [109] and Benson et al. [25]
conclude that the search starts between the 100m and 400m from the destination.
Also, Waerden et al. [209] did not use a distance range but set the starting point
of searching when the speed meets certain thresholds estimated during previous
studies [68]. Our heuristic of 200 meters falls in the range of previous estimations
(100-800m).

Trip Phases Average Duration Average Speed
Complete Trip 948.45 s 27.70 km/h
(200-m-distance) Cruising Phase 497.36 s 16.96 km/h
(User-declared) Cruising Phase 298.42 s 16.22 km/h

Table 2.2. Ground Truth Evaluation
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2.5.2.4 Evaluation of the Heuristics

Tables 2.3 and 2.4 summarize the results of the heuristics evaluation. We value a
heuristic detection as a True Positive (TP) when it triggers within the 200m ground
truth, even if another TP detection already occurred during the trip. On the other
hand, a detection is considered a False Positive (FP) if it occurs too far from the
final parking location, or too far in time. We observed the latter circumstance with
users with long trips ending near the starting point. The performance of the two
heuristics counted no False Negatives. As mentioned In section 2.5.2.2, we manually
inspected the trips where the heuristics were not triggered, confirming that those
were not cruising trips. Another positive outcome is given by the Average Distance
from Parking values (Table 2.4), which corresponds to the average distances between
the final parking of the trip and the point where was triggered for the first time one
of the two heuristics. Indeed, the reported average distances are less than 200 m
(the assumed ground truth), and they are also informative of the users’ tendency to
remain very close to the destination when looking for parking.

An interesting piece of information, already anticipated, that can be deduced
from Table 2.3 is the fact that the trips during which both heuristics were triggered
are 73.1% of all the trips with a cruising instance, which demonstrates the similarity
between the two heuristics but also confirms the fact that it was the right call to
divide them.

Finally, looking at Table 2.4, it can be noticed that the Double Cross heuristic
tends to be triggered more than once per trip, a phenomenon which does not often
occur in the case of the Time in Range heuristic. In percentage, the latter heuristic
is even more prone to false positives.

Total number of trips 615
Number of trips with at least
one TP*

171

Number of trips where at least
one heuristic was triggered

222

Number of trips where both
heuristics were triggered

125

*Where at least one of the two heuristics detected a cruising for parking instance correctly.
Table 2.3. Heuristics Evaluation

Double Cross Time in Range
Number of trips where it was
triggered

197 150

Times it was triggered 322 191
True Positives 281 155
False Positives 41 36
Average Detection Delay 265.86 s 264.59 s
Average Distance from Park-
ing

173.8 9m 166.46 m

Table 2.4. Heuristics Evaluation - Comparison
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2.5.3 Machine Learning Models

2.5.3.1 Defining the Cruising for Parking Problem

By analyzing the results obtained by the two heuristics (Tables 2.3 and 2.4), it
was noted that although the number of false positives was low and no false negatives
were counted, the detections, despite being accurate, arrived with a not negligible
delay (about 3.5 minutes on parking searches that lasted an average of 8 minutes, see
Table 2.2). As a consequence, it was decided to leverage a machine learning-based
algorithm.

The cruising for parking detection was modeled as the problem of having to
establish whether, given a portion of the car trip, that portion was part of a parking
search or not. In our model, a car trip is defined as a sequence of trip points, and
a portion of it is a single trip point, which corresponds to approximately a second of
travel.

2.5.3.2 Observations on collected data

A significant flaw in the data collected concerns the imbalance between the
number of trips carried by each user. Indeed, 2 out of 9 users contributed to more
than half of the trips monitored. The remaining 7 users are divided into 5 users who
have contributed similarly, and two whose trips make up less than 2% of the total
dataset.

The main disadvantage, however, derived from how the cruising detection problem
was modeled, as by considering the trip points of a given trip separately, the number of
negative examples (all those trip points belonging to the travel phase) is significantly
higher than that of positive examples (trip points of the cruising phase); this
phenomenon is due both to the fact that the traveling phase in generally longer than
the cruising one, and also to the scarcity of cruising trips collected (Table 2.1).

To alleviate the imbalance between false and true cruising instances, it was
decided to pick, for the training (Table 2.5), 200 trips, of which almost half (98)
were cruising trips, whilst the remaining were divided between on-street and private
trips. The cruising trips were randomly picked from the users who collected the most
trips. In addition to that, the start of each trip was truncated in order to obtain a
number of false cruising instances equal or less than that of true cruising instances.

For the testing phases, on the other hand, a separate dataset was used containing
the remaining trips (total of 415 trips, 73 of which were cruising trips). By testing
the models on users never seen before (assuming that they have habits that tend to
be different from the users used during the training phase), it is possible to have a
more meaningful evaluation of performance. The main goal for the near future is
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to expand the training set as much as possible (also in terms of data variation) to
improve the models’ overall performance, but the accuracy of 85% obtained in the
meantime is still very promising.

Dataset
Type

Samples CruisingFalse CruisingTrue Trips

Training 90737 53023 37714 200
Testing 118572 90433 28139 415

Table 2.5. Datasets

2.5.3.3 Adopted Machine Learning Model

Given the formalization of the problem, the best choice resulted in adopting
a Boosted Tree Classifier. To achieve such a decision, different machine learning
models and datasets were defined and compared.

To this matter, it is worth reporting that, while designing the first models, it
occurred that classifying single trip points may lack the time dimension, i.e. the
searching status of each trip point was computed independently from the status
of the immediately preceding instants. Indeed, the cruising for parking detection
problem may be interpreted as a Time Series Forecasting problem, which can be
modeled with a Convolutional Neural Network. Consequently, several CNNs were
built based on different combinations of design choices which concerned the number
of features selected and the length of the time samples. However, although they were
more sophisticated models than the BTs, and hence better outcomes were expected,
the accuracy of the CNNs-based systems never exceeded 65%. We believe that these
unsatisfactory results are due to the scarcity of data we had available. Therefore, we
defer to future works a possible refinement of the detection system based on CNNs.

The proposed Boosted Tree Classifier leverages the following features:

• date - Float64

Float64 parameter based on the timestamp describing the time of collection.
This information was used and manipulated in different ways depending on
the ML modeling choices.

• avSpeed - Float64

Average speed in m/s computed over the last 60 trip points.

• doubleCross - Boolean

A parameter that indicates the results of the first heuristic. It is set to 1
from the instant in which the heuristic detected a double-cross (if any). This
parameter divides the trip into two phases and it resulted to be the most
significant during the learning process.
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• timeInRange - Int32

A parameter that describes the number of seconds spent in the ranges monitored
by the second heuristic.

• clusterProximity - Double

A custom computed value describing the user’s location with respect to their
Parking Clusters.

The Boosted Tree Classifier achieved 88.45% accuracy during training and 84.8%
accuracy during testing (Table 2.6). The detail of the evaluation is shown in the
confusion matrix in Table 2.7. Table 2.8 present the evaluation details regarding
precision and recall.

Features Training Accuracy Test Accuracy
date, avSpeed, cluster-
Proximity, doubleCross,
timeInRange

88.45% 84.8%

Table 2.6. Boosted Tree Classifier Evaluation

2.5.4 Final Cruising for Parking Detection System

2.5.4.1 Thresholds and Final System

True/Prediction CruisingFalse CruisingTrue
CruisingFalse 80264 10169
CruisingTrue 8473 19666

Table 2.7. Boosted Tree Classifier Confusion Matrix - Testing

Precision Recall
CruisingFalse 90.45% 88.76%
CruisingTrue 65.92% 69.89%

Table 2.8. Boosted Tree Classifier Confusion Matrix - Precision and Recall

The ML Model chosen to be the base of the final cruising for parking detection
system is a Boosted Tree Classifier. During testing, it reached an accuracy of nearly
85%. However, although it may seem a high percentage, the model performed
poorly during real-time tests, resulting in an unacceptably high number of false
positives. In fact, an average car drive lasts around 15 minutes, i.e. about 900 trip
points whose status needs to be predicted by the model. Being 85% accurate means
that, on average, the model will rightly classify around 765 seconds, leaving 135
possibilities of error in just one trip.
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Understandably, it was necessary to establish a threshold of minimum consecutive
detection predictions and with certain confidence above which the parking search
detections made by the model were considered to be true. Therefore, the performance
of the model was evaluated by trying all possible combinations between confidence
thresholds (parameter confidenceThreshold, tested on a [0.5,1.0] range) and
a minimum number of consecutive prediction with such confidence (parameter
predictionsThreshold, tested on a [0,20] range). The trips used for this testing
phase were those already used in the testing dataset (Table 2.5), excluding 39 trips
that were too short (less than 3.5 minutes). Indeed, 376 trips were used, which
counted 72 cruising trips, 108 private trips, and 196 on-street trips.

The adopted evaluation parameters were precision, recall, and accuracy.

Finally, the best couple of parameters resulted in being confidenceThreshold
= 0.95 and predictionThreshold = 0, which have raised the value of the accuracy
(calculated on the totality of the trip) up to 93% (Table 2.9).

Number of trips 376
Expected True Positives 72
Expected True Negatives 304
True Positives 58
True Negatives 294
False Negatives 14
False Positives 26
Trips containing FP 12
Average Detection Delay 177.43s
Recall 83%
Precision 81%
Accuracy 93%

Table 2.9. Final Cruising Detection System Evaluation

2.5.4.2 Final Cruising Detection System Evaluation

As shown in the graph pictured in Table 2.5, in the majority of cases, the
detection system captures a cruising for parking instance with a delay between 100
and 200 seconds. On average, as reported in Table 2.9, the detection delay counts
177.43s (a significant saving with respect to the 265s obtained by the two heuristics,
Table 2.4).

As for the accuracy evaluation, it should be noted that, given the imbalance of
the testing dataset (i.e. the large presence of trips without parking search), high
accuracy values are easily reached even if the model always guesses for non-cruising.
However, by observing the low percentage of false positives, the even lower number
of trips in which they are gathered, and, on the other hand, the good percentage of
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Figure 2.5. Cruising for parking detection delays

true positives (80% over expected result), we believe that the obtained performance
is very promising. Indeed, the model tends not to make negative mistakes, and
especially with respect to the intended use of this research, it tends not to give rise
to false parking searches.

2.5.5 Discussion

This section presents a context-aware approach for detecting cruising for parking
in real-time using smartphone sensors. We have identified several indicators of
cruising behavior, such as the heuristics Double-cross and Time in range, and
collected data to train and evaluate our machine learning models. Our final cruising
detection system achieved high accuracy and can be used to provide drivers with
parking availability information and reduce traffic congestion.

As main contributions, we provided an extensive literature review on relevant
works. Then, we reported on several users’ conscious and unconscious behaviors while
searching for parking that we observed as the results of an interview-based study to
analyze driver habits, which is supported by previous literature. We proposed an
approach to model cruising for parking behavior that involves analyzing the drivers’
GPS traces and referred to previous literature to support its validity. Finally, we
designed a system based on a Boosted Tree (BT) classifier to near-real-time detect
whether the driver is cruising for parking.
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The classifier’s features include the driver’s speed, changing locations, and
previous parking spots, addressing RQ1. The final cruising for parking detection
system can recognize, with a high level of accuracy (93%) and a nominal delay rate
(177.43s), when a driver is looking for parking, addressing RQ2.

The main limitations of our work are the use of a dataset of only 9 users and the
lack of the timestamp of the beginning of the cruising phase for each trip considered.
However, these limitations are shared by other precedents in the literature, including
Montini et al. [130] for the definition of the ground truth and Waerden et al. [209]
for the experiment carried out on a small number of users. Our proposal to alleviate
the missing ground truth issue is estimating the start of the cruising area 200 m
before the destination, in line with previous studies that averagely reported radiuses
between 100 and 400 m. Regarding the possibility of having a higher number of
users, we postpone a more extensive study to future works.

Another limitation of our work is contextualizing the experiment in a specific
geographical area (Rome, Italy). However, precedents in the literature often restrict
the experiments as well (examples are Montini et al. [130], Waerden et al. [209], Dalla
et al. [60]). Furthermore, our approach is based on an analysis of cruising behavior
that generalizes from the specific context, which is indeed supported by previous
studies. In detail, none of the model’s features is context-dependent. However, the
training was conducted on users that traveled the same areas, possibly indicating a
chance of over-fitting. Moreover, the last feature implicitly requires using the model
extended over time, as it is based on previous parking lots.
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2.6 An approach to leverage Artificial Intelligence for
car-parking related mobile applications

Mobile applications have become an integral part of our daily lives [203], and
the potential for leveraging artificial intelligence (AI) to facilitate and enhance user
experiences within these applications is vast. AI can support or replace repetitive
and demanding tasks, offering users a more varied and efficient interaction with
the application [15]. However, despite the increasing attention and interest in AI
across various fields, integrating AI-based functionality into mobile applications
poses unique design and implementation challenges, such as individuating the correct
set of features that can benefit from AI and the gathering of quality data for training.
Moreover, the limited processing power and memory must be considered, as well as
battery life.

Our research mainly focuses on context-aware smartphone apps designed for the
smart parking context. This domain presents a compelling opportunity to harness
the power of AI to provide valuable features and services to users, who will no longer
need to enter data by hand but can rely on AI to understand their needs. Many
drivers rely on their smartphones to assist them in performing tasks while on the
road, but this can pose significant safety risks as actively using the smartphone
distracts them from driving. We aim to mitigate distractions and enhance the driving
experience by leveraging AI-based features in context-aware parking applications.
Such apps can provide relevant and timely suggestions by intelligently adapting to
the user’s situation, making parking-related tasks a seamless experience.

Our group also used this approach in other contexts, such as more critical
situations, such as analyzing the smartphone microphone to understand whether a
person around it is breathing in post-earthquake scenarios [22].

This section presents our approach to addressing the challenges of integrating
AI into mobile applications. We strongly focus on smartphones, which are highly
versatile and powerful enough to collect and process contextual data. Once a user
need is identified, we use context data to train dedicated machine learning models.
The models, running directly on the smartphone, help predict the user’s needs,
facilitate the execution of tasks, and sometimes directly replace the user. Examples
of parking-related features we addressed by adopting the described approach are
identifying events such as parking, un-parking, and approaching a parked car [39][33];
classifying parking types (parallel, diagonal or perpendicular parking; private vs
public parking) [23, 152]; detecting cruising for parking [40]; estimating the level of
parking availability on a street-level scale [20], etc.
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2.6.1 Engineering

This work presents the development of an interactive system designed for the
domain of parking, which we also experimented with in the context of earthquakes
[24]. In order to minimize distractions, our smart system can intelligently adapt to
the user’s situation, automatically understanding the context (driving, looking for
parking, parked, etc.) and providing parking recommendations. In our system, we
prioritize the user’s involvement, creating a collaborative environment that provides a
positive user experience and continuous system improvement. Making an AI-powered
application where the user feels in control is not an easy task; in the following sections,
we report our experience on how users respond to different methods of feedback
requests from the system and what we found to be both engaging for the user and
feasible for the system.

Moreover, we present a systematic approach to creating AI smartphone applica-
tions that describe the entire process, from identifying automatable features to data
gathering, model learning, and release.

2.6.2 Approach

Our approach can be summarized in four steps:

1. identify the task that can be automated and the degree of AI involvement. In
order to select the right task, the users’ behavior and needs must be thoroughly
analyzed to understand where automation is functional. On the other hand,
AI involvement depends on the type of available data and the capabilities of
devices.

2. Data collection for training. We release a companion application that collects
users’ feedback on the task, creating the first dataset used to train the machine
learning model.

3. Train a machine learning model over gathered data. This passage can be
iterated when a significant new amount of data is available and if the application
has a personalized approach and thus must adapt to users’ habits.

4. Release the app and allow user feedback to refine the data labeling. This
allows for continuous updates to the running model.

2.6.2.1 Identifying the task

Identifying tasks that can be automated while ensuring a positive user experience
can be challenging [122]. It is crucial to strike a balance where users feel in control
of the system while benefiting from AI-powered automation.
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Figure 2.6. A visualization of our learning loop

During the identification phase, it is essential to begin by understanding the
user’s needs. This step involves gaining insights into their habits, needs, challenges,
and areas where automation could enhance their experience. By empathizing with
the user and comprehending their requirements, we can lay the foundation for
effective AI integration.

Subsequently, it is vital to determine to which extent AI can intervene by
identifying the appropriate model and the necessary features and data. This step
entails evaluating the task’s complexity and the feasibility of using AI.

For example, a significant user need is getting help to find a parking spot. We
thoroughly analyzed how drivers look for on-street parking places and identified
average behaviors in cruising for parking [40]. AI can help detect when a driver
is looking for parking and prompt the system to look up a database for a suitable
parking spot, anticipating an explicit request, hence a distraction on the user’s part
and possibly saving cruising time. We designed an interaction that keeps the user
in control by not forcing them to accept parking spot suggestions and letting them
ignore any requests on the AI part (e.g., a notification advising the user that a
nearby parking facility has available spots).

2.6.2.2 Identifying the context

Our approach to developing context-aware mobile apps for the driving context
emphasizes assisting users as naturally and seamlessly as possible. Leveraging the
power of smartphones, we capitalize on their capability to collect a diverse range of
contextual data and computing power for model processing. Important data that
can be gathered from smartphones include readings from inertial sensors (such as
the accelerometer, gyroscope, magnetometer, and GPS), weather conditions, tem-
perature, time zone, lighting conditions, noise, and specific user-related information
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like visited places, calendar events, and nearby users.

In order to tailor our services specifically to the driving context, we have developed
an implicit interaction approach [39, 33] to identify when the user enters and exits
a vehicle. Our solution leverages the smartphone’s sensing capability of users’
locations and motion activities and merges them to infer parking and un-parking
events, avoiding any explicit interaction on the user’s part. More in detail, such
an approach relies on the machine learning models integrated into the smartphone,
enabling recognition of the user’s activity type (driving or walking) and simple
decision algorithms to refine the models’ detection, further enhancing their accuracy
and augmenting the activity detected with a location and a timestamp. By isolating
the driving context, we can provide personalized and relevant services accordingly,
triggering even more context-specific features. For example, the above-cited cruising
detection feature is triggered only if the user is detected to be driving. Currently, we
are developing another AI that focuses on recognizing the user’s means of transport,
such as cars, buses, trams, or metro. Such an AI can augment and refine the
detection capabilities currently available on standard smartphones, based on the
device bluetooth connections.

2.6.2.3 Gather Data

Training machine learning models necessitates a substantial amount of data.
Consequently, our standard practice is to develop a companion version of the target
application to facilitate the collection and labeling of data.

By distributing a companion app, we can streamline the data collection process.
Such apps incorporate HCI principles [132], ensuring ease of understanding, intuitive
interactions, and a visually appealing interface. Adhering to these guidelines enhances
user engagement, encourages user participation, and ultimately contributes to the
quality of the collected dataset. Indeed, when users find the application easy to
understand and navigate, they are more likely to provide accurate and meaningful
labels, enhancing the overall effectiveness of the training dataset.

For the means of transport recognition project, the data collection app we
developed warns users when it detects that they have entered a state of motion on a
motorized vehicle. Upon receiving the notification, users can respond promptly by
selecting the specific type of transport used, enabling the collection of labeled training
data. However, developing this app presented its challenges. One of the critical
difficulties we encountered was that users occasionally overlooked the notification
and needed to input the data manually later. To mitigate this, we introduced an
editable past travel history feature in the data-collection app that allows users to
label the collected data after the trip is finished (see Figure 2.7). This enhancement
lets users label their data retrospectively, ensuring a more complete and accurate
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dataset.

Figure 2.7. Example screens from the data collection app to recognize the user’s means
of transport. In this version, the app does not yet implement a recognition model.
Therefore, the labeling of each trip is done manually by the user. On the left: "You
are not in a vehicle". The user can assign a vehicle type to each of their previous trips.
Center: "Select the vehicle". Upon selecting a trip from the history, the trace of collected
GPS locations is shown to the user, along with the day and time it took place, as a
reminder. Right: "You were in a car". The user labeled the collected data by selecting
the means of transport.

2.6.2.4 Model training and distribution

We train our AI models on dedicated servers. We train a prediction model on the
data collected by the companion app; once the model reaches the target accuracy, it
is distributed to the apps and can be run locally. As described in the next section,
the released application will continue to gather data that can be used to update
the model over time. In the future, we plan to implement personalized applications
that learn the habits of individual users; in this case, each user will have a different
model, which will be refined over time using only the feedback given by that user.
Our approach is to design and develop models suitable to be run directly on the
user’s device. This approach minimizes reliance on external computing resources and
prioritizes user privacy in the final application. Indeed, data privacy can be upheld
by keeping the data stored on the user’s device and only occasionally transmitting it
to the server for future model updates. Moreover, it removes the delay that would
introduce the communication towards an external resource, allowing for better use
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Figure 2.8. Example screen from the released parking app. On the left: “Type of parking".
The app predicted the type of parking “angle". On the right: the user can correct the
prediction by selecting a different type of parking, “perpendicular", “angle", or “parallel".

of models designed for critical contexts.

2.6.2.5 Release, feedback, and Human-AI collaboration

Once the model is distributed and operational, we prioritize the user’s involvement
and empowerment by allowing them to offer feedback on the generated predictions.
This feedback mechanism is crucial for collecting valuable insights and identifying
potential issues or inaccuracies in the model’s output. By actively encouraging user
feedback, we establish a collaborative environment where users play an active role
in improving the system’s performance and enhancing their experience.

Furthermore, we acknowledge the significance of transparency and user control in
AI-driven systems. To ensure users always remain in charge of the system and clearly
understand its operations, we enable users to revert any changes made by the AI
easily. Through such a collaborative approach, we address potential issues, improve
the accuracy of future predictions, and cultivate a trustworthy and user-friendly
design.

Regarding this matter, we collected valuable feedback directly from users during
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the test phases of an app that gathered different parking-related features. Users
expressed their appreciation when the underlying AI understood context and user
actions. For example, they were pleased when the AI accurately recognized the
location and time of parking events and the specific type of parking. In contrast,
users did not respond favorably when prompted to input information manually.
For example, our app initially asked for the type of parking each time a parking
event was detected (the aim was to involve the user regardless of the model’s guess).
However, we learned that this approach needed to be better received. We removed
the notification and allowed the model to make an independent guess. We then
made the model classification visible to users, enabling them to correct it if necessary.
Users positively received this modification, as it gave them more autonomy and
control over the data input process without the burden of repetitive requests for
interaction. This process of keeping users in charge of the system and making them
understand what is happening by also giving the option to undo actions taken by
the AI is a crucial step to allow them to recover, understand, and avoid errors [35].

2.6.3 Updating models

The model can be updated by re-training it over newly collected data using
user feedback. This is useful in two cases: when the app is released, and thus the
availability of data is limited, and when the app must keep track of each user’s
habits. In the first case, the model is re-trained over the previous data plus the new
feedback, and this is repeated over time until the model’s precision stops growing.
On the other hand, if the application must keep track of individual habits, the model
will be re-trained daily in a sliding window fashion, where older data is gradually no
longer used to make predictions. In any case, the updated model is distributed to
the apps, allowing them always to give the most recent and accurate predictions.
To do so, we need to have in place a system to pre-process the collected data, run
the model training, save it, and let the apps know that there is a new version of the
model available and that they need to update their local version.

We implement the described system as follows:

1. Run a Python script to download the collected data and pre-process it to
organize it for the training phase.

2. Train the new model using the new pre-processed data.

3. Save the newly trained model and notify the server that a new version is
available.

4. Update the latest model version number on the server to ensure that consequent
requests to check for the model version by the apps will trigger the model
update task [9].
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5. (Optional) Send a silent notification to the app to let it know a new model
version is available. This can trigger the model update task directly without
the user waiting for it when the app gets opened next time.

This process enables us to enhance the model’s accuracy over time and ensure
that the data classification aligns with the desired outcomes.

2.6.4 Discussion

This section proposes an engineering approach to integrate AI into mobile
applications, specifically within the context of car parking. Our research demonstrates
the potential of AI in enhancing user experiences and facilitating tasks within mobile
applications. Exploiting this approach, which leverages context awareness, implicit
interaction, and machine learning, we have designed an AI-powered application that
provides personalized and practical assistance to drivers.

Our approach addresses the unique challenges of AI integration into mobile
applications, such as identifying tasks that can benefit from AI, balancing user
experience with AI automation, and gathering quality data for training while
preserving the user’s privacy. We have shown that with careful design and continuous
model updating, it is possible to create an app that meets evolving user needs.

In the context of smart parking, we illustrate the potential that AI applications
can provide by giving real-time advice, enhancing the driving experience, and
mitigating safety risks associated with active smartphone use while driving.

The described approach is generalizable to different domains that can benefit
the application of Artificial Intelligence to mobile User Interfaces to obtain implicit
and context-aware interaction. We successfully applied it to another context, post-
earthquake presence recognition, demonstrating its versatility and potential for
broader application.
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Chapter 3

Implicit Interaction supported
through BLE

3.1 Introduction

As mobility systems become increasingly automated, interaction design shifts
from supporting drivers to supporting occupants. In this transition, vehicles and
mobility services are expected to adapt to passenger presence, social setting, and
situational context, which requires sensing not only where someone is, but also who
is around them and how that environment changes over time [202, 83]. Traditional
context sensing in mobility typically relies on GPS, inertial sensors, cameras, or multi-
sensor fusion. While effective, these approaches can introduce trade-offs in terms
of power consumption, deployment effort, or privacy, and they are not always ideal
for passenger-focused applications that require unobtrusive, lightweight inference
[199, 161, 140].

This chapter explores an alternative enabler for implicit interaction: Bluetooth
Low Energy (BLE) visibility. Modern smartphones continuously emit and detect
BLE advertisements, often using randomized addresses and without requiring pairing
or direct connections [145, 10]. By treating smartphones as proxies for their owners,
aggregate properties of nearby BLE signals such as persistence, turnover, and
device density can provide a subtle but useful cue of co-presence. Importantly,
this can be done without tracking precise location and without aiming to identify
individuals, which makes BLE-based sensing attractive for privacy-sensitive and
resource-constrained settings [184, 1]. The core intuition is that a small set of
consistently observed devices over repeated scans is indicative of shared proximity
within a confined space (e.g., a private car or robotaxi), whereas many transient
devices suggest higher-density environments (e.g., bus or metro), enabling implicit
inference of both passenger presence and broader mobility context [89, 3].
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The two papers in this chapter develop this idea along a coherent path. First,
we study BLE beacon visibility as a general signal for human presence and den-
sity in everyday environments, framing it as a low-cost alternative to camera- or
infrastructure-heavy solutions and clarifying its privacy and deployment implications
[199, 7, 227]. Building on this foundation, we then investigate how BLE-based
sensing can support context-aware user experiences in automated mobility by de-
tecting co-travelers and estimating vehicle type from the stability and volume of
nearby devices, thereby enabling passenger-aware, adaptive interaction strategies
[202, 89]. Together, these contributions position BLE as a practical sensing primitive
for implicit interaction: lightweight enough to run on-device, expressive enough to
capture social context, and flexible enough to generalize from mobility to broader
ubiquitous computing scenarios.

3.2 Related Works

Transportation Mode Detection (TMD) using smartphones has been a long-
standing research topic at the intersection of transportation science, mobile and
ubiquitous computing, and HCI. The dominant approach is to infer mobility context
from location and inertial signals, sometimes enriched with additional sensor streams.
In contrast, our work investigates Bluetooth Low Energy (BLE) visibility as an
implicit cue for co-presence and occupancy, treating nearby devices as proxies for
nearby people. This direction is comparatively underexplored in TMD, yet it is
attractive for mobile interaction because it can be lightweight, privacy-conscious, and
directly informative of social context, which is increasingly relevant for passenger-
centered and automated mobility experiences [202, 83].

3.2.1 Inertial and motion-based TMD

A large body of work relies on Inertial Measurement Units (IMUs), typically
accelerometers and gyroscopes, to classify transportation modes from motion dy-
namics. These methods can be effective across a range of movements, and recent
contributions continue to improve robustness and handling of practical issues such as
class imbalance and device orientation. For instance, Xu [219] addressed imbalance
through focal-loss-based training, while Van et al. [206] explored rotation-invariant
feature representations. Earlier benchmarking work by Fang et al. [78] highlights
the breadth of IMU-based classifiers and evaluation practices.

A recurring limitation, however, is that IMU-only systems can struggle to
distinguish modes with similar acceleration profiles (e.g., certain vehicle types), and
they often require frequent sampling to maintain accuracy, which can increase battery
consumption. Moreover, while commercial mobile operating systems provide coarse
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activity recognition (e.g., walking vs. in-vehicle), these abstractions typically do not
differentiate specific transportation modes and may not expose detailed signals or
model behavior to developers, limiting transparency and interface-level control.

3.2.2 Location and trajectory-based approaches

GPS and trajectory analysis represent another major TMD family, leveraging
spatiotemporal patterns, speed profiles, and route characteristics. While GPS can
be informative, it performs poorly in tunnels, dense urban areas, and underground
transit, and it can be energy-intensive when sampled continuously. Several works
therefore enrich GPS with contextual features, road-network constraints, or additional
sensor streams. Sowlati et al. [194] reported that GPS alone was insufficient and
improved results by integrating contextual and spatial information. DE et al. [64]
incorporated road networks and other signals for improved robustness, while Ma
et al. [115] proposed a deep learning framework on GPS trajectories, at the cost of
substantial labeled data and computational complexity.

Overall, the literature consistently shows that combining signals tends to im-
prove TMD accuracy, but it also increases system complexity, energy consumption,
and permission requirements, which can be problematic for lightweight mobile
applications.

3.2.3 Sensor fusion and non-traditional modalities

Multi-sensor fusion is widely adopted to improve robustness in real-world condi-
tions. For example, Fourez et al. [79] and Chen et al. [52] demonstrated that fusing
GPS with accelerometers can yield more reliable classification. Beyond IMU and
GPS, other modalities have been explored. Audio-based approaches can achieve
high accuracy in vehicle contexts, as shown by Lee et al. [106, 107], but continuous
audio capture raises privacy concerns and may be unreliable in noisy environments.
Barometric pressure sensing has also been used as a low-power complementary signal
[177], though it often provides limited discriminative power on its own.

Environmental proximity signals, particularly Bluetooth and WiFi, have attracted
interest as an alternative or complementary source of context. Mohammed et al.
[127] and Bjerre Nielsen et al. [43] found that proximity-related cues can improve
detection, especially in crowded public transport where GPS becomes unreliable.
Coroama et al. [57] combined Bluetooth and WiFi proximity with traditional sensors
and supported background collection and manual correction, showing the promise
of proximity-aware pipelines. However, much of this line of work relied on Classic
Bluetooth, which has discovery limitations and can be less suitable for continuous,
energy-efficient sensing. In addition, proximity-only signals were often reported as
insufficient for high-precision real-time mode classification when used in isolation.
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3.2.4 BLE visibility for co-presence and context-aware interaction

BLE introduces a different sensing opportunity: smartphones can broadcast and
observe BLE advertisements without pairing, and modern designs commonly employ
randomized addresses, enabling passive detection without direct identification of
devices [145, 10]. Compared to many traditional sensing pipelines, BLE scanning
can be relatively lightweight and can avoid collecting precise location. This makes
it appealing for scenarios where power consumption, deployability, and privacy are
central constraints [184, 1]. Instead of inferring context purely from motion or
trajectories, BLE visibility patterns can capture social density and co-presence: how
many devices are nearby, how stable they are across scan cycles, and how frequently
they appear or disappear. These cues are particularly relevant in passenger-focused
mobility, where knowing whether a user is alone, accompanied, or in a crowded
vehicle can directly inform adaptive interface strategies [202, 83].

Our work connects this sensing primitive to implicit interaction in mobility
systems and to the broader research thread on proactive, context-aware smartphone
support. Prior contributions in the parking domain demonstrate how passive
smartphone sensing can enable task assistance while reducing user burden [40], and
AI-enhanced mobile applications have been proposed to leverage passive cues to
support or automate user tasks [31]. From an HCI perspective, these systems raise
questions about transparency, evaluation, and user control in implicit or proactive
interactions [38]. In response, we frame BLE-based inference as a support for
interface-aware decisions that remain legible and user-correctable, aligning with
prior discussions on managing uncertainty and supporting correction in AI-assisted
systems [35].

3.2.5 Summary and positioning

Existing TMD approaches face well-known trade-offs [102]. IMU- and GPS-based
systems can be accurate but may be power-hungry and privacy-sensitive. Audio
methods can be effective but more invasive. Multi-sensor fusion improves robustness
at the cost of complexity, energy consumption, and broader permissions. Commercial
OS activity recognition is convenient but coarse-grained and often lacks transparency
and controllability.

Within this landscape, BLE visibility complements established methods by
focusing on co-presence and device-flow cues rather than only motion or location.
This makes it well suited for intelligent mobility applications and passenger-aware,
adaptive interfaces, where understanding social context can be as important as
recognizing movement. The novelty lies both in the sensing angle (BLE as a proxy
for occupancy and density) and in its integration into an interface-oriented pipeline
that prioritizes privacy, low overhead, and user-understandable outcomes.
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3.3 Towards Context-Aware UX in Automated Mobility:
BLE Based Passenger Detection via Smartphones

As vehicles become more automated, the dynamics between people and these
systems are shifting, transforming passengers from drivers into occupants. Automated
vehicles are increasingly expected to respond to passenger presence, preferences,
and context, requiring a deeper understanding of who is in the vehicle and how
that context changes over time [202]. This section explores how BLE sensing on
smartphones can help automated vehicles infer the presence of other passengers.
The core idea is simple: by detecting other nearby BLE-enabled devices carried by
co-travelers, a smartphone can offer clues about whether a user is alone, on a shared
ride, or in public transport. This low-level sensing helps build higher-level context,
informing how a vehicle adapts its interface or behavior [89]. We propose a system
that scans for nearby BLE signals and uses their consistency and volume to infer
transport mode. A few Stable Devices (those appearing consistently for at least
five scan cycles) likely indicate a private car, autonomous car, or robotaxi [3], while
a larger number of appearing and disappearing devices suggests a bus or metro. By
treating smartphones as proxies for people, the system estimates passenger density
to support adaptive interaction features, accommodating users with multiple devices.

We also assess vehicle type by monitoring the frequency of BLE device appear-
ance/disappearance during scans, and by counting Stable Devices. The average
number of Stable Devices varies by vehicle type and traffic conditions, helping us
evaluate the user’s vehicle. Unlike traditional methods relying on GPS, accelerom-
eters, or cameras, BLE scanning is lightweight. It does not track user location or
record personal data [184], making it ideal for scenarios prioritizing power consump-
tion, privacy, and unobtrusiveness, especially in passenger-focused applications [1].
The motivation is to enhance automated vehicle responsiveness and adaptability [83].
For example, a vehicle detecting a lone occupant might offer more verbal feedback,
while recognizing others nearby could emphasize visual cues or limit distractions.
BLE-based sensing introduces a level of awareness currently lacking in many systems.
The remainder of this section is organized as follows: Section 3.3.1 presents our
BLE-based detection approach. Section 3.3.2 details our classification model and
evaluation. Section 3.3.3 describes the mobile app and data collection. Section 3.3.4
explores potential use cases in human-automated vehicles. Section 3.3.5 discusses
implications for designing adaptive, passenger-aware vehicle systems.

3.3.1 Methodology and Data Collection

Smartphone ownership worldwide is on the rise, especially in Western countries,
making it increasingly uncommon for individuals to be without a smartphone or
related smart device [56]. We hypothesize that smartphones can effectively serve
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as proxies for their users, allowing for reliable inference of individual presence. To
this end, we propose a BLE-based method to detect and track nearby smartphones,
facilitating the estimation of individuals traveling in proximity to a user. Our
approach utilizes periodic BLE scanning to identify devices emitting beacon signals,
presenting a scalable and efficient solution for mobility tracking. However, several
challenges exist in ensuring accurate estimations. Not all detected BLE signals
originate from smartphones, many individuals carry multiple BLE-enabled devices,
such as smartwatches and fitness trackers, leading to potential overestimation.
Additionally, stationary BLE-equipped devices like IoT equipment can introduce
noise, complicating the differentiation between personal devices and environmental
signals. To mitigate these issues, our method identifies Stable Neighbors that
consistently appear across multiple scans, filtering out Transient Devices (those
visible for only a few seconds) and enhancing estimation reliability. By applying
machine learning techniques for signal classification and pattern recognition, our work
aims to improve the understanding of user transportation in complex environments.

We can infer whether a user is traveling alone in a car or with others in a
shared vehicle based on how many nearby smartphones are detectable through BLE.
The basic idea is simple: BLE-enabled smartphones can detect other BLE devices
that are advertising nearby. If someone is consistently surrounded by a few other
phones, that might suggest a private car, taxi or a carpool. A large, fluctuating
number of nearby devices might indicate a bus or metro. Other cues can be used
to disambiguate certain situations, such as when a user is stuck in traffic on the
motorway. In this scenario, the user travels many kilometers, surrounded by the
same vehicles for an extended period. Likely, the surrounding vehicles have not
changed during this time. Additionally, since the user was previously in a car, the
high number of Bluetooth devices nearby makes it unlikely that the user is in a
different mode of transportation. We implemented this logic in an iOS application
that periodically scans for BLE signals and logs nearby devices’ identifiers and signal
strengths. The app requires minimal explicit interaction from the user. To reduce
noise, we ignore Transient Devices and focus on those that appear consistently
over time. This helps filter out people simply walking by or standing nearby for
a moment. We also avoid pairing and authentication steps to keep the scanning
process lightweight.

In an urban setting, we gathered data during actual commutes using buses,
trams, metros, and private cars. A total of 30 users tested the app for sessions
lasting between 15 minutes to over an hour, varying by route. We varied the time of
day, location, and occupancy levels to capture different crowding conditions. Phones
were positioned in typical user locations, like in hand, bag, or pocket, accurately
representing BLE signal behavior in different usage contexts. Each scan captured
the detected device’s timestamp, Received Signal Strength Indicator (RSSI), and
a hashed Universally Unique Identifier (UUID). We deliberately avoided storing
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any user identifying information to preserve privacy. For each trip, we requested
that users record the ground truth label (car, bus, or metro). We noted special
conditions, such as high passenger density or unusually weak signals due to barriers
or phone placement. We processed the data into sliding windows of fixed length
(e.g., 30 seconds), computing features such as the number of stable devices, average
RSSI, and the variance in detected signals. One key metric was the "presence count",
which indicates how many devices appeared consistently across multiple scans in the
same window. This is more stable than relying on single scan results, which can be
noisy due to movement or radio interference. While the system does not explicitly
track movement, location, or sound, it captures the co-presence of other devices in
the same environment. This focus on passive proximity sensing fills a gap in the
TMD space, offering a less invasive method that is easier to deploy than alternatives
requiring GPS, audio, or visual input. The following section explains how we trained
and validated a model using this dataset to predict the transportation mode.

3.3.2 Model and Evaluation

The central question we wanted to answer was simple: Can BLE data alone help
us figure out what vehicle a person travels in? We developed a basic classification
pipeline to explore this using features extracted from BLE scanning windows. We
did not aim for cutting edge model performance; instead, we focused on feasibility,
interpretability, and usefulness for real world deployment.

3.3.2.1 Feature Design and Labeling

The BLE scanning process captured data in discrete time windows. We extracted
a few straightforward features, among others, for each window: the number of
unique devices detected, the average duration those devices stayed visible, and the
variation in their RSSI. These features were chosen because they reflect different
travel conditions. For example, a private car ride typically involves one or two stable
devices, often with stable signal strength. A public bus or tram usually results in
a fluctuating set of devices entering and exiting the range. Walking, on the other
hand, often produces scattered, inconsistent detections. There are exceptions and
edge cases to these patterns. We labeled each window manually based on our travel
diaries, using four classes: Car, Bus-Tram, Subway, and Walk. The dataset included
over 100 labeled windows, which we split for training and evaluation.

3.3.2.2 Model Performance

We trained a Random Forest classifier with hyperparameters: max_depth of
15, min_samples_leaf of 1, min_samples_split of 10, and 80 estimators. Cross-
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validation for the four classes were [0.743, 0.779, 0.673, 0.729, 0.711], yielding a
mean score of 0.725 and indicating moderate performance with some variability.
The results are summarized in Table 3.2. The model performed well on "Car" with
high precision, recall, and F1-score (0.85). These trips tend to be cleanly separable
because of the consistent presence of one or two nearby devices and low signal
variability. Support indicates the number of true instances of each class in the test
set. "Bus-Tram" had good precision (0.71) but much lower recall (0.50), leading
to a moderate F1-score (0.59) and showed decent performance as well. We chose
to aggregate bus and tram readings, as their data were pretty similar, and at the
same time, they both had a low number of samples. "Subway" showed the weakest
performance with a low F1-score of 0.27, indicating difficulty in identifying this
class. Detecting subway rides reliably was more challenging, likely due to the loss
of GSM signal in tunnels, which limited the number of recorded trips. Subway
rides are quite different from other modes of transport, as they exhibit noticeable
"spikes" when approaching different stops. While this behavior may appear similar
to that of buses or trams, it is much more pronounced in the case of subways. Even
though the number of examples is low, it is important to maintain subway rides as a
separate category. Aggregating them with other categories would create unnecessary
noise. Walking was also somewhat ambiguous, especially in low traffic areas with
few nearby devices.

Class Precision Recall F1 Score Support
Bus-Tram 0.64 0.70 0.67 10
Car 0.94 0.81 0.87 77
Subway 0.20 0.50 0.29 8
Walk 0.67 0.57 0.62 14
Overall Accuracy 0.74 109

Table 3.1. Classification Report

Table 3.2. A table showing classification performance for four transport modes: Bus-Tram,
Car, Subway, and Walk. Metrics include Precision, Recall, F1 Score, and Support. Car
has the highest F1 score of 0.87 and the largest support (77). Subway shows poor
performance with an F1 score of 0.29. The overall classification accuracy is 0.74, based
on 109 samples.

3.3.2.3 Average Performance Metrics

The macro average (which treats each class equally) and the weighted average
(which accounts for how standard each class is) are reported in Table 3.4. The
weighted F1 score of 0.77 reflects solid performance, given the class imbalance in
our dataset. Most of the windows came from car trips.
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Average Type Precision Recall F1 Score
Macro Average 0.61 0.64 0.61
Weighted Average 0.82 0.74 0.77

Table 3.3. Macro and Weighted Averages

Table 3.4. A Table which shows the macro and weighted average precision, recall, and F1
scores for the classification task.

3.3.2.4 Interface Integration and Feedback

The significance of this model lies in its accuracy and the positive impact it
has on the user experience. As said previously, we utilized a data collection app
to gather user trip data manually. This collected data was then analyzed, and
a Random Forest classifier was trained. We integrated the output of this model
into a new test application with a very simple interface, allowing users to receive
real-time estimates of their current vehicle. This test app was disseminated to
users, who were encouraged to make new trips again. If users disagreed with a
prediction, they had the option to override it, and these corrections were logged
to enhance future versions of the model. The primary aim of this test application
was to verify whether the user collected data aligned with the selected vehicle type
and to assess the consistency of our predictions. Overall, the results indicated that
our predictions were largely accurate. The logs showed that most users agreed with
the app’s predictions. When errors occurred, they often involved edge cases, like
riding an empty tram (mistaken for walking) or driving alongside a bus (mistaken
for bus). These instances revealed where BLE data alone might struggle, suggesting
that lightweight context features like time of day or zone classification could help
resolve ambiguities without sacrificing privacy or efficiency.

3.3.2.5 Key Takeaways

This evaluation shows that BLE can contribute to solving the challenges of
transportation mode detection. In fact, BLE offers a meaningful and low power
signal that can complement traditional methods [2]. Its ability to reflect co-presence
and density makes it exceptionally well suited for supporting vehicle passenger
interaction in automated systems. By using BLE in this way, we take a step toward
context aware, energy efficient, and privacy conscious transport mode detection.
These qualities are particularly important for scalable deployment in consumer
centric applications.
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3.3.3 User Interface Design

Although BLE scanning does not require much user attention, we designed a
companion mobile interface that gives users insight into what the system is doing.
The aim was to make the sensing process understandable and controllable without
overwhelming users with technical details. The app features a streamlined timeline
view that tracks nearby devices detected during scanning. To enhance user under-
standing, we use familiar visual cues like colored bars and brief messages, avoiding
overwhelming users with raw signal strength or technical details. When a trip begins,
notifications are minimal and unobtrusive. The system intelligently monitors the
user’s status and, upon detecting a transition from Walking to Automotive, sends
a timely notification to confirm if the user is in a means of transportation. This
approach ensures the user receives relevant information at the right moment while
keeping the interface clean and user friendly. Users can easily click the notification
to select their mode of transportation and collect travel data. Figure 3.6 illustrates
the app’s main screen during live use. Users can view the current transportation
status and switch between different modes of transport. This feature is especially
helpful in cases where the system mistakenly identifies a situation. For example,
if a user is walking but the system inaccurately detects automotive travel, users
can correct it without needing to stop or restart the app. The goal is to keep users
informed while minimizing the need for constant interaction.

Once a trip is completed, the app generates a visual summary, as shown in
Figure 3.4. This screen displays the path taken and overlays a color coded timeline
that reflects device density at each stage. Red segments indicate high density. Blue
or green segments point to lower densities typical of car vehicles. This summary
helps users understand why the system made a specific classification. We included a
history view to encourage reflection and support future applications like trip logging
or feedback (Figure 3.2). Each entry shows the result’s transport mode, timestamp,
and a transportation mode icon. This screen helps users revisit previous sessions
and see how the system performs. We also gave careful attention to privacy and
control. Users can pause scanning at any time using a prominent toggle. The app
includes a short, readable explanation of what data is collected and what is not.
For example, it emphasizes that no identifying information is stored, and BLE data
is processed only to count devices, not to track individuals. This transparency is
crucial in shared mobility contexts, where co-location can feel sensitive. While the
current interface is minimal, it is a starting point for building richer human vehicle
interaction features. In future iterations, the app could adapt its interface based
on user patterns or support custom alerts when unusual patterns are detected. For
example, a user might be notified if the system detects a sudden shift from a quiet
private ride to a crowded public setting. Ultimately, the interface plays a dual role.
It helps users understand and trust the passive sensing that powers the system,
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and it creates an entry point for more dynamic and personalized experiences inside
automated vehicles.

Figure 3.1. Trip history interface showing mode classification, timestamps, and quick
visual summaries. Translation: "Non sei su un veicolo" = "You are not in a vehicle",
"Auto" = "Car", "Bus" = "Bus", "Metro" = "Subway", "Tram" = "Tram", "A piedi" =
"On foot", "Viaggi Precedenti" = "Previous trips", "Tutti" = "All". Dates and times (e.g.,
"martedì, 28 mag") indicate the day (Tuesday, 28 May).

Figure 3.2. The user interface for viewing trip history, with a filter option to select different
transportation modes

3.3.4 Human Automated Vehicle Use Cases

While this system was developed primarily for transportation mode detection, the
exact underlying mechanism can be applied to support a range of use cases in human
automated vehicle interaction. One of the most direct and practical applications
is passenger detection. Automated vehicles need to understand their environment,
not just outside the vehicle but also inside. Detecting how many passengers are
present and whether someone is alone or part of a group can inform how the vehicle
adapts its behavior, interfaces, and services. Using BLE, our system can provide
a rough but proper estimate of how many people are nearby based on the number
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Figure 3.3. Completed trip view with density-based heatmap reflecting BLE activity along
the route. Translation: "Dispositivi" = "Devices", "venerdì, 19 apr" = "Friday, 19 April",
"Eri sul bus" = "You were on the bus", "Auto" = "Car", "Bus" = "Bus", "Metro" =
"Subway", "Tram" = "Tram", "A piedi" = "On foot".

Figure 3.4. Completed trip view with a density-based heatmap displaying BLE activity
along the route.

and stability of visible devices. If a user is in an automated shuttle or shared car,
the presence of multiple BLE devices suggests a group context. The system can
reasonably infer that the user is likely alone if no other devices are visible.

This type of information could be valuable in several ways:

• Adjusting in-vehicle interfaces: A vehicle might offer different interaction
options depending on whether the user is alone (e.g., voice assistant defaults
to private mode) or in a group (e.g., larger shared screen, reduced verbal
feedback).

• Enabling safety checks: In ride pooling or last mile shuttle services, BLE-
based detection could help confirm that all expected passengers have boarded
or disembarked without relying solely on cameras or additional hardware.
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• Supporting adaptive behavior: The system could modulate cabin lighting,
volume, or seat configuration based on inferred occupancy level, improving
comfort and reducing the need for manual adjustments.

As BLE detection is not exact, it does not provide identities or precise counts. It
often gives a lightweight signal that is enough for adaptive systems to make better
choices. Importantly, it does so in a privacy preserving and non-intrusive way, which
is especially relevant for HAV environments where user trust and consent are critical.

3.3.5 Discussion

This work offers a novel, lightweight approach to understanding the user’s travel
environment through BLE sensing. While much of the existing literature has focused
on detecting transport modes for broader mobility or urban analytics purposes
[27] [167] [139], our focus is slightly different: how BLE-based proximity sensing
can support user-aware features inside automated vehicles and shared autonomous
transport contexts. A core challenge in automated vehicles is inferring who is present,
how many people are on board, and under what conditions they travel [112]. This
information can support adjustments to in-vehicle interfaces, safety mechanisms,
and service personalization. Our system does not track users explicitly but instead
captures patterns in the presence of nearby devices. These patterns, the number of
nearby devices, stability over time, and variation can act as rough signals of whether
a user is alone, in a carpool, or in a crowded metro or bus. The model we trained
was effective at identifying car trips and reliably detecting shared transportation
modes such as buses or trams. However, classifying metro trips proved to be more
challenging due difficulties in our data collection in tunnels and other enclosed areas.
Despite this, in many instances, other devices provided sufficient signal strength to
support high level system adaptations. From an HAV perspective, this opens up
several interaction possibilities. For instance, the vehicle might suppress or simplify
voice interactions when it infers that others surround the user or automatically
activate privacy modes when it senses a single occupant [55]. BLE-based presence
could also assist in validating whether all expected passengers are present in shuttle
contexts without requiring cameras or biometric data.

One significant contribution of the system is its focus on user-centered feedback.
In the interface we developed, users are informed about the current classification
and have the ability to make corrections. This feature helps to ensure that the
system’s behavior is both explainable and adjustable, qualities that are becoming
increasingly important as vehicle interfaces evolve towards greater autonomy and
adaptability. While there are limitations to BLE-based sensing, it remains a valuable
tool for understanding passenger presence. This technology may not provide high
precision for counting passengers or identifying individuals. Factors such as hardware
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discrepancies, placement of the smartphone, and temporary interference can lead to
signal variability. Nevertheless, these challenges are manageable in scenarios where
a general awareness of passenger presence is sufficient to enhance responsiveness and
improve overall efficiency. This work shows how BLE sensing could play a helpful role
in the broader design of context aware automated mobility systems, especially those
that aim to be more responsive to the presence and needs of passengers. BLE-based
proximity detection offers a energy efficient [193], cost effective and privacy conscious
way to enhance environmental awareness, which can facilitate interactions between
humans and automated vehicles. BLE sensing stands out from other sensors as
it focuses on detecting the presence of nearby devices without revealing specific
locations, unlike GPS or Wi-Fi. It does not track your personal movements like
motion sensors or capture audio like a microphone, allowing it to infer context
without directly gathering personal information. Moreover, BLE devices avoid
tracking by periodically broadcasting a random, temporary address instead of a
fixed one, preventing observers from linking their presence over time to build a
movement history [12]. By determining whether a user is alone or in a shared space
and providing feedback tailored to the user, the system opens up possibilities for
more adaptive and human-aware automated mobility solutions. Future research
could build on this by incorporating additional lightweight cues and exploring how
users react to interface changes influenced by BLE-based sensing. In addition, we
intend to conduct further user testing to assess the capability of the proposed system
and discern different means of transportation.
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Figure 3.5. Main view of the app showing current detection status and manual override
controls. Translation: "Seleziona il veicolo" = "Select the vehicle", "Dispositivi" =
"Devices", "Sei a piedi" = "You are on foot", "Sei sul tram" = "You are on the tram",
"Sei sulla metro" = "You are on the subway", "Sei sul bus" = "You are on the bus", "Sei
in auto" = "You are in a car", "Auto" = "Car", "Bus" = "Bus", "Metro" = "Subway",
"Tram" = "Tram", "A piedi" = "On foot".

Figure 3.6. Main view of the application showing current vehicle selected for transport
mode detection.
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3.4 Detecting Human Presence via Smartphone BLE
Beaconing: Preliminary Investigations

Detecting human presence in everyday environments is a crucial capability for
mobile and ubiquitous systems, allowing for context-aware experiences without
intrusive sensing methods [199, 7]. Most presence detection technologies rely on
cameras, GPS traces, WiFi association logs, or complex sensor fusion techniques,
each of which has trade-offs, such as high power consumption, significant upfront
implementation costs due to sensor deployments, and privacy concerns [161, 207,
140, 227].

BLE beaconing offers an alternative approach: smartphones periodically transmit
advertisements over BLE using randomized addresses, and detecting these signals
is possible without the need for direct connection [145, 10]. This creates a subtle
signal of co-presence that can be detected without the need for pairing or identifying
individual devices. Given that, smartphone ownership is on the rise, with nearly
everyone now owning a smartphone [56]. When smartphones are considered as
proxies for their owners, the aggregated characteristics of these signals, such as the
number of devices that remain visible over a period of time, can provide insights
into human presence and density at specific locations and times.

Our previous research [63] demonstrated that Bluetooth Low Energy (BLE) visi-
bility patterns are stable enough to support classification tasks in mobility contexts.
The persistence and turnover of nearby devices allowed for the differentiation of
various modes of transportation. Similar studies that relied on smartphone beaconing
technology, specifically Bluetooth and WiFi signals, were successful in detecting
different transportation modes [43, 57]. This approach could be adapted and imple-
mented across various contexts, unlocking new opportunities and innovative solutions
[40, 39, 31]. Building on these insights, we explore whether this fundamental concept
can be applied more broadly in other scenarios.

We recommend using the visibility of BLE beacon signals as a general indicator
of nearby individuals. This application can be extended beyond transportation to
address various other issues, including crowd awareness, indoor occupancy detection,
accessibility, and adaptive environments [134]. Additionally, it can facilitate person-
alized services, optimize resource allocation, and enhance safety measures. Our goal
is not to identify specific individuals or monitor their movements. Instead, we aim
to explore whether simple stability measures, along with other contextual factors,
can provide reliable signals of presence and density. This approach should respect
privacy while being beneficial to both this system’s users and urban planning and
infrastructure developers. We aim to investigate the utilization of smartphone BLE
beacon signals to detect people in various contexts.
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3.4.1 Methodology

We view BLE advertisement signals from nearby devices (Smartphones) as a
stream of observations that can be organized into time windows and summarized
using interpretable features. A key concept in this context is Stable Neighbors,
which refers to devices that remain visible across multiple consecutive observations
within a given time window.

Stability plays two important roles. First, it helps filter out temporary detections
caused by passersby signals and radio noise. Second, it provides a more reliable
measure of co-presence than single-scan counts, which can vary due to movement or
interference. To capture different aspects of the scene, we could use complementary
summaries. These include the count of stable devices within a time window (indicat-
ing presence), the rate at which devices appear or disappear (turnover), and basic
statistics of the Received Signal Strength Indicator (RSSI) [184]. These metrics help
reflect environmental conditions without aiming for precise distance estimation or
device tracking.

These features can be designed to be conservative, privacy-aware, and adaptable.
Setting conservative thresholds, like needing multiple consecutive observations to
deem a device stable, helps minimize false positives caused by transient sources.
This includes stationary IoT devices nearby a user [4], which may not be relevant to
the analysis when the user is in motion. Privacy awareness is achieved by focusing
on aggregate properties, such as counts, persistence, and turnover, rather than
on individual identities or trajectories. Improving adaptability involves adjusting
window sizes and stability thresholds to match the specific dynamics of diverse
environments, including public spaces during events, meeting rooms in offices, metro
or bus occupancy, traffic management, and other presence-related applications. This
approach enables the same set of features to effectively serve different contexts while
maintaining an explainable and straightforward representation.

3.4.2 Preliminary Observations & Challenges

Our previous studies [63] indicate that stability-based summaries effectively track
occupancy and flow across diverse environments. In this context, low stable neighbor
counts with minimal turnover could be associated with quiet areas, such as small
offices or study rooms. Moderate counts, accompanied by intermittent turnover,
could correspond to corridors and lobbies where people pass through in waves. In
contrast, higher and fluctuating counts, accompanied by significant turnover, might
indicate crowded public spaces, platforms, or events [128]. Additionally, the variance
in the RSSI seems to correlate more closely with environmental factors, such as
reflection, attenuation, and device placement, rather than proximity alone. This
observation reinforces the decision to rely primarily on persistence and turnover for
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presence signals.

Tracking presence with multiple devices carried by a single person [108], such as
phones, watches, and earbuds, presents several challenges. These devices can inflate
presence counts. While maintaining stability can help reduce this issue, it cannot
completely eliminate the ambiguity without additional cues.

Moreover, stationary or semi-mobile IoT devices that are irrelevant to the tracking
process can introduce noise into the data. Implementing strict stability criteria
and space-specific calibrations can minimize their impact, although some residual
bias may still remain. Additionally, signal variability caused by obstacles, human
bodies, and interference complicates the readings for each scan [129]. Therefore,
aggregated measurements over time tend to be more reliable than instantaneous
readings. Using BLE technology to achieve precise headcounts can be challenging.
Instead, employing a tiered density estimate that classifies occupancy levels as low,
medium, or high provides a more accurate representation and is often sufficient for
adaptive systems.

Ethical considerations are crucial in this context. Presence signals should not
be connected to individuals’ identities, used for long-term tracking, or employed for
covert inferences. Although Bluetooth Low Energy (BLE) protocols, along with the
iOS and Android implementations of BLE technologies, have security measures in
place to prevent these issues, there is still a possibility that malicious actors may
attempt to exploit them. Therefore, deployments should prioritize transparency and
provide users with options to opt out.

3.4.3 Applications & Future Directions

Treating smartphones as proxies for people and using BLE beacons as ambient
presence signals open up various applications where collective awareness is more
important than individual identity. In buildings, estimates of occupancy levels can
assist with room booking, heating, ventilation, and air conditioning (HVAC) control,
lighting management, and space planning, all without the need for cameras or badges.
In public spaces and transport hubs, understanding crowd density and movement can
enhance wayfinding, queue management, and overall operations, thereby improving
comfort and safety for users [187, 82].

For accessibility, these technologies can help individuals who are blind or have
low vision by providing navigation assistance related to crowd levels along their
routes. They can suggest less crowded paths or times and offer wait estimates
based on the presence of others. Moreover, adaptive interfaces on devices or in
shared environments can adjust the type and frequency of notifications depending
on whether people are present. This capability can minimize disruptions in busy
settings while ensuring that notifications remain responsive when users are alone.
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Evaluating these systems at scale will help assess detection latency, resilience to
environmental changes, and practical utility in real-world deployments. However,
including ethical safeguards, precise consent mechanisms, transparent data handling,
strict data aggregation practices without identity resolution, and privacy impact
assessments is necessary. By focusing on aggregate and stability-based signals rather
than individual identification, BLE beacon signals from smartphones can support
practical, low-friction awareness for pervasive systems while maintaining personal
privacy.
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Chapter 4

Indoor Localization Using Large
Language Models

4.1 Introduction

While GNSS has become the standard solution for outdoor localization, its
performance significantly degrades indoors, and there is no universal solution for
indoor positioning. Alternative methods, such as NFC tags, Bluetooth beacons,
WiFi signals, and sensor-based indoor mapping, have been proposed; however, due to
their reliance on additional infrastructure or extensive mapping, they are not widely
adopted. Users who get lost inside buildings often lack readily available solutions
to find their location. This work investigates a new approach to localizing users by
employing vision-capable Large Language Models (LLMs) that exploit evacuation
maps. These maps are typically mandated by law and include floor layouts, as
well as useful reference points such as doors, emergency exits, elevators, and the
locations of various fire safety equipment. According to our approach, users describe
their surroundings to the LLM (e.g., "I see a fire extinguisher near an emergency
exit"). The LLM then analyzes the map to find areas consistent with the user’s
descriptions and pinpoints the user’s position accordingly. Although the LLM does
not provide precise localization, it offers users a clear visualization of their position
within the building, which can also serve as a basis for navigation. This approach
was investigated as follows. After a preliminary experimentation phase to evaluate
different vision-capable LLMs, two user studies were conducted with the chosen
LLM: one at the University of Oulu (UO) in Finland (N = 17) and another at
Sapienza University of Rome (Sapienza) in Italy (N = 20). Since this work aims to
assess the feasibility of an out-of-the-box indoor localization approach, conducting
experiments in two universities across different countries enabled the evaluation
of its robustness across diverse settings, including differences in building layouts,
evacuation map formats, and participant backgrounds. Our studies show that 25
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users out of 37 did not follow the LLM’s guidance and described their surroundings
in diverse and unpredictable ways, failing to provide descriptions of relevant elements,
which resulted in poor localization and a reported low level of trust. In the 12 cases
where users successfully provided relevant elements, localization was successful, and
users demonstrated that they understood their position. Users report no frustration
during the interaction, and no perceived difficulty in describing their surroundings.

4.2 Related Works

To the best of our knowledge, no prior work has used vision-capable LLMs in
combination with evacuation maps for user localization. Existing indoor localization
methods span a wide range of techniques [76]: some rely on additional infrastructure
such as Bluetooth beacons, on-site cameras, or RFID systems, while others depend
on sensors available in personal devices, such as smartphone IMUs, LiDAR, or RGB
cameras, and many require extensive pre-mapping of the environment, for example
by recording magnetic field signatures or performing 3D scans. In contrast, this work
investigates whether vision-capable LLMs can provide a ready-to-use alternative
for indoor localization, contributing to the ongoing investigation of their spatial
understanding and reasoning [210]. A notable line of research explores their use in
robot navigation, where robots are guided through indoor or outdoor environments
using natural language instructions while relying on vision-enabled LLMs to interpret
the surrounding scene and generate appropriate movement commands [186, 93, 178].
Regarding the use of evacuation maps, Peter et al. [164] proposed combining them
with IMU sensors to aid user navigation; their work, and subsequent studies inspired
by it, shifted more toward indoor mapping than navigation.

4.3 Methodology

4.3.1 Study Setup

Participants were recruited from the respective university communities. Each
participant completed the session individually. At the beginning of each session, the
purpose and procedure of the experiment were briefly explained, without providing
details on how the LLM performed localization. Participants were then asked to
complete a short background questionnaire collecting demographic information and
details about their experience with localization and LLMs. Once finished, they were
accompanied to the selected location where the study was conducted and provided
with a smartphone with access to the LLM, using the standard ChatGPT interface.
The interface displayed the following message:
"I’m ready to help you find your location on this floor using your description! Please
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tell me about your surroundings, focusing on emergency equipment—what do you see?
For example, you can mention nearby doors, staircases, elevators, fire extinguishers,
or anything else noticeable”
Participants were asked to interact with the LLM in English, and could choose
whether to communicate via text or speech. All interactions were recorded, and any
verbal comments made to the researcher during the session were also noted. At the
end of each session, the LLM produced an image of the evacuation map displaying a
red “X” marker indicating its estimated location of the participant. Participants
were then given a final questionnaire to assess their impressions of the outcome.

4.3.2 Study Locations and Evacuation Maps

Both studies were conducted on a floor of the building where students get lost
easily, choosing a specific location based on the number of identifiable clues present
on the evacuation map. To properly test the interaction between users and the
LLM, the location was selected so that it was not so easily identifiable as to be
trivial (e.g., in front of the only elevator on the floor), but not so difficult as to
make localization impossible (e.g., in the corner of an empty room). The following
section on the study outcomes discusses the choice in further detail. Fig. 4.1 and
Fig. 4.2 show the two evacuation maps, which display the floor layout, including
rooms and hallways, as well as emergency labels such as exit routes, elevators, first
aid kits, fire extinguishers, fire hoses, and fire alarm buttons. However, they do not
provide detailed room information; for example, bathrooms are not indicated, nor
are office numbers or room names. In the UO map, additional yellow labels indicate
the emergency exits, each identified by "E" followed by the exit number, as well as
the various wings of the building. In the figures, we highlighted the positions where
each study took place.

4.3.3 LLM Selection and Prompt

This work required an LLM capable of interpreting images and inferring the
user’s position from their description. At the time of the experiments (May–June
2025), several vision-capable LLMs were available. Qwen2.5-VL, LLaVA 1.6, Llama
3.2-Vision, GPT-o4-mini, and GPT-o4-mini-high were considered for the study, as
they offer vision capabilities while maintaining relatively fast response times. The
most suitable model was identified during a preliminary experimentation phase by
evaluating how accurately each candidate matched textual descriptions to specific
locations on an evacuation map and by assessing its ability to recognize standard
emergency-equipment symbols correctly. GPT-o4-mini and GPT-o4-mini-high were
the best candidates for the studies, as they demonstrated significantly higher precision
compared to the other models. The OpenAI platform’s support for Python execution
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Figure 4.1. Evacuation map of the chosen floor in UO. The red X marks the study location.

was also a decisive factor, as it allows the model to directly modify the floor plan
and display the user’s estimated position without requiring a separate visualization
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Figure 4.2. Evacuation map of the chosen floor in Sapienza. The red X marks the study
location.

framework. Eventually, GPT-o4-mini-high was selected for the study, as it possesses
superior reasoning capabilities compared to GPT-o4-mini, producing better results
when presented with longer descriptions. A concise prompt was designed to provide
minimal context on the task to the LLM and guide it in placing the red marker on
the map. Our preliminary study showed that overly long and detailed prompt text
would lead the model to ignore certain parts of it. The prompt was the same for both
studies: "This GPT helps users who are lost on a specific floor, using an uploaded
evacuation map to determine their location. Users describe their surroundings in
natural language. GPT will ask questions relevant to safety equipment, and will
interpret these descriptions to deduce their likely position on the floor layout. It
will not reference the image directly in conversation with the user, but will use it to
compute and visualize the inferred location. Once the user’s location is determined,
it will compute the corresponding x,y coordinates on the map and overlay a red cross
at that spot using matplotlib. The resulting image will be displayed to the user. The
GPT must write in english." .
An example description of the UO location that is correctly recognised by the LLM
using this prompt is: "I’m in a corner, there’s a first aid kit nearby, a fire extinguisher,
and a door leading to stairs in front of me". For Sapienza, a corresponding correct
example is: "There’s a door in front of me, with a fire extinguisher and a first aid
kit". These examples show that it is not necessary to specify the exact position of
each feature in the description.
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4.3.4 Data Collected throughout the study

At the beginning of the study, each participant completed a pre-test questionnaire
that included demographic questions, such as age range (18–24, 25–31, 32–45, 45+),
gender, highest level of education, and preferred language of communication with
LLMs, and questions regarding their use of localization services and LLMs, rated
on a 5-point Likert scale (1 = low/negative, 5 = high/positive), including: "How
often do you use location-based services (e.g., Google Maps or similar) in indoor
settings?”, “How often do you use localization services (e.g., Tuudo, MazeMap, or
similar) to navigate the university?”, and "How often do you use conversational
agents (ChatGPT, Claude, Gemini, etc.)?". After the test, participants completed a
final questionnaire whose first question was: “Based on the map and the conversation,
do you think the LLM was able to identify your position?” with possible answers Yes,
No, and Not Sure. Participants who responded No or Not Sure were verbally
asked to explain the reason for their doubts, and to indicate on the map the location
where they believed they were actually situated. The remaining questions, rated on
a 5-point Likert scale (1 = low/negative, 5 = high/positive) such that higher scores
always indicate better outcomes, included the following items: "How much do you
trust its answer?", "Regardless of its accuracy, did you find that your location was
presented clearly?", "How easy was it for you to describe your surroundings to the
agent?", and "Did you find the conversation with the agent frustrating?".

4.4 Study Outcomes

4.4.1 OU Study

The selected location is on a floor primarily occupied by offices, which students
typically visit to meet with professors and discuss exam-related matters. The exact
spot is in the upper-left corner of this floor, near a first aid kit, a fire extinguisher,
and a fire hose. Three similar locations can be found on the map, as the same
arrangement of equipment appears in the middle part at each intersection.
A total of N = 17 individuals took part in this study. Most participants identified as
male (82%) and were between 25 and 31 years old (mean age = 28 years, estimated
from ranges). All participants chose English as their preferred language when
interacting with LLMs, and most held a master’s degree (52%), followed by those
with a bachelor’s degree (35%) and high school diploma (11%). Participants reported
being somewhat familiar with the chosen floor (mean = 3.29 out of 5; SD = 0.91).
They reported using indoor localization services when moving inside the university
(mean = 3.23, SD = 1.03). They also report frequent use of LLMs in everyday tasks
(mean = 4.11, SD = 0.92), as well as localization and navigation services in contexts
outside the university (mean = 4.41, SD = 0.71), indicating a general familiarity
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with technologies relevant to those used in this study. GPT correctly localized 6
participants out of 17 based on their conversations, and it presented them with an
evacuation map that displayed an accurate marker of their position. When asked
whether they thought the LLM was able to identify their position, all six participants
confirmed it. Among the remaining 11 participants with incorrect localization, all
were confident that the location was wrong, except for one who reported being
unsure. When shown the evacuation map, however, only 4 out of 11 were able to
pinpoint their actual location on it correctly. Participants reported low trust in
the LLM’s prediction (mean = 2.70, SD = 0.91). They found it relatively easy to
describe their surroundings through conversation (mean = 3.00, SD = 1.00), and did
not find the process frustrating (mean = 3.80, std = 0.8). They also tended to agree
that the map, regardless of whether the localization was correct, provided a clear way
to represent their position on the floor (mean = 3.05, SD = 1.08). This is consistent
with their understanding of the LLM’s prediction, as participants were generally
accurate in determining whether the proposed location was correct. However, the
map alone did not appear sufficient for accurate self-localization, as 7 out of the 11
incorrectly localized participants were unable to pinpoint their actual position when
shown the evacuation map. The duration of the conversation, measured from the
start until just before generating the resulting image, was on average 44 seconds (SD
= 77s), with the quickest at 5s (user initial description: "Near TS318, TS320 and
exit E5 ") and the longest at 5 minutes (user initial description: "I am surrounded by
green doors and a green roof "). Image generation took an average of 85s (SD = 51s),
bringing the total conversation time to an average of 121s (SD = 104s).

4.4.2 Sapienza Study

The selected location is on a basement floor, which hosts several laboratories
that students visit to carry out specific tasks or take exams. The precise spot is
in the upper-right section of the floor, in front of a door, with a fire extinguisher
on the leftmost wall and a first aid kit on the rightmost wall. A similar area is
present in the bottom-right corner of the map. A total of N = 20 students took
part in this study. Most participants identified as male (70%) and were between 25
and 31 years old (mean age = 24 years, estimated from ranges). Most participants
chose Italian as their preferred language when interacting with LLMs (70%), and
the majority held a bachelor’s degree (50%), followed by those with a high school
diploma (35%), doctorate (10%), and master’s degree (5%). Participants reported
not being familiar with the chosen floor (mean = 2.95, SD = 1.14). They reported
not using indoor localization services when moving inside the university (mean =
1.80, SD = 0.80). It should be noted that, unlike at the University of Oulu, there is
no indoor navigation application available for use inside Sapienza’s buildings. They
also report frequent use of LLMs in everyday tasks (mean = 3.70, SD = 1.03), as
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well as localization and navigation services in contexts outside the university (mean
= 3.85, SD = 1.20), indicating some familiarity with the technologies involved in this
study. GPT correctly localized 6 of the 20 participants based on their conversations,
and it presented them with an evacuation map that displayed an accurate marker
of their position. When asked whether they thought the LLM managed to identify
their position, all six confirmed it. Among the remaining 14 with an incorrect
localization, 8 were confident that the localization was wrong, and 6 of them were
able to pinpoint their actual position on the evacuation map. Participants tended
not to trust the LLM’s prediction (mean = 2.85, SD = 0.87). They felt that
describing their surroundings through conversation was acceptable (mean = 3.20,
SD = 1.43), and did not experience frustration during the process (mean = 4.45,
SD = 0.75). They also tended to agree that the evacuation map provided a clear
way to represent their position on the floor (mean = 3.30, SD = 1.20), despite a
high number of participants reporting being unsure about the presented localization.
Nevertheless, the map alone was not sufficient for self-localization, as 8 out of 14
incorrectly localized participants were unable to pinpoint their position when shown
the evacuation map. The conversation duration, measured from start to before
before generating the resulting image, was on average 20 seconds (SD = 12s), with
the quickest at 5s (User initial description: "I am at underground floor, in a corner
with 3 doors in front of me and one fire extinguisher at the end of the corner, I
see a yellow door in front of me and another corridor with a yellow door on my
left. I have a green door behind me and I am near a health kit"), and the slowest at
35s (User initial description: "I’m underground and the walls are withe with green
doors "). Image generation took on average 37s (SD = 23s), resulting in a total
conversation time of 56s on average (SD = 28s).

4.5 Discussion

The two studies highlight several important insights about the use of vision-
capable LLMs for coarse indoor localization. When participants provided descriptions
containing spatially discriminative and map-relevant cues, the LLM was often able
to identify the location correctly, and the resulting evacuation-map visualization
was generally clear enough to support orientation. At the same time, the main
limitation did not appear to lie simply in whether users were “good” or “bad” at
describing their surroundings. Rather, the results suggest a mismatch between what
the system needed in order to localize reliably and what users could reasonably be
expected to notice, select, and verbalize in the moment. In this sense, the issue is
better understood as an interaction-design and cognitive-support problem than as a
user failure.

Although participants generally did not report the task as frustrating, most
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descriptions turned out to be too generic or insufficiently discriminative for accurate
localization. This is likely due to a combination of factors: the initial instruction did
not adequately communicate what kinds of environmental cues were most useful,
the interaction relied on users identifying map-relevant details under uncertainty,
and the conversational format placed a non-trivial cognitive burden on participants,
who had to inspect the environment, infer which elements might matter, and
translate them into a verbal description. The longest conversations in both studies
were associated with highly generic initial descriptions, and these did not lead to
successful localization. This reinforces the interpretation that the bottleneck was
not user unwillingness, but the lack of sufficient scaffolding to help users provide
actionable input.

No substantial differences emerged between the two experiments, despite varia-
tions in location, country, and culture. This suggests that the observed limitation is
not strongly tied to a specific building or participant population, but may instead
reflect a broader usability issue in the current interaction design. Users also reported
generally low trust in the tool. Participants who were correctly localized tended to
express higher trust on average, but the current sample is too limited to support
strong conclusions about this relationship.

A key strength of the proposed approach is that it requires no additional infras-
tructure: an interface to an LLM and access to the building floor plans are sufficient.
This makes the method appealing as a lightweight alternative to indoor localization
solutions that depend on dedicated hardware or prior environmental instrumentation.
However, the studies also make clear that a conversational interface alone is not
enough. If reliable localization depends on users spontaneously identifying a small
set of meaningful spatial cues, then the system should do more to support that
process.

For this reason, a promising next step is to redesign the interaction so that the
system reduces cognitive load and guides perception more explicitly. Rather than
relying only on open-ended descriptions, future versions could provide a structured
interface with selectable environmental features, progressive prompts, or checklists of
potentially relevant cues, such as doors, staircases, safety equipment, corridor shape,
or nearby intersections. Such scaffolding could help users focus on the information
most useful for localization, reduce ambiguity in the input, and make the overall
interaction more robust and trustworthy.
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Chapter 5

Supporting User Input with
LLMs

5.1 Introduction

A large share of everyday interaction with digital systems still revolves around
structured data entry: filling forms, configuring services, populating databases, and
translating domain documents into fields that downstream processes can validate
and compute on. Despite decades of UI refinement, these activities remain tedious
and error-prone because they force users to adapt their intent to rigid schemas and
to repeatedly transcribe information from heterogeneous sources. This friction is
especially visible in administrative and industrial workflows, where required data is
often distributed across certificates, datasheets, reports, or emails, and where even
small inconsistencies in formatting or terminology can lead to delays, mistakes, and
frustration.

In this context, Large Language Models (LLMs) open a new design space for
interaction engineering: rather than asking users to manually map their knowledge
to a form, systems can accept natural language descriptions and existing documents
as input, and use LLMs as semantic intermediaries to produce structured outputs
aligned with predefined schemas. Crucially, this is not a purely automation-centric
vision. Because LLMs are probabilistic and can be wrong in subtle ways, effective
systems must adopt mixed-initiative interaction, where the model proposes candidate
values and justifications, while users retain oversight through review, correction, and
final approval. Mechanisms such as confidence-aware suggestions, editable outputs,
and dialogue-based refinement help balance efficiency with trust, accountability, and
data quality.

The two papers collected in this subsection contribute to this agenda from
complementary angles. First, we present a domain-agnostic engineering blueprint
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for transforming unstructured descriptions into structured input through LLM
agents, emphasizing modularity, controllability, and integration within heterogeneous
infrastructures via an MCP-compatible design [225]. Second, we instantiate and
evaluate these ideas in a concrete web-based form-filling scenario, where users
upload technical documents and collaborate with an LLM to extract and populate
complex fields, iteratively validating and correcting the output in a human-in-the-loop
workflow [5]. Together, these works position LLMs as interaction-level components
that reduce the burden of structured data entry while preserving user control,
supporting a practical path from intent and documents to reliable, schema-compliant
inputs.

5.2 Related Works

Structured input generation is a fundamental activity across domains such as
administration, healthcare, education, and industrial workflows, where users are
repeatedly asked to translate intent and existing information into rigid schemas
through form filling, record keeping, and database-style data entry. This translation
is often slow and cognitively demanding, and small inconsistencies in formatting or
terminology can propagate downstream and disrupt subsequent processing. Recent
work argues that Large Language Models (LLMs) can reduce this burden by inter-
preting natural language, extracting context from documents, proposing field values,
and flagging inconsistencies, thus improving efficiency while lowering cognitive load
[53].

5.2.1 From rule-based assistance to LLM-driven structured input

Early data-entry assistance relied primarily on rule-based techniques (e.g., tem-
plates, regular expressions, keyword matching) that were effective only in narrow
contexts and brittle under linguistic variation. Machine-learning approaches later
introduced adaptive prediction and error correction, learning from user behavior
and historical data [208]. While these methods improved personalization, they still
struggled when inputs were heterogeneous, incomplete, or embedded in free text and
semi-structured documents.

LLMs broaden this design space by enabling semantic interpretation and flexible
schema alignment. Recent systems explore domain-agnostic form-filling support
and structured value suggestion across varied interfaces [16]. Other lines of work
propose hybrid pipelines that combine statistical models with rule-based heuristics
to improve extraction and generation reliability [212]. Compared to traditional ML
pipelines, LLMs are particularly suited to tasks that require mapping between human
language and predefined data structures, and they naturally support conversational
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interaction for clarification and refinement.

5.2.2 Human–AI interaction principles and mixed-initiative work-
flows

Because LLM outputs are probabilistic and may include plausible but incorrect
values, the design of LLM-assisted input systems must follow established human–AI
interaction principles that preserve user control and foster trust. Amershi et al. [6]
emphasize making capabilities and limitations clear, timing assistance appropriately,
and ensuring users can provide feedback and override automated behavior. A classic
strategy is mixed-initiative interaction [90], where the system acts proactively when
confident but defers to the user when uncertainty is high, and always supports
review, correction, and rejection.

These concerns align with Human-Centered AI perspectives that frame AI as an
augmentation technology rather than a replacement for human judgment. Shneider-
man’s HCAI framework highlights the importance of transparency, accountability,
and user agency in AI-enabled systems [188]. In structured input generation, this
translates into interface mechanisms such as editable suggestions, confidence-aware
highlighting, traceable evidence from source documents, and explicit validation steps
before submission.

5.2.3 Evidence from deployment-oriented studies and application
domains

Beyond conceptual frameworks, several empirical studies motivate the use of LLM
assistance in professional and high-stakes settings. Noy and Zhang [144] investigated
the impact of ChatGPT on workplace writing tasks, reporting substantial reductions
in completion time and improvements in output quality, especially among lower-
performing participants. While not focused on form filling per se, these findings
support the broader claim that LLMs can substitute for repetitive cognitive effort,
shifting user attention toward higher-level refinement.

In accessibility-oriented work, Cuadra et al. [58] developed a multimodal assis-
tant to help older adults and people with disabilities complete healthcare forms,
highlighting the value of adaptive interaction in information-dense and consequential
contexts. Hakimov et al. [85] advocated for modular LLM-assisted form completion
architectures that decompose the end-to-end task into micro-activities (e.g., question
grouping, information extraction, validation), improving both accuracy and user
engagement through structured workflows. In other professional domains, Martin
et al. [121] benchmarked LLMs on contract review tasks, illustrating the potential
for large efficiency gains in high-volume, high-precision pipelines. Finally, Kessel
et al. [100] explored LLM chatbot assistance in citizen-science digitization, finding
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improved user experience and data quality while emphasizing the need for structured
processes and error-mitigation strategies to manage model unpredictability.

5.2.4 Gaps and positioning of our work

Despite growing evidence of LLM utility for reducing data-entry effort, a gap
remains between prototypes and deployable solutions. Many systems remain domain-
specific, rely on brittle prompt engineering, or provide limited transparency about
why a value was proposed and how it relates to the target schema. Moreover,
relatively few approaches demonstrate how to integrate LLM-based structured input
generation into heterogeneous infrastructures while preserving user oversight and
enabling mixed-initiative control at scale.

Our work addresses these limitations in two steps. First, we introduced an
engineering blueprint for LLM agents that transform natural language descriptions
and heterogeneous documents (e.g., PDFs and spreadsheets) into schema-compliant
structured inputs, explicitly coupling automation with human-in-the-loop verification
[225]. Building on that foundation, we then investigated LLM-assisted form filling
in a concrete, domain-specific scenario, emphasizing dialogue-based review and
correction, and evaluating usability through user testing in a semantically complex
setting [5]. Together, these contributions advance structured input generation from a
model capability to an interaction-centric, integration-aware pipeline that prioritizes
transparency, adaptability, and user control.
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5.3 Engineering Large Language Model Agents for Trans-
forming Unstructured Descriptions into Structured
Input

The rapid advancement of Large Language Models (LLMs) is reshaping how users
interact with digital systems. Beyond their widespread use in content generation,
summarization, and retrieval, LLMs offer untapped potential in user interface
engineering, particularly in how users input and structure information for downstream
processes.

Structured data entry, such as form filling, database population, or system
configuration, remains a common but tedious activity across domains ranging from
administration to industrial workflows. These tasks often force users to adapt their
mental models to rigid input formats, which can be time-consuming and error-prone.
Even small inconsistencies in formatting or terminology may disrupt the process,
reducing efficiency and increasing frustration. Allowing users to instead express
their intent in natural language, and relying on LLMs to translate that intent into
structured outputs, can substantially reduce cognitive load and improve usability.
Moreover, many workflows involve documents that already contain the required
information, such as certificates, datasheets, or resumes. Leveraging these documents
through intelligent extraction eliminates redundant re-entry of data and ensures that
existing resources are fully exploited.

The promise of LLMs in this space is twofold. First, they can serve as semantic
intermediaries, capable of interpreting unstructured user inputs and aligning them
with predefined schemas. Second, they enable mixed-initiative interaction, where
automation handles straightforward cases while human oversight ensures correctness
in ambiguous ones. This balance is crucial: while automation improves speed,
user validation preserves trust, accountability, and accuracy. Confidence scores,
editable outputs, and transparent reasoning are all mechanisms that support such a
human-in-the-loop workflow.

While prior work has explored LLM-assisted form filling, schema alignment,
and proactive assistance, many existing systems remain limited to narrow domains
or require extensive bespoke engineering to integrate with real infrastructures. A
gap remains in demonstrating how LLM agents can be embedded in heterogeneous
environments while maintaining transparency and user control.

This work addresses that gap by introducing a domain-agnostic, MCP-compatible
architecture that shows how LLMs can operate across diverse datasets and document
formats, map them to arbitrary schemas, and support confidence-based mixed-
initiative interaction. The novelty lies in the integration strategy, modular engineering
design, and emphasis on controllability rather than on proposing a new model.
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In summary, our contributions are:

• a modular and domain-agnostic pipeline for LLM-driven structured input
generation,

• an integration strategy based on the Model-Context Protocol enabling deploy-
ment within existing infrastructures,

• design principles for confidence-based mixed-initiative interaction grounded in
HCAI literature.

By building on prior work in implicit interaction, usability evaluation, and
context-aware interfaces, we propose a reusable blueprint for embedding LLM-driven
structured input generation into interactive systems.

5.3.1 Methodology

Building on our studies in need-finding, usability evaluation [41, 29], and implicit
interaction interfaces [39, 33, 35, 38], this research examines how Large Language
Models (LLMs) can support structured input generation in real-world workflows.
Section 3 presents the methodological foundations of the system. We expand on
the design rationale behind the AI agent, the integration strategy using the Model-
Context Protocol (MCP), and the mechanisms adopted to improve robustness. We
also outline the evaluation dimensions that guide the ongoing assessment of the
approach.

Our approach combines LLM-based semantic reasoning with modular integration
strategies and user-centered evaluation. In doing so, it enables structured input gen-
eration to be applied across domains with minimal reconfiguration, while preserving
transparency and ensuring that users remain in control of the final outputs.

5.3.1.1 AI Agent Design

The AI agent is designed as a schema-aware extraction component that interprets
natural language descriptions and document content and maps them onto the
fields defined in the provided schema. The agent combines semantic interpretation,
document analysis, and schema alignment in one reasoning process. Figure 5.1
illustrates how user descriptions and files flow into the agent, which processes them
in one pass and produces the structured output that mirrors the schema. The figure
is referenced early because it illustrates the conceptual flow guiding all subsequent
design decisions.



5.3 Engineering Large Language Model Agents for Transforming Unstructured
Descriptions into Structured Input 91

5.3.1.2 Integration with Existing Infrastructures

To support deployment in heterogeneous systems, we rely on the Model-Context
Protocol (MCP) [8]. MCP provides a lightweight specification for connecting LLM
agents to external tools, files, and application contexts. In our implementation,
MCP enables the agent to request form schemas, retrieve documents, and invoke
preprocessing modules without embedding system-specific code in the prompt. This
separation between model logic and system capabilities makes the approach portable
and adaptable to new domains.

5.3.1.3 Improving Accuracy and Handling Ambiguity

To improve robustness, we adopt an iterative refinement loop inspired by mixed-
initiative principles. The initial extraction is performed using schema-guided prompt-
ing. When ambiguities or competing interpretations arise, the agent evaluates
multiple candidates and selects the value best aligned with the schema, assigning an
appropriate confidence score. Users may edit the output, and their corrections can be
reintegrated into later iterations to progressively adjust the prompt configuration and
reduce recurring errors. This refinement loop supports transparency and adaptability
without requiring complex retraining procedures.

5.3.1.4 User-Centered Evaluation

This section outlines the evaluation dimensions guiding the ongoing assessment
of the system. While a full user study is part of future work, we adopted established
HCI methods for evaluating cognitive load, usability, and trust [6, 188]. These
dimensions inform the design of the system and structure the feasibility checks
conducted within the MICS project.

Evaluation focuses on three dimensions:

• Cognitive load: to be assessed through task completion time, error rates,
and subjective workload measures.

• User experience: to be measured via usability questionnaires and qualitative
feedback.

• Trust and oversight: analyzed through interactions with confidence scores,
editable outputs, and validation mechanisms.

These dimensions guide the design of the system and inform future empirical
studies, ensuring alignment with human-centered principles such as transparency,
control, and adaptability.
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Figure 5.1. The LLM receives both natural language descriptions and uploaded documents
to generate structured output for form completion.

5.3.2 Engineering and Modular Pipeline

5.3.2.1 Pipeline Overview

The system is implemented as a modular pipeline that connects form extraction,
document processing, LLM reasoning, and structured output generation. The archi-
tecture prioritizes transparency, portability, and the ability to test each component
independently. Figure 5.2 shows the four main stages:

1. Form Retrieval: A script fetches a form’s HTML structure given a form ID
and a web page URL, and converts it into a structured form_fields JSON
schema 5.3.2.2. This schema defines the fields to be completed, their types, and
any validation patterns. From this representation, the system automatically
generates a textual description that informs the user about what information
is expected and suggests which types of documents (e.g., invoices, resumes,
certificates) could support the extraction of the required data.

2. Input Collection: The user provides a natural language description of the
desired input and may optionally upload relevant documents. To guide this
step, the system produces a contextual prompt that helps the user formulate an
effective description and select appropriate files. This mixed-initiative approach
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Figure 5.2. System Workflow pipeline

reduces cognitive load by making expectations explicit and by suggesting what
kind of information is most useful.

3. LLM Processing: The agent receives as input the form_fields, the user’s
description, and the uploaded documents. These are processed using the
gpt-4o-mini model equipped with the File Search tool. The LLM performs
semantic matching between schema fields and the extracted information, re-
solves ambiguities when multiple candidate values are present, and integrates
information across different sources to produce coherent outputs.

4. Form Completion: The agent outputs a structured JSON object contain-
ing the field name, the extracted value, and an associated confidence score
ranging from 0 to 5. This JSON is then injected into the original form to
complete it automatically. Confidence values guide subsequent user inter-
action: high-confidence predictions can be accepted directly, while medium-
or low-confidence predictions are flagged for review, enabling a transparent
human-in-the-loop validation process.

This modular design provides two advantages. First, each stage of the pipeline
can be tested and refined independently, facilitating iterative development and
targeted evaluation. Second, the architecture supports extensibility, allowing the
system to be adapted to different domains simply by changing the schema and
prompt configuration rather than the underlying code. By treating the LLM as a
context-aware reasoning component and surrounding it with system modules for
data collection, interpretation, and integration, we create a cohesive environment
where users can interact naturally while benefiting from structured and verifiable
outputs.

By structuring the workflow in this way, the system achieves a balance between
automation and oversight. It reduces the effort required for repetitive data entry
tasks while ensuring that users remain in control of the final outputs. The modularity
of the pipeline also makes it portable to different domains, as only the schema and
associated prompts need to be adapted to new tasks, without redesigning the entire
architecture.
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5.3.2.2 Agent Design and Prompt Logic

At the core of our system lies a specialized LLM agent whose behavior is shaped
by a carefully crafted system prompt. This prompt enables the agent to perform
three key tasks effectively. First, it interprets the user’s intent based on a natural
language description, extracting the essential information needed to complete the
task. Second, it analyzes the contents of any accompanying documents, such as
PDFs or spreadsheets, to identify and extract relevant data that may support or
clarify the user’s request. Finally, the agent combines these sources to generate
a structured output, filling in the appropriate form fields with the most accurate
values and assigning a confidence score to each entry.

To ensure reproducibility, we provide a concise overview of the prompt structure
used to configure the specialized LLM agent. The full prompt is not included due
to its length and implementation-specific formatting, but the core components are
stable and can be readily recreated.

The system prompt is structured around three main responsibilities:

1. Task framing: defines the agent’s role as a schema-alignment assistant respon-
sible for interpreting natural language descriptions and uploaded documents
in order to populate the provided form_fields.

2. Schema interpretation: instructs the model on how to interpret field names,
types, validation patterns, and domain hints contained in the json_schema.
The schema itself defines the expected output structure; the prompt does not
specify explicit output formatting rules beyond instructing the model to follow
what is defined in the schema.

3. Confidence scoring logic: describes how the model should internally assess
certainty, how to identify ambiguous or partially supported extractions, and
how to assign confidence values from 0 to 5. The schema includes a confidence
field, which drives the expected format of the model’s output.

A short illustrative excerpt is shown below:

“You receive a JSON schema describing the fields of a form, including
the structure of the expected output. Use the schema to extract relevant
information from the user’s description and documents. Populate the
fields defined in the schema and assign a confidence score from 0 to 5
based on the reliability of the extracted information.“

The expected json_schema input format is:
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Listing 5.1: JSON Input Schema

{" form_fields ": [ {" name ": "<input name >", "type ": "<text|
number >", " pattern ": "<regex >"} ], " description ": "< natural

language description >" }

The output is a list of form_fields entries with corresponding value and
confidence fields (0–5). The confidence score measures the agent’s certainty about
each extracted value and serves as a mechanism for guiding user interaction. Values
with a confidence score of 5 are considered highly reliable and are used directly to
populate the form without requiring user intervention. Scores of 3 or 4 indicate
moderate confidence; these values are still used but are explicitly flagged for the
user to review and confirm before submission. Entries with scores below three are
discarded and not used in the form, prompting the system to either leave the field
blank or request additional input from the user.

Given the description: Hi! I’m Mario Rossi, you can find me at mario.rossi@example.com
or call me at +3955511449683. The agent will return the following structured output:

Listing 5.2: JSON Output Example

{" form_fields ": [
{" name ": " firstName ", "value ": "Mario", " confidence ": 5},
{" name ": " lastName ", "value ": "Rossi", " confidence ": 5},
{" name ": "email", "value ": "mario. rossi@example .com", "

confidence ": 5},
{" name ": "phone", "value ": "+3955511449683", " confidence ":

5}
]}

Once generated, the structured output from the AI agent serves as a direct data
source for the target system, such as a web form interface, enabling an automatic
population of its fields. By aligning the agent’s output format with the system’s
expected input schema, the filled values can be programmatically injected into the
form, completing the data entry process with minimal user intervention.

5.3.2.3 Implementation and Feasibility Tests

The prototype has been implemented in Python, integrating the gpt-4o-mini
model with the File Search tool to process unstructured documents. Each stage of the
pipeline, form retrieval, input collection, LLM processing, and form, completionwas
designed as an independent module, allowing isolated testing and refinement.

The early evaluation conducted within the Made in Italy Circolare e Sostenibile
(MICS) project [125] serves as a feasibility assessment of the proposed pipeline.
The goal of this evaluation is not to measure usability or user experience, but to
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verify that the system can (i) parse heterogeneous domain documents, (ii) extract
schema-relevant values, and (iii) assign confidence scores that correlate with expert
judgment. The pilot dataset includes technical datasheets, short textual descriptions,
and packaging specifications provided by project partners. For each document set,
two domain experts annotated the correct values for each schema field, which served
as a reference for assessing extraction correctness.

Preliminary observations indicate that the system can correctly populate a
substantial portion of fields in the target schema. High-confidence predictions (≥ 4)
frequently aligned with expert annotations, while low-confidence predictions typically
corresponded to ambiguous phrasing, incomplete documents, or conflicting sources.
Although not intended as a full evaluation, these observations confirm the technical
feasibility of the approach and highlight where additional preprocessing and prompt
refinement are required. A broader and more controlled evaluation will follow as
part of the next phase of the project.

5.3.3 Discussion

This paper presented a modular pipeline for transforming unstructured natural
language descriptions and heterogeneous documents into structured inputs aligned
with predefined schemas. By combining form introspection, document processing,
and schema-guided LLM reasoning, the approach demonstrates how intelligent
agents can reduce the burden of manual data entry while preserving human oversight
through editable outputs and confidence scores.

The preliminary evaluation within the MICS project provided encouraging early
evidence of feasibility, particularly in handling domain-specific descriptions and
technical documents. These findings suggest that LLM-based structured input
generation can support real-world workflows that rely on diverse data sources and
rigid schemas.

Several directions remain open for future work. Scaling the evaluation to more
diverse datasets and broader project partners will be key to assessing robustness
and generalizability. Additional preprocessing-such as OCR for scanned PDFs, ta-
ble extraction, or domain-specific parsers—could improve handling of noisy inputs.
Iterative refinement strategies that incorporate user corrections into subsequent pre-
dictions also represent a promising avenue for improving reliability and transparency.

The approach nonetheless has limitations. Confidence scores, while useful for
mixed-initiative interaction, are not statistically calibrated and may lead to over-
or under-trust. Extraction performance decreases with low-quality or irregular
documents, and terminology inconsistencies still introduce ambiguity. Finally, the
current evaluation remains preliminary and does not yet include controlled user
studies, which will be essential to assess workload reduction, trust, and usability in
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depth.

Overall, this work provides a practical foundation for integrating LLM-driven
structured input generation into existing infrastructures. By outlining both the
engineering approach and its current constraints, it aims to support future research
on adaptive, transparent, and domain-agnostic systems for intelligent data entry.
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5.4 Automating Form Completion with Large Language
Models

Form completion is an everyday but often frustrating task, particularly when
required data are dispersed across different documents. Despite their prevalence,
digital forms offer limited innovation to reduce user workload or prevent transcription
errors. Recent advances in artificial intelligence, notably LLMs, have opened new
possibilities for automating context understanding, content extraction, and form
field suggestion, all with conversational feedback. Our work builds on prior research
[225] in LLM-assisted data entry by focusing on a real-world scenario from the MICS
(Made in Italy Circolare e Sostenibile) project [125]. In MICS, waste producers must
submit detailed, technical information—often scattered in technical datasheets and
certifications—into a web platform to promote the reuse of industrial waste. Even
for experts, this is challenging and time-consuming, making it a strong candidate
for AI assistance.

5.4.1 System Overview

Our prototype enables users to upload technical documents and leverages GPT-
4o-mini [146] to automatically extract and suggest form field values. Users remain
in control, with the ability to review, correct, or refine the system’s suggestions
using a conversational interface. Each suggested value includes a confidence score
to help users prioritize their review. The system’s architecture combines two main
components: a specialized LLM agent ("materialGPT"), guided by a custom prompt
following state-of-the-art guidelines [14, 46]. While full conversational integration is
still in progress, the system currently supports both document-driven pre-filling and
separate interactive chat for clarifications.

5.4.2 Case Study and Evaluation

We evaluated our approach with fifteen participants unfamiliar with materials
engineering, reflecting realistic users tasked with data entry. Each participant
completed the MICS form for two materials, one manually, one with LLM assistance,
using real datasheets and certifications. Seven key fields were filled, ranging from free
text (material description) to selection fields (material type), checkboxes (certification
presence), and percentages (recycled content). The evaluation combined quantitative
and qualitative methods. Participants worked in three groups: manual completion,
LLM-assisted completion, and LLM-assisted with conversational capabilities. All
participants verbalized their thoughts during the task and completed the System
Usability Scale (SUS) questionnaire [45] afterward.
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5.4.3 Results

LLM assistance reduced average form completion time by over 40%, with some
users seeing reductions over 50%. Notably, users, even without domain knowledge,
navigated the form more confidently and made fewer errors when using AI suggestions.
While the LLM sometimes generated incorrect or inconsistent values (especially in
descriptive fields), users were generally able to spot and correct obvious mistakes.
Compared to manual completion, the total error rate was lower with AI support.
Usability scores were high: 93% of participants indicated they would frequently use
the AI-assisted system, and the average SUS score was 86.3. Participants appreciated
not having to search for information themselves and felt their role shift from data
entry to reviewer, especially when conversational interaction was available.

5.4.4 Discussion

This preliminary study is limited by its small sample size, the non-expert user
group, and the use of only two types of materials with well-structured documents.
The current prototype does not yet fully integrate real-time LLM conversation
in the form interface, nor does it expose confidence levels to users. Finally, the
persistence of occasional LLM “hallucinations” [96] means human oversight remains
criticalb[35]. Future work will focus on tighter integration of conversational AI into
the form interface, broader document and user type coverage, and mechanisms to
highlight uncertain or potentially unreliable auto-filled values. We envision this
approach evolving into a robust, domain-aware assistant capable of supporting
complex, high-stakes workflows in digital administration and industry.
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Part II

LLMs for interaction engineering
and design evaluation
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Overview

This part presents the main research stream of this thesis and examines how
large language models can support the engineering and evaluation of interactive
systems. Rather than treating LLMs as standalone chat interfaces, this part frames
them as components embedded within existing design and assessment workflows
[190]. In this role, models generate intermediate artifacts such as critiques, rationales,
structured notes, candidate requirements, or reusable context that designers can
inspect, validate, and iteratively refine. The overarching goal is to combine selective
automation with designer agency, so LLMs accelerate design work while preserving
human control, accountability, and traceability of decisions [91].
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Chapter 6

Designing for Fallible
Automation

6.1 Introduction

Emanuele has a car that automatically opens when he takes the driver’s
door handle with the keys in his pocket. However, one winter day, pulling
the handle, he notices it is ice-covered, and the car is not opening. So he
had to look for the keys in his jacket pockets and manually open the car.

Intelligent systems can make a real difference in our lives when they work, but
they do not always work.

In this paper, we analyze the different contexts in which one chooses to integrate
artificial intelligence into an interface and the implications of this choice in managing
user interaction. As a driving example, we will use an application to help users deal
with car-related tasks. This application attempts to minimize explicit interaction,
so our focus is particularly oriented toward implicit interactions. However, many
of the design issues identified appear to have a broader scope. Where possible we
will choose the simplest examples that exhibit a particular phenomenon; some are
not very "intelligent" but share one or more of the three C’s of AI-based systems:
Complexity, Uncertainty, or Coadaptation.

The paper will focus on explicating different types of errors, recognizing an error
state, and managing and resolving these inevitable situations. We aim to understand
how to design more robust human-AI systems so that these initial errors do not lead
to more catastrophic failures. However, first, we will motivate the general area and
case study.
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6.1.1 To err is AI

To err is human – as researchers and professionals in human-computer interaction,
part of our expertise and culture is understanding our users’ glories and fallibilities.
We do not expect our users to perform like automatons; we know there will be lapses
of concentration, misinterpretation of data, limited experience, and physical slips.

Effective human-computer interaction design creates systems that work and that
are robust despite these occasional human lapses or mistakes.

We design systems with features that scaffold the users’ memory, for example,
through recognition rather than recall; features that highlight potential slips, for
example, spelling checkers; features that reduce the impact of errors, for example,
undo; and features that help the users detect and repair problems, for example
ensuring rapid feedback on the effects of actions. All in all, these design elements
prevent user errors from becoming system failures.

Note the contrast of the human with an automaton: the machine that performs
flawlessly time after time, processing billions of calculations, printing millions of
payslips; infallible albeit limited and unimaginative. Of course, hardware can
fail, especially for very large-scale computation. Much of the complexity of cloud-
computing infrastructure and algorithms, for example, MapReduce, is about making
the overall computer system behave as if it is flawless [65]. The expectation is that
the overall system should behave . . . like an automaton. Recall that HAL, the AI
in Kubrick’s 2001, becomes homicidal precisely because it had made a mistake and
was trying to cover that up.

Of course, we know AI systems are not like this. They are trained on limited data
and often use limited sensor data. They are not simply following pre-determined
rules but attempting to interpret the environment, particularly the behaviors and
intentions of users. The results of an AI system are richer and more nuanced than
an "automaton" but, consequently, not flawless.

Effective human-AI interaction design creates robust systems that work, despite
these occasional AI lapses or mistakes.

6.1.1.1 When it is a good idea?

Using AI-based systems with implicit interaction can be a great idea when the
AI system can perform complex tasks that are difficult or time-consuming for users
to perform manually. The user experience can be substantially improved by, for
instance, chatbots or virtual assistants that can comprehend natural language and
offer individualized advice or answers.

Additionally, implicit interaction can be useful in situations where the user is
not able or willing to provide explicit input, such as in the case of a driving user.
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6.1.1.2 When it is not a good idea?

Implicit interaction may not be the ideal strategy in some circumstances. For
instance, specific human input may be required if the system demands high accuracy
or precision to guarantee the desired result. Implicit interaction may also be viewed
as obtrusive or confusing when the user needs total control over the system.

6.1.2 Driving examples

The examples used in this chapter are drawn mainly from car-related tasks, and
in particular from smart-parking scenarios [39, 33, 23, 152]. These examples are
retained not because the argument is limited to mobility, but because they provide a
concrete and safety-relevant setting in which the consequences of fallible automation
are easy to observe. In such contexts, errors are not merely abstract prediction
failures: they directly affect whether users can complete tasks, understand system
behavior, and recover from breakdowns. For this reason, mobility examples provide
a useful lens for discussing broader design issues that also apply to other AI-based
and proactive systems.

Implicit interaction in the context of smart parking can provide several benefits,
including reduced demands on driver attention, shorter parking-search time, improved
use of parking spaces, and potentially reduced traffic congestion [21]. A running
example throughout this chapter is an intelligent parking application that infers
whether the user is driving, where the car has been parked, and when parking-related
support should be activated. For instance, the system may share the parked-car
location with other authorized users, such as family members using the same vehicle.
To extend the example toward more critical situations, one may also imagine the
same system supporting related automated actions, such as unlocking the car when
the owner approaches. Another example of implicit support is automatic parking-fee
payment: when a vehicle enters and leaves a parking space, the system may infer
the parking session and complete the payment without requiring explicit user input.

Although these examples originate in sensing-based mobility applications, the
same design logic extends to other AI systems discussed in this thesis. In LLM-
based assistants, for instance, a system may infer when a reminder, suggestion, or
contextual action is appropriate on the basis of remembered context or partially
implicit signals. In both cases, the central issue is the same: once the system begins
acting on inferred rather than fully explicit input, errors in recognition, timing, or
interpretation can quickly propagate into user-facing failures.

As a recurring example, consider a user, Emanuele, who relies on an AI-based
app to track the parking location of his car and share this information with his son.
In the ideal case, the app generates an event when it detects a change in activity
with high certainty. For example, if the system infers that the user has been driving
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Figure 6.1. Ideal case – perfect sensing and an event is generated at the moment the user’s
activity changes

and then starts walking, a “car parked” event is generated (Figure 6.1).

Problems arise when the raw sensing input is ambiguous. In these cases, there
may be a period of uncertainty instead of a direct transition from driving to walking.
If this uncertainty is brief, the lower-level sensing layer may still generate the “car
parked” event at an acceptable moment. If the uncertainty persists, however, there
may be no clear trigger point, so the event may not be generated at all, or it may
be generated too late, causing a substantial error in the estimated parking location.

In this example, Emanuele parks at night, and his son uses the app the following
morning to find the car. The previous evening, however, the sensors on Emanuele’s
phone remained uncertain about whether he had stopped driving. As a result,
the system either failed to generate the “car parked” event or generated it in a
significantly incorrect location. Emanuele may still remember where he parked, but
his son has no reliable information to recover the car’s location. The importance of
this example is not limited to parking: it illustrates a general property of fallible
automation, namely that an upstream inference error can remain invisible at first
and only later surface as a practical breakdown for the user.

6.1.3 Chapter Outline

This chapter is organized as follows. Section 6.2 provides a literature overview of
previous human and system error and repair research. In section 6.3, we define and
categorize errors that can occur in human-AI systems. In section 6.4, we discuss
methods for detecting errors and the roles and responsibilities of the different actors
in the detection and repair process. Section 6.5 explores the challenges of sensing and
detecting failures, including cases where sensor data is inconsistent or ambiguous.
In section 6.6, we discuss design strategies for addressing the challenges identified
in the previous sections, including improving early detection and communication,
ensuring human-AI system reliability, and clarifying responsibility for detecting and
repairing errors. Conclusions and ongoing work are reported in section 6.7.



6.2 Related Works 109

6.2 Related Works

Errors in human-AI systems have become a critical topic in recent years as AI
systems are increasingly integrated into various aspects of our lives. Despite the
significant progress made in AI research, AI systems are still prone to errors that
can have serious consequences, particularly in safety-critical applications such as
autonomous vehicles, medical diagnosis, and financial decision-making. This has
led to a growing body of research focused on understanding the nature of errors
in human-AI systems and developing strategies to minimize their occurrence and
impact.

6.2.1 Levels of automation

Before AI was born, several automatic systems were built. The work by Para-
suraman et al. [156] proposes a model that describes the different types and levels
of human interaction with automation. The model is based on three types of in-
teraction: direct, supervisory, and indirect. Direct interaction involves the human
controlling the automation directly, while supervisory interaction involves the human
monitoring and intervening in the automation’s actions. Indirect interaction involves
automation making decisions, and taking actions on behalf of the human.

The model also defines four levels of interaction, ranging from the lowest level,
where the human is only observing the automation, to the highest level, where the
automation can perform tasks autonomously without human intervention. When
considering automobile automation, the Society of Automotive Engineers has made
further distinctions and defined five levels [172, 173], which have become influential
and have been adopted or adapted by many national and international standards:

However, Shneiderman argues that the one-dimensional view of automation
implied by these levels of automation is too simplistic. Instead of a single dimension
between human control and computer automation, he suggests considering a two-
dimensional framework with higher and lower levels of human control compatible
with higher and lower levels of levels of automation [189]. Crucially he considers
the point at which both human control and computer automation are high, working
together, as sweet spot for “reliable, safe and trustworthy” AI systems.

6.2.2 Intelligent interactions

One of the iconic early uses of AI in user interaction was EAGER (Extraction,
Analysis, and Generalization Environment for Repetitive tasks), which allowed users
to program repetitive tasks by example [59]. EAGER is based on the idea that users
can demonstrate how to perform a task once, then the system will automatically
extract the relevant information and generalize it to perform the task in other
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instances. The paper describes the design and implementation of EAGER, including
the algorithms used to extract and generalize examples, and presents several case
studies demonstrating the system’s effectiveness. The authors argue that EAGER
has several advantages over traditional programming methods, including ease of use
and increased productivity. Since EAGER there has been continuous work within
the intelligent user interfaces community, albeit until recent years more limited
uptake in deployed systems.

In a paper from 2017 [171], Human Information Interaction (HII) refers to the
process of humans interacting with information to achieve a specific goal. This can
involve searching for information, processing it, and using it to make decisions. HII
is a complex process that can be influenced by a wide range of factors, including
individual differences, the nature of the task, and the characteristics of the informa-
tion itself. Crucially HII and AI have increasingly overlapped in areas of big data
analysis and systems using big data to generate models for intelligent interactions.

6.2.3 Errors in human-AI systems

We now proceed to review the existing literature on errors in human-AI systems,
with a particular focus on the causes of errors, the types of errors that can occur,
and the approaches that have been proposed for mitigating errors in these systems.

Errors can occur in human-AI systems when there is a mismatch between the
expectations and capabilities of humans and AI. Errors can arise for various reasons,
such as data bias, lack of transparency in decision-making, or miscommunication
between humans and AI systems. For example, AI systems may make errors in
image recognition tasks when they encounter images that are different from the ones
they were trained on or when used in contexts that were not anticipated during their
development. Human users may also make errors when interacting with AI systems,
such as misinterpreting the system’s output or failing to provide the system with
the necessary inputs.

To minimize errors in human-AI systems, it is important to design AI systems
that are transparent, explainable, and robust to variations in data and context. It
is also important to ensure that humans are properly trained to interact with AI
systems and understand the limitations and capabilities of these systems. Ongoing
monitoring and evaluation of AI systems can help identify and address errors as
they arise and improve their overall performance and reliability.

There has also been research regarding Second Language Learning [72] and Error
Remediation in those systems using Artificial Intelligence. AI systems can be trained
to analyze learner performance and identify patterns of errors that are common
among learners. This analysis can be used to develop targeted interventions to help
learners improve their language skills. For example, an AI system may identify that
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a group of learners is struggling with a particular grammar rule and provide them
with additional exercises or feedback to help them master that rule.

To be effective, AI systems used for second language learning must be able to
identify errors accurately and provide appropriate feedback to learners. This requires
the system to be trained on large learner performance data datasets and recognize
subtle variations in language use that may indicate errors.

Errors can occur in human-AI systems used for second language learning if the
system is not adequately calibrated or cannot recognize the full range of errors that
learners may make. For example, an AI system may fail to recognize errors unique
to certain dialects or resulting from interference from a learner’s first language.

It is important to continually evaluate the AI system’s performance and make
adjustments as needed to minimize errors in human-AI systems used for second
language learning. This may involve retraining the AI system on new data or
adjusting the AI system’s algorithms to recognize certain errors better than others.
Additionally, it is important to provide learners with opportunities to interact with
human teachers or tutors who can provide additional feedback and support to help
them overcome errors and improve their language skills.

6.2.4 Human and system error and repair

Preventing and dealing with user errors has always been a central part of the
HCI literature. For example, two of Nielsen’s heuristics are "Error prevention" and
"Help users recognize, diagnose, and recover from errors" [137]. The first concerns
scaffolding, such as using fixed sets of options rather than free typing or ‘recognition
rather than recall’ [191], whereas the second concerns what happens after an error
occurs.

The latter is closer to the main focus of this paper, and the importance of being
to tell that something has gone wrong is central in Norman’s influential seven-stage
model [141]. Three stages are about the user working out what to do and doing
it, but three are about assessing the outcomes of their action on the system, that
is feedback. The model makes distinctions about problems at different levels, most
importantly between slips and mistakes. The former, a slip, is when the user’s
intended action is correct, but there is a problem in executing it, for example,
pressing the wrong key. The second, a mistake, is when the users’ fundamental
model of the system state or behavior is incorrect. So they formulate an incorrect
action, for example, that they think ctrl-U means "undo".

Crucially, the ability to perform this assessment and evaluation depends on the
system giving timely and informative feedback. Not surprisingly, this is a key part
of classic user interface design, for example, "Visibility of system status" in Nielsen’s
heuristics [137] and "Offer informative feedback" in Shneiderman’s Eight Golden
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Rules [191]. These do not prevent things from going wrong but mean that errors are
noticed and thus can be fixed. Shneiderman’s "permit easy reversal of actions" [191]
is precisely addressing this ability to recover.

Human communication is rarely problem free; we mishear and misunderstand
one another and yet manage. This is in part due to processes of repair, where we
realize problems have occurred and deal with them, but most often in ways that
do not interrupt the overall flow of the conversation. Frohlich used conversational
analysis of human-human repair to inform the design of human-machine dialogues
[80].

In conversation and other aspects of life, timeliness is critical for repair; it is
usually far easier to correct errors as soon as they happen than later when there
may be further knock-on effects of the error. Some years ago, Stephen Brewster
noted an expert slip with on-screen buttons. The expert user would occasionally not
properly press the button. Still, precisely because they were experts, they did not
pay attention to the semantic feedback and only noticed too late that the error had
occurred. Adding appropriate sound did not prevent these errors from occurring,
but it did mean that they were immediately noticed and hence could be repaired
[44].

The middle stage of Norman’s seven-stage model is system execution, which,
as noted previously, is often assumed to be flawless, at least in execution, if not in
design. Some design approaches to "recognize, diagnose, and recover from errors"
apply equally well to AI and user errors. However, there may be additional problems
as the AI errors may not be immediately apparent to the users.

Seamful design [51] addresses this by embracing the deficiencies in sensing and
system behavior and bringing them to the surface as an explicit part of the interaction.
This is often used in an entertainment context, for example, the early work using
gaps in WiFi as part of gameplay. However, it also has more prosaic applications,
for example, the fact that a mobile phone shows signal-strength bars allows various
ameliorative actions, such as standing closer to a window.

Appropriate intelligence [71] suggests that limitations in AI performance should
be managed by embedding the intelligent algorithms within interactive contexts
that make the errors in the AI less damaging, for example, using easy-to-accept
suggestions rather than full automation. Formal techniques for the design of sensor-
rich IoT systems [70], expand on this by modeling both human activity and sensor
limitations and then attempting to match the certainty of sensing and the varying
consequences of errors in different situations to create rules and set thresholds, which
are highly likely to be correct in the most critical situations, whilst giving ‘best
efforts’ where it is less critical.
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6.3 Define errors and failures

Accuracy and other metrics are crucial in designing ML/DL models, but models
usually have less than 100% accuracy. Indeed, AI can make a wrong assumption
about the context or user behavior due to bad sensing or deductions.

This section will look at different kinds of AI errors that may occur, and different
dimensions in which to classify them. In fact, an error in the strict sense of the
term is to be considered a malfunction of the system with respect to the design
expectations, but within a complex system, errors can be defined from several points
of view. In this section, we distinguish between observable and unobservable errors
(6.3.1) and look at the differences between errors of omission and commission (6.3.2).
Finally, we provide our own classification based on users’ perception of errors and
their changing expectations and behaviors (6.3.3).

Figure 6.2. Error Timeline

6.3.1 Observable errors

When the AI gets something wrong, that mistake may not cause a problem for
the user, let alone a system failure. Based on the deductions and calculations of
the AI, subsequent actions are usually programmed for the system’s functioning.
However, not all of them directly affect the user and their system experience. Based
on this consideration, we distinguish between observable and unobservable errors on
the user’s part. Figure 6.2 schematizes the possible flow of actions that derive from
a system’s decisions made based on an AI error.

The system’s functions can be divided into background and foreground.

Background actions happen when the system seems to be doing nothing, such
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as when the smartphone is in the user’s pocket. These functions can be activated
because they are programmed, but the context and the environment can also trigger
them. On the other hand, when the system does something and exhibits observable
behavior, such as updating the user interface, these results fall under the category
of foreground actions.

When an AI makes a computation, such as a context assessment, whether the
result is right or wrong, background and foreground actions can be triggered. If the
AI makes a mistake and the consequent action is in the foreground, this will result
in an error observable to the user. As suggested in the upper path of Figure 6.2, an
observable error can also induce the user to propagate the error with one or more
new actions. Similarly, a background action triggered by an error condition is also
an error, but in this case, it is not user-observable and will not initially generate
additional error conditions.

Please note that an unobservable AI error can become observable later, impacting
the consequences, as discussed in the following section 6.4. Moreover, in this phase,
we distinguish between the possibility for the user to detect and intercept the error,
and not between detected and undetected errors.

Also, note that some AI errors could generate erroneous actions within the same
system that are observable in some cases and for some users but unobservable for
others. Consider the example presented in 6.1.2. Assume that Emanuele parks
his car, but the AI wrongly register its location due to some sensing errors or
uncertainty. This error is a background error for Emanuele, who can proceed and
get home without perceiving any errors in his user experience. But later, Emanuele’s
son needs to get the car, so he walks to the wrong car location to discover it is not
there. In this second case, the action resulting from the AI error becomes observable
and actively damaging.

This dimension of distinction, observable or unobservable, is intuitive but funda-
mental for introducing an error’s criticality level. Closely linked to the observability
of an error is the possibility of intercepting and repairing the error.

6.3.2 AI errors of commission and omission

For human errors, one often distinguishes errors of commission: things done
wrongly, and errors of omission: things that are not done when they should have
been. Both can have deleterious consequences, but typically errors of commission
are regarded as more severe or blameworthy. Similarly, an AI can act in error by
doing something wrong or doing nothing (when supposed to do something). For
example, the AI inaccurately estimates Emanuele’s car parking location and wrongly
modifies the UI to inform his son about it (commission error). On the other hand,
the AI may incorrectly assume that Emanuele is still traveling, not informing his son



6.3 Define errors and failures 115

that the car is free to use (omission error). Table 6.1 describes the four possibilities
of an AI taking actions that could be either correct or wrong based on the design
expectations.

Expect something Expect nothing
Does something correct/wrong wrong
Does nothing wrong correct

Table 6.1. AI actions based on design expectations

Note we are referring here to design expectations. Ideally, the user will understand
the system; hence, design and user expectations are the same. Still, in practice, user
expectations could be misplaced: for example, if the user believes the system can do
something it cannot.

Note, too, that this will interact with whether the AI errors are observable.
Typically, wrong actions (commission error) will be observable, but erroneous inaction
(omission error) may not be noticed, even if the user expects the outcome. For
example, the user may expect the system to identify free parking spots vacated by
other app users; however, if the system fails to notice these parking spots, the user
would hardly tell if there are no parking spots or if the AI did not notice them.

6.3.3 Users perception of errors, changing behavior and expecta-
tions

It is interesting to highlight the many degrees of perception the user may have
toward AI errors before discussing their likelihood of occurrence and the value of
error recognition in preventing more severe failures. Below, we discuss the concepts
of detection, perception, and understanding.

• Detection is the ability of a human to notice when an AI system makes an
error. This may involve recognizing a discrepancy between the expected and
actual output of the system or identifying patterns or trends that suggest a
problem. For example, Emanuele notices that the app registered their last
parking spot in the wrong location.

• Perception is the ability of a human to interpret and make sense of the error
detected in the AI system. This may involve having an idea of the context
and predicting the consequences of the error. For example, Emanuele predicts
that if the app shows the parked car in the wrong location, it may fail to track
when the car’s location changes again.

• Understanding is the ability of a human to comprehend the underlying causes
and factors that may have contributed to the occurrence of the error in the AI
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system. This may involve knowledge of the technical aspects of the system,
as well as the broader social, ethical, and legal implications of the error.
Understanding an AI error may also involve identifying potential solutions
or strategies for preventing similar errors from occurring in the future. For
example, suppose Emanuele understands that the AI system fails to correctly
locate the parked car when there is a poor connection, like in the underground
parking lot of his home. In that case, he may manually register the car’s
position every time he gets home.

Based on that and what was introduced in the previous sections, we propose an
additional error classification based on user perception, understanding, and changing
expectations and behavior. We, therefore, distinguish errors into three types:

• Type I – The AI does something that causes problems in ’normal’ (pre-
intervention) behavior, but the user still does not understand the system
enough. This type of error is unobservable until very late, when consequences
may be costly. For example, the car unlocks as Emanuele passes it (maybe
simple proximity-based switching), but he is rushing to a shop, then a thief
notices, opens the door and steals something. Emanuele did not understand
that proximity would unlock the car, so he could not detect the error. Hence
it leads to failure.

• Type II - The user has begun to build a perception of the AI and has expec-
tations about what it will do, but it does something different. For example,
Emanuele reaches for the car door handle, expecting it to be unlocked, but it is
still locked, and he breaks his fingernails. The user has a level of understanding
of the system, but it is not enough to prevent failures.

• Type III – The user’s fundamental model or knowledge of the world has changed
due to a smart app/environment, and they are less able to do something—for
example, not being able to find their way in a well-known city without a
navigation app because they have become used to simply following directions.
In Type III, the user’s expectation is that the AI does not make errors, but
there is no AI. In this case, the user can have a complete understanding of the
system or not, but the accent is on the complete trust that the user has in the
system.

In the next section (6.4), we will consider how an AI initial error may or may not
lead to critical consequences, i.e., whether AI error leads to system failure. A failure
impacts the human-AI system and possibly the user’s life, and a non-negligible cost
may be required to repair it. Typically, a failure comes from the user’s or AI’s wrong
actions misdirected by an initial AI error that cannot be undone.
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6.4 Error detection and repair to prevent failures

We have outlined a wide range of different types of AI errors. We saw in
Section 6.2.4, when discussing human error, that early detection and repair are at
the heart of preventing minor slips from becoming major problems. The same is true
when we look at AI errors. No matter the course of the error, the earlier problems
are found, the more likely they are to be fixable.

6.4.1 Importance of detection

Detection, by the human or the AI, is the ability to notice when an AI system
makes an error. This may involve recognizing a discrepancy between the expected
and actual output of the system or identifying patterns or trends that suggest a
problem. As anticipated, the importance of detecting an error lies in the possibility
of repairing it and taking an alternative action. Otherwise, an undetected error is
likely to become a system failure - a significant error that impacts the user experience
and may require a non-negligible cost to be repaired. Referring to the above example
in section 6.1.2, suppose Emanuele’s son can detect the error. In that case, the
failure may be prevented: for example, if the AI notified him when the parking
location was not detected, or its estimation is not accurate enough.

On the other hand, the repair is impossible if the error is undetected. Eventually,
the user will acknowledge it, but it will have already become a failure. In our
example, Emanuele’s son would walk to the wrong parking location to discover that
the car was not there.

Of course, the repairing action itself may be costly, and the timing of the detection
is relevant: an early detected error is usually reparable with lower costs than a
late detected one. For example, if Emanuele’s son somehow realizes that an error
occurred and is in a hurry to get the car, he can wake up his father to know where
the car is actually parked.

Effective repair makes an AI system robust, and detection is a necessary condition
for repair.

6.4.2 Detection and Repair - who does what?

We have seen that errors or inaccuracies are often inevitable; detecting them and
repairing any consequences before they become severe is essential.

In a robust human-AI system, two main aspects must be addressed: who detects
the problem and who will repair it. Indeed, both humans and AI can weigh in to
detect and repair errors; it is left to the designer to choose if the agent detecting the
error is the same as the one that repairs it or not.
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When the user is in charge of detecting and repairing the error, a robust design
should aid human detection by explicitly displaying the system state. In our example,
the AI may notify Emanuele about the registered parking location, so that he could
check it and fix it before going to sleep.

If the AI should detect and repair this error, it may take into account additional
information gathered after the event generation. For example, if the AI is wrongly
assuming that Emanuele is still driving, but then detects that he is actually connected
to his home WiFi - hence detecting the error, it can autonomously make a new
estimation about the car’s parking location.

When the agent detecting the error is not the same as the one that needs to
repair, there must be some communication between the two.

In our example, two possible design solutions are:

• Human detects, AI repairs – Emanuele notices that the car parking position on
the app is wrong and give this negative feedback to the AI, which will include
it in a new estimation of the car parking location.

• AI detects, Human repairs – The AI might see that its estimation accuracy
is under a certain threshold, and alert Emanuele, who selects the correct car
parking position on a map.

Understanding these different options allows us to consider different potential
paths to error detection and recovery; for example, the user detects – user tells
the AI – AI fixes; or AI detects – AI tells user – user fixes. There needs to be
AI-state visualization or various forms of user interaction within these places. We
will return to several of these when we discuss design implications in Section 6.6.
The AI system is intelligent and changes potential user interactions with it. Several
of these interactions are similar to the corresponding cases of detection and repair
when the primary error was due to a human mistake or misunderstanding (often
itself due to a design error).

Note that, in this section, we have lightly made the assumption that AI can detect
errors. In reality, designing and developing the AI detection process can be much
more complicated than human detection, which can also be based on perception
and understanding. For this reason, we have dedicated the following section to the
particular case of how AI can detect errors.

6.5 Sensing errors

It is reasonable that a computer system that is or isn’t equipped with AI can
detect certain forms of inconsistency or problems with user input as it can take in
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different factors; for example, a spelling checker may not know what the user meant
to write but can tell that the word typed is not in the dictionary. In contrast, if the
computer system can detect its own error, why couldn’t it simply do it right before
making the error? Typically the answer to this lies in the changing information
available to the system both from the user and the environment. In this section,
we look at how this can be achieved by combining knowledge of behavior and the
varying degrees of certainty of sensor data and inferences.

6.5.1 Times and information

In most AI inference/estimation tasks, we are considering two main time points:

• the time when the inference/estimation is made

• the time the inference/estimation is about

Figure 6.3 shows the time of estimation on the horizontal axis and the time it
is about on the vertical axis. Points along the diagonal represent point estimates.
When the time of inference is the same as the time it is about, the AI system is
using its sensing data to make an inference about the current state of the world.
For example, if the AI detects that Emanuele has got in his car, it may turn on the
radio.

Figure 6.3. Two times: time of estimation vs. time about which we are estimating

In contrast, points above the line represent situations when the thing being
estimated is in the future; that is a prediction. In the parking context, this may be
when Emanuele walks out of his office and heads toward his car. The system may
predict that he will drive away and therefore alert another driver that the parking
space will become available.

Finally, points below the time represent post-hoc estimates about the past. These
do not immediately sound useful, but consider the example above. Even if the system
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does not detect the correct moment when Emanuele parks his car at night, the
important thing is that the correct location is given to his son in the morning.

Crucially, more information may be available when the system makes inferences
later. In general, the later an estimation is made, the greater its accuracy. This can
happen for a prediction; for example, if Emanuele walks towards his car and turns
into a shop, the prediction of him freeing his parking spot will change. It can also
happen retrospectively, if, for example, the car parking estimation can correct itself
overnight before Emanuele’s son looks for the car.

In the former case, it is clear that new information is available (the user walking
into the shop). Still, it is unclear what additional information would be available for
post-hoc correction of the vehicle position. Sometimes, there can be delays in sensor
information or other data becoming available; this is common in some application
areas; for example, if some sensors are not attached to permanent networks, or there
is a need for raw sensor data to be processed, such as the parking application.

For other applications, no new sensing about the time of interest is available
after the event. Happily, knowledge of future states can be combined with models of
human activity to improve post-hoc estimates.

6.5.2 Post-hoc estimation – traces and inconsistency

In some cases, we can create state models of normal behavior with valid traces,
such as:

. . . driving <car parked> walking . . .

These might come from ad hoc modeling or machine learning inference from user
traces.

This model can be used for prediction, especially in cases with additional proba-
bilistic knowledge. For example, if Emanuele is known to be at home (based on WiFi
reception) at 2 am, they may be assumed to be sleeping and unlikely to drive again
before the morning. However, these models can also be used to ‘play backward’,
inferring past states, especially when sensing data is inaccurate or incomplete.

If the system comes into a certain state, it may be possible to identify strong
inconsistencies. For example, if the state was ‘driving’ followed by an uncertain
state and then definite ‘walking’, then the system knows that a parking event should
have happened in between, even though it is unclear where. That is, the system has
detected a certain failure, albeit potentially a considerable time after the event.

This does not help correct any past actions such as, but it can help later. For
example, this could be conveyed via a ‘best guess’ estimate, such as the last point
when the system was deemed to be driving, or by one that explicitly conveys
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uncertainty, such as showing the set of recorded positions between the last definite
driving location and the first definite walking one.

Figure 6.4. Unambiguous sensing

6.5.3 Levels of ambiguity

Figure 6.4 shows the ideal situation where sensing is unambiguous. The overall
area represents the set of all possible sensing values. For each state of the real world,
sets of unambiguous sensor readings correspond to the state, and each trace of user
activity moves ambiguously through a consistent path of states. The dashed line
shows an example trace, where Emanuele is at his office one evening, walks to the
car, drives, periodically stops at traffic lights, and then walks home.

However, sensing is rarely as perfect or accurate as this. In practice, there are
levels of ambiguity as shown in Figure 6.5:

certain This is a state in which the AI is confident about detecting the context.
Considering smart parking, we can be fairly certain that Emanuele is driving
if there are engine-like vibrations, the GPS shows rapid movement, and there
is relatively little body movement. Alternatively, if there is minimal engine
noise, slow GPS movement (1–3 km/h), and periodic (approximately 1 Hz)
body movement, the AI can safely conclude that Emanuele is walking. Every
hint that can help the system stay in or return to this state, is welcome.

uncertain This is when there are some possible unusual behaviors and the system
is not completely confident but within the range of possible variation of the
previous certain state. The default behavior assumes the system is still within
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the previous state. An example would be if Emanuele is walking and stops
momentarily to look in a shop window or chat with a friend – for a short while,
there is no GPS movement, low body movement, and no engine noise.

incoherence Here the AI is unsure as the sensor readings do not match the typical
variation of any usual behavior. An example of this will be if there is both
engine noise and periodic leg movement. If these states are transient, they
would be filtered out, but if they persist for any length of time, they suggest a
state that is totally unknown to the system; maybe Emanuele is dancing in
the car seat while waiting in a long road queue. This may simply be recorded
internally as an unknown state, but if any critical action is to be taken, this
may be a time to warn the user explicitly before it’s too late.

For obvious reasons, we informally refer to these as the egg yolk, egg white, and
frying pan, respectively.

Figure 6.5. Ambiguous and incoherent sensing

Note, we may also have continuous levels of certainty rather than three fixed
levels, but using distinct regions can help us think about detection and intervention
strategies. Also, we can think of these instantaneously, but they have a temporal
nature; for example, their ‘stationary in a car’ sensor readings that last a long time
might be regarded as unusual or incoherent, even if short stationary periods are
common.

6.5.4 Using traces and ambiguity for post-hoc detection

We return now to the parking at night example in section 6.1.2 and see how the
knowledge of common traces and ambiguity levels can help the AI system to better
deal with errors and offer the potential for AI or human repair. Figure 6.6 shows
the scenario with the period of uncertainty and the normal variation levels (the egg
white region) for the driving and walking states.
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Figure 6.6. Difficult case

In the ideal situation (figure 6.1), the parking event was generated when the
state changed from driving to walking, but in this case, there is no clear point of
change.

In Figure 6.6, point (1) is the first time the sensor readings fall outside the
common variation of driving and, thus, the first point at which the AI system’s
model of the world is incoherent. AI’s information is not enough to generate a parking
event, and potentially it is missing to detect a parking location; the consequences of
this error are quite important in our example. This could be a point at which the
AI system requests an explicit confirmation. However, we normally wish to avoid
this in implicit interaction.

Point (2) is the first time the system can inform Emanuele that something
has gone wrong and that there is an inconsistency in its past sensing. There
has been a transition from driving to walking, but no parking event has been
generated. This could again be a chance for subtle and ignorable user interaction
for clarification. Alternatively, the AI system could take corrective action itself as
suggested in Section 6.5.2, but using the knowledge of normal levels of variation
to make estimates more accurate. As noted, up until point (1), it is fairly safe to
assume that Emanuele was still driving. Similarly, the time at which Emanuele
can be confidently inferred to be walking can be pushed back to the first point
the sensors enter its range of variation. The period of uncertainty and hence the
geographic inaccuracy has been reduced.

Finally, at point (3), Emanuele is at home. Even though this is somewhat
removed from the point of ambiguity, it is the first time he is in a context that makes
explicit interaction more acceptable. Of course, he may have forgotten the parking
location by this time, but it is better to clarify this at point (3) than when in a
hurry in the morning.
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6.5.5 Dealing with sensor-layer failure

In a safety-critical situation, we might want to report every low-level sensor failure
and perhaps get human confirmation or overrides. Typically we do not want this for
most applications. Furthermore, the knowledge of the right level of warning/request
for user intervention needs application knowledge. Architecturally there needs to
be rich enough API between layers to enable higher levels of application software
to decide which lower-level failures matter and how to weigh up the severity of the
problem (for the user) with the certainty that there is a problem.

In the case of an incoherent trace, we have a high certainty that a problem has
occurred, but it may be some time after the actual important event. In the car
parking example, Emanuele might get a prompt from his parking app when it is
certain he is walking, or if not before, when he is at home (as sensed by GPS, WiFi
signal). When asked at this point, he is more likely to remember than the next
morning. Also, repairing at that point might avoid wasting time for his son, who
may be in a hurry the next morning.

The ambiguity region is a little more complicated. The ambiguity means we are
uncertain of the state, and it is possible that interaction at this point would actually
cause an interruption, maybe while Emanuele is close maneuvering while parking.
However, this is also the ideal point to request user information as it is closer to the
real change point.

6.6 Design implications

Understanding this understanding of AI errors leads to a high-level design strategy.
In general, it poses questions to ask, given a potential error or inaccuracy with the
system; more detailed heuristics will depend on particular situations.

6.6.1 Helping early detection

As we have seen, early detection makes effective repair more likely. We have two
design options:

• help the user – Provide appropriate visualization, audio, or other feedback or
status to the user so that they are more likely to detect a problem.

• help the AI – Create mechanisms so that the AI system can detect its errors.
This will typically happen after some time when more information becomes
available.

Sometimes one or other design options may be easier to implement or more
effective. However, note they are not mutually exclusive, and both can be employed.



6.6 Design implications 125

For example, in the case of the parking app unlocking the car as the user approaches,
this could immediately produce a small notification sound. However, if this is missed,
the system might still notice if the user has walked away again.

6.6.2 Helping communicate

In the case when detection and repair are performed by different agents, we need
to seek appropriate communication options:

• user to the AI – When the user has detected a problem, but the AI needs
to correct it, we need to find easy ways to let the system know. Ideally, this
can be designed to make use of the fact that the detection will be due to a
recent notification or status change so that it can be highly contextual and
not require extensive interaction.

• AI to the user – When the AI has detected its own error but needs to inform
a user, this needs to balance the need to inform the user as soon as possible to
enable repair before problems get worse while being subtle enough to avoid
distracting the user, or being tedious.

6.6.3 System Reliability - when accuracy may become a problem

Another aspect that designers should be concerned with is the level of reliability
the user expects from the AI. This expectation is usually accumulated by the active
experience of the system, as after a certain period of use, the user will begin to
accumulate knowledge of the system, experiencing situations in which the AI will
work more or less accurately. Of course, one of the goals is for the user to trust the
AI - and we certainly want to avoid them discovering situations of unreliability in
critical contexts. In our car example, it would be better for the user not to discover
that the car unlocks itself as they walk past it, only when the thief has already
stolen it. A possible design solution would be an AI that advertises its real level of
accuracy, to avoid deluding the user, but manifesting a certain level of uncertainty
can be highly detrimental to building user trust, leading them to abandon the system
quickly. In short, the designer has to deal with the honest reliability/user trust
trade-off. In any case, we can distinguish two situations:

6.6.3.1 Low reliability

When an AI has relatively low reliability, the users expect this unreliability.

Here the rules of appropriate intelligence come in an ‘active’ way. The unreliable
AI should not actively do something hard to repair – for example, interrupting
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important work or rewriting text without asking. However, the user monitors things,
so situation errors that go undetected are rare – the human ensures detection. In
the car door example, if the system opens the door 70% of the time, but the other
30% fails to detect, the driver may gently try the door handle before pulling hard.

6.6.3.2 High reliability

Sometimes the worst problems occur if the system is very reliable, perhaps correct
99% of the time, or 99.9% of the time, but still occasionally gets things wrong.

In these cases, the human comes to expect the AI to behave correctly and
therefore is unprepared for failure. For example, if the AI detects paid parking areas
with 99.9% accuracy and pays automatically, the driver will get used to not checking
if the payment occurred and may be fined when the AI fails.

6.6.3.3 Responsibility for detection

In the low-reliability situation, the human effectively takes responsibility for
monitoring the system’s behavior (without necessarily even being aware that is what
they are doing).

In a high-reliability situation, the human will be unlikely to notice, and therefore
we need to design strategies that help alert the user to unexpected situations.

For example, suppose the user is walking very quickly along the pavement towards
their car and don’t appear to be slowing; the parking detection system might assume
they will not enter the car and so not unlock it (precautionary principle for avoiding
theft). However, if the user stops suddenly (perhaps was just in a hurry or almost
missed noticing which of the line of cars was theirs) and reaches for the car door,
we will likely get the broken finger-nail situation! To avoid this, the car app could
detect that while its action is NOT to unlock, it is a potentially ambiguous situation
and so do something to warn the user, perhaps vibrate their phone (a sort of ‘hello’
from the car as they walk past) or make the car handle glow red.

6.7 Discussion

This chapter has highlighted the importance of considering errors and failures
in human-AI systems, and the challenges involved in detecting, communicating,
and repairing them. A central point is that AI systems are not infallible: they can
fail through both commission and omission, and these failures may have significant
consequences for users, especially when the system acts proactively or operates on
the basis of inferred rather than explicit input. Moreover, the meaning of an error is
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not fixed. Users’ perceptions can change over time, and repeated exposure to errors
may reshape both expectations and behavior.

To prevent local errors from becoming larger failures, it is essential to support
early detection and clear repair mechanisms. This requires effective collaboration
between human and AI, as well as communication and feedback structures that
allow users to notice when something may be wrong, understand what has happened,
and determine how to recover. In this sense, error handling is not only a technical
problem, but also an interaction-design problem.

Research on human-AI interaction suggests that detecting errors in AI systems
is inherently difficult, and that no single solution is sufficient across all contexts. For
this reason, systems benefit from a range of complementary strategies, including
post-hoc estimation, the use of traces and ambiguity, and the combination of multiple
sensing or evidence layers. These strategies do not eliminate fallibility, but they can
make failures more manageable and reduce the risk that incorrect inferences silently
propagate into user-facing breakdowns.

Designers of human-AI systems must therefore account for error detection and
repair from the outset, building systems that are resilient to failure and able to
support changing user expectations and practices over time. In mobility contexts,
this may involve combining multiple sensor sources or designing better recovery
mechanisms when inferred context is uncertain. In other AI-based systems, including
LLM-driven assistants, the same principle applies even when the underlying signals
are different: what matters is whether the system can make uncertainty visible,
support correction, and avoid presenting unreliable output as settled fact. This
broader perspective is one reason why the discussion of fallible automation remains
relevant beyond the sensing-based examples used in this chapter.

Finally, it is essential to understand how errors and failures affect user trust and
confidence. Once trust is damaged, rebuilding it can be difficult, especially when
users do not understand why the system failed or how to regain control. Studying
how users perceive AI errors can therefore inform not only repair strategies, but also
the design of systems that remain intelligible, accountable, and worthy of calibrated
trust even when automation is imperfect.
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Chapter 7

Enhancing Interface Design with
AI

7.1 Introduction

In the rapidly evolving field of Human-Computer Interaction (HCI), integrating
Artificial Intelligence (AI) offers groundbreaking opportunities for enhancing user
experience and interface design. This paper presents CWGPT, a conversational
AI tool based on ChatGPT-4, designed to assist in the usability evaluation of
web interfaces, providing users with an expert usability evaluation inspired by the
well-known Cognitive Walkthrough method.

We address two research questions:

• RQ1 Can ChatGPT-4 be effectively leveraged to build a tool to evaluate web
interface usability?

• RQ2 If so, is this tool beneficial for novices in interface design?

Regarding RQ1, we executed Cognitive Walkthroughs (CWs) on ten selected web
applications and compared the outcomes with the analyses conducted by CWGPT.
The web apps were selected from the exam projects submitted by the students of
a Web and Software Architecture course, who were requested to develop a social
web app for sharing photos. The results indicated the potential of ChatGPT-4 in
effectively conducting CWs. To explore the potential benefits of CWGPT for novices
approaching interface design, we conducted an exploratory user study involving five
author-students. Acknowledging the involvement of only five users, we recognize
that our research does not yield significant quantitative results but rather qualitative
insights, and we argue it serves as a foundation for further investigation into the
promising role of AI-based tools in interface design and validation processes.
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7.2 Related Works

Our work is inspired by Cognitive Walkthrough, a review process in which a
group of experts evaluate a design aspect in the context of one or more specific
tasks. In general, the input to a walkthrough session includes an interface (whether a
description, working prototype, or series of screenshots), a task scenario, assumptions
on the user base and context of use, and a sequence of actions that should be
performed to complete the designated task [166]. As the process requires experts and
detailed reviews, it is time-consuming and expensive. To the best of our knowledge,
no other works currently exploit Large Language Models (LLM) to perform usability
evaluation in the spirit of cognitive walkthroughs.

The use of LLM to imitate human interactions with interfaces is an emerging
research field. In particular, in automatic Graphical User Interface (GUI) testing,
researchers are experimenting by using LLM to receive realistic feedback from
application testing. They let the model use the application by annotating its
comments and the line of reasoning it follows [113, 220]. The use of LLM in UI
layout generation is noteworthy, where the model aims to help identify target users
and their needs and construct basic interfaces for the tasks [28, 19]. In particular,
York [221] presented a work that experiments with the use of LLM to help novices
and student designers develop ideas, designs, and code to begin their projects.
Moreover, Schimdt [181] discussed the transformative impact of Generative Artificial
Intelligence (GenAI) and Large Language Models (LLMs), emphasizing their capacity
to expedite multiple stages within the development lifecycle of interactive systems.

Regarding the use of ChatGPT, recent works adopted it to simulate how a user
would perform a task given the application [113, 215, 220]. GPT agents [147] have
also been used to receive feedback on different aspects of usability [220]. These
works test Android mobile applications, as they do not use the actual graphical
interface as input but rather a natural language description of the application based
on Android’s hierarchy files.

More in detail, Liu et Al. [113] used ChatGPT-3 to discover tasks automatically,
performing activity coverage tests and bug detection, finally showing significant
improvements in these three tasks compared to the baseline models [111, 110]. Wen
et Al. [215] used GPT to test the completion rate of the authors’ designed tasks.
The work highlights the limitations of using natural language descriptors of GUIs,
as GPT failed to complete tasks involving unnamed elements, such as checkmark
buttons and search boxes. Finally, Yoon et Al. [220] presented a GUI testing tool
that uses different GPT agents to perform different tasks: planner, actor, observer,
and reflector.

Ultimately, these works are limited by the natural language descriptor of the
GUI, which, depending on the one employed, makes comparisons between tools
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unfair, as some elements might not be described satisfactorily. On the other hand,
researchers responded positively to the comments left by GPTs, marking them as
helpful in understanding real users’ problems when navigating through interfaces.
However, the focus of their work is on the capacity of LLM to perform realistic tests.

7.3 CWGPT

Leveraging the builder feature of ChatGPT-4, we developed CWGPT, a special-
ized conversational agent for facilitating CW-inspired evaluations in web interface
design. This agent aims to integrate the analytical capabilities of AI with usability
evaluation methodologies. CWGPT is published on https://chat.openai.com/g/g-
Hl2FKGIN3-cwgptChatGPT and is available through ChatGPT-4. We decided to
focus on web interfaces because of their widespread usage, ease of capture through
screenshots, and the challenges they pose for novice designers, making them ideal for
usability evaluation. Additionally, our access to students from the Web and Software
Architecture course provided a readily available source of real-world web interfaces
for testing, perfectly aligning with our target user base.

It is important to note that our tool does not autonomously navigate an inter-
face by clicking connectors between views. Instead, it engages users interactively,
requesting them to perform actions (e.g., clicking a button) to proceed. This ap-
proach enables the tool to explore the interface in an informed manner while actively
involving users in the evaluation process.

For the development of CWGPT, we utilized OpenAI’s GPT builder, a specialized
tool crafted for constructing customized GPT-based chat interfaces. This builder
functions as a conversational agent itself, enabling customization through natural
language interactions. Throughout our development process, we iteratively refined
our prompts to achieve the desired behavior for CWGPT. Our experience highlighted
the importance of precise prompt engineering, a skill underscored in current literature
[14]. Ultimately, we found that linking each new instruction to the preceding one
in the prompt yielded the most effective solution to meet our diverse range of
requirements.

7.3.1 CWGPT evaluation process

CWGPT initiates each session by requesting a specific task for evaluation from
the users, along with a screenshot of as starting interface. Relying on ChatGPT-
4’s advanced language processing abilities, CWGPT is not confined to predefined
prompts, enabling it to process various user inputs, such as requests for assistance,
clarification, or supplementary information.

In the first interactive exploration phase, CWGPT hypothesizes the most probable
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Figure 7.1. Example of interaction with CWGPT.

subtasks and corresponding actions that lead to the completion of the target task
(Fig. 7.1). Users are prompted to execute specific actions for each identified subtask
and then provide a screenshot of the interface post-action.

After the execution of all the subtasks, CWGPT starts the evaluation phase.
Applying the core principles of the CW method as outlined by Wharton et al. [216],
it assesses each action in terms of its effectiveness in helping the user achieve their
goals, the visibility and accessibility of the action, the user’s ability to associate the
action with the desired outcome, and recognition of progress towards task completion.

Upon concluding both phases, CWGPT assembles a comprehensive evaluation
of the interface, including insights into the usability strengths and weaknesses of the
interface, and practical with suggestions for enhancements.
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7.4 Exploratory Study

7.4.1 Comparison of human and CWGPT evaluations (RQ1)

7.4.1.1 Methodology

We selected ten web applications displaying noticeable usability issues from
projects developed during a Web and Software Architecture course. Notably, this
course primarily focuses on development, and interface design is outside the scope
of the course. All the selected interfaces have been included as supplementary
material. The chosen task for evaluation across all interfaces was the standard action
of "Upload a photo". Our objectives in this phase were twofold: firstly, to assess
the capability of CWGPT in determining the sequence of actions required for task
completion, and secondly, to evaluate whether CWGPT identified similar, fewer, or
additional usability issues compared to human-conducted CWs.

We ourselves conducted standard CWs for each interface. For each action in
completing the task, we answered the traditional CW’s four questions, with one of
the four answers: 1) Yes, 2) Likely yes, 3) Likely no, 4) No, and with brief comments
for non-affirmative answers. In the following, we refer to this phase as the experts-
or human-led CWs. Concurrently, we employed CWGPT to evaluate the same set
of interfaces. The style of the obtained CWGPT answers is similar, although more
detailed and verbose.

7.4.1.2 Results

CWGPT consistently demonstrated its capability to determine task sequences
independently, highlighting its effectiveness in usability evaluation. In one case, it
considered the task completed while missing the last action of the sequence ("Click
on the close button of the dialog"), terminating the session early.

Regarding the detection of usability issues, to quantify the agreement between
the experts’ CWs and the results obtained by CWGPT we collectively compared the
answers to the CWs’ questions.

The ten web interfaces analyzed required a total of 32 actions to perform the
task "Upload a photo" (average of 3.2 actions per interface). For each action, a CW
requires answering 4 questions, totaling 128 questions. We compared the answers
from the human experts with those generated by CWGPT. If both the answers are
either "Yes" or "Likely yes", or when they are both "No" or "Likely no", we count
it as an agreement. Alternatively, we count it as a disagreement. Out of the 128
answers, as reported in Table 7.1, 116 showed agreement, 8 exhibited disagreement,
and 4 could not be compared because, on one occasion, CWGPT did not recognize
an action and thus did not answer the questions.



134 7. Enhancing Interface Design with AI

Total actions 32
Total questions 128
Average actions to complete the task 3.2
Comparable questions 124
Total agreement 116 (93.55%)
Total disagreement 8 (6.45%)

Table 7.1. Overall agreements between experts and CWGPT answers

In summary, the results of this experiment phase indicate a clear trend of agree-
ment between CWGPT and human experts. Regarding the quality of evaluation
assessments, CWGPT consistently provided more detailed evaluations than the suc-
cinct "Yes" or "Likely" responses given by the experts. Additionally, each assessment
conducted by CWGPT concluded with a comprehensive summary and practical
suggestions for enhancing the interface. Notably, in all 10 instances, we agreed
with CWGPT’s summaries and suggestions, further highlighting the value of its
assessments. As a negative note, we report that, among the reasons for disagreement,
CWGPT did not pay attention to issues that were evident to human evaluators, or
categorized them as "minor improvements". This tendency was particularly notice-
able in interfaces heavily reliant on visual design, such as color schemes, layout, or
visual hierarchy.

7.4.2 User study of CWGPT (RQ2)

7.4.2.1 Methodology

In the second phase of our study, we assessed the practical value and acceptance
of CWGPT in aiding designers with web interface usability evaluations. Five student
authors of selected interfaces from the first phase participated in the experiment.
Interface selection was based on author availability rather than issue severity. Each
student, aged 20-25, evaluated the "Upload a photo" task using CWGPT on their
authored interface. Among them, four were male and one was female. Although
four out of 5 had some HCI background, they required refreshers on CW specifics.
All participants were familiar with ChatGPT.

Each test session, led by an interviewer and an observer, followed a structured
procedure:

• Initial Interview: We asked the student their age, HCI background, and
their familiarity with CWs and ChatGPT.

• Task Execution: The student independently performed the designated task,
noting any observed mistakes or issues with the interface.
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• CWGPT Think Aloud: The student utilized CWGPT to conduct a Cog-
nitive Walkthrough (CW) of their interface on the task "Upload a photo".
Introduced briefly to CWGPT, they were encouraged to use it freely, similar
to any other ChatGPT-based chat, possibly without any intervention by the
interviewer. This session was conducted with the think-aloud method.

• Interface Changes Interview: Upon completion, the student was asked if
they felt their interface needed improvements and agreed with the CWGPT
evaluation. If so, the student was asked to describe which interface elements
needed improvement.

• Feedback and SUS: To conclude, the student was invited to share perspec-
tives on the utility of CWGPT and its overall experience. Subsequently, they
filled out a standard System Usability Scale (SUS) questionnaire [45].

7.4.2.2 Results

In the initial phase of the test sessions (Task Execution), participants generally
exhibited a positive outlook, believing their interfaces did not exhibit significant
problems, though they acknowledged general room for improvement. Two partic-
ipants shared that the task was relatively straightforward and did not reveal any
immediate, critical issues.

Then, participants were asked to use CWGPT to perform a CW evaluation on
their interfaces, focusing on the "Upload a photo" task (CWGPT Think Aloud).
While they managed the usage of CWGPT with relative ease, there were some
notable observations.

Participants initially displayed some uncertainty in initiating the interaction with
CWGPT. Two individuals needed help with how to commence and were suggested by
the interviewer to request CWGPT’s assistance directly. In contrast, the remaining
participants attempted to initiate the process by sharing only part of the required
prompt, either sending only the screenshot or solely the task. However, they were
promptly corrected by CWGPT, facilitating their understanding of the necessary
steps.

Of particular interest, one participant with no prior background in Human-
Computer Interaction (HCI) encountered challenges in grasping the essence of the
evaluation process, initially struggling with the concept of a "task". Nevertheless,
this participant persisted in the conversation led by CWGPT and completed the
session. Interestingly, upon reviewing the generated CW and overall evaluation, this
student better understood the tool’s purpose and utility.

During interactions, CWGPT sometimes showed uncertainty about the appropri-
ate action to take, resulting in unnecessary steps. Participants were surprised but
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realized these variations were due to unclear design elements needing improvement.

In one specific case, CWGPT instructed the participant to perform an action
related to an element that did not exist within the interface. This prompted un-
certainty from the student regarding whether they could correct the instruction.
However, it was noted that the student was not entirely surprised by this occurrence,
understanding that AI can occasionally generate unexpected outputs or "halluci-
nations". After completing the CWGPT session (Interface Changes Interview), all
students unanimously recognized the necessity for modifications and improvements
to their interfaces. They comprehensively grasped the most pertinent usability issues
identified during the evaluation process. Notably, one student expressed a minor
disagreement with a suggestion received, deeming it "excessive" and questioning
whether a human user would perceive it as a genuine problem. This suggestion
related to adding labels to icons was initially ambiguous for the tool but validated
as standard by the experts. In another instance, a student was so impressed with
the tool’s capabilities that they inquired about its capacity to analyze interfaces of
different types and utilize it for a personal project.

Finally, participants were invited to share their general feedback and insights
regarding their experience with CWGPT (Feedback and System Usability Scale
(SUS)). Encouragingly, all students expressed satisfaction and contentment with the
results achieved through CWGPT. They uniformly stated that the tool was easy
to use and adept at identifying compelling issues. Notably, no significant negative
feedback emerged during this phase, underlining the tool’s overall positive reception.

The results trends of the SUS questionnaire, employed as a standard benchmark,
were predominantly positive, particularly about questions assessing the system’s
complexity and usability. Due to the limited number of participants, we do not
present the standard formulas for interpreting the results. The complete questionnaire
and responses have been included as supplementary material.

7.5 Discussion

Our exploratory study highlights promising aspects of CWGPT’s usability in
web interface evaluations. Comparing CWs by experts with CWGPT evaluations,
we demonstrated its ability to discern task completion sequences and explore in-
terfaces through screenshots, compensating for its inability to navigate directly.
Usability assessments involving students further emphasized its user-friendliness and
effectiveness in identifying issues, reinforced by positive feedback. However, several
limitations require a discussion.

One concern is CWGPT’s effectiveness in handling visual and design aspects,
like color schemes and layout arrangement. For example, it did not recognize small
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buttons in remote corners as issues, unlike human evaluators. Moreover, providing
CWGPT with entire page screenshots, including content below the fold, might lead
to erroneous identifications of concealed controls, hindering its ability to detect
usability issues.

Another concern is dynamic interfaces, which we did not directly assess but could
pose challenges for CWGPT, especially beyond static screenshots. Moreover, the
interfaces we tested were straightforward, leaving room for more thorough evaluations
with more complex yet static interfaces.

Finally, like any AI-based tool, CWGPT may encounter errors due to AI unpre-
dictability, such as "hallucinations" or conversation deviations. Even prompts crafted
differently than expected might yield varying responses, potentially deviating from
expected conversation flows. Therefore, it is crucial to acknowledge the inherent
susceptibility to errors in AI [35] and adjust expectations accordingly when using
the tool.

In summary, these limitations are important factors to consider when using
CWGPT in usability evaluations. While our study provides promising insights,
future research should explore these aspects in different settings to understand their
implications comprehensively. CWGPT might replace experts in some usability
testing aspects, especially where systematic evaluation using CW principles is
required and expert availability is limited. Ultimately, the aim is to enhance
usability awareness and practices among novices.

The proposed conversation agent offers a user-friendly approach to usability
assessment, making it particularly advantageous for students and novice designers
seeking to enhance their interface design skills. With an exploratory study, we
addressed the validity of CWGPT evaluations (RQ1) and the practical utility and
acceptance of CWGPT in assisting designers (RQ2).
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Chapter 8

Large Language Models
Adoption in Need Finding

8.1 Introduction

In the realm of User-Centered Design (UCD), the quest for innovative tools
and methodologies to enhance the design process is ongoing. The UCD approach,
rooted in placing the user at the forefront of design considerations, requires a
deep understanding of user needs, preferences, and contexts. As such, the design
community continually explores new avenues to enrich the UCD process, making it
more efficient, inclusive, and effective. One of the most promising frontiers in this
exploration is integrating artificial intelligence (AI), mainly through the use of Large
Language Models (LLMs).

LLMs, such as the popular GPT-4, have demonstrated remarkable capabilities
in generating human-like text based on vast datasets. Their potential to simulate
aspects of human interaction and understanding presents a unique opportunity for
augmenting various phases of the UCD process. This includes tasks such as defining
the main objectives of a design project, identifying key stakeholders, creating detailed
personas, and even simulating focus group discussions [182]. However, applying
LLMs within the UCD framework is not without challenges, especially when it comes
to accurately capturing the full spectrum of human emotions, cultural contexts, and
nuanced preferences.

This exploratory study seeks to explore the viability and effectiveness of LLMs
as assisting tools in the early stages of the UCD process, specifically focusing on the
need-finding phase. We advocate that even though LLMs are suitable to substitute
the designer during the need-finding process, if adapted to assist them rather than
replace them the outcomes are more adherent to reality and hence preferable. By
providing example prompts and discussing the results of three practical case studies
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of mobile development (a university app, a fintech app, and an earthquake-warning
app) - we provide an exploratory study on how to be assisted in the need-finding
phase by LLMs. Our focus is not to advocate for replacing human-centric processes
with AI but rather to understand how LLMs can complement existing methodologies,
where they excel, and where they fall short.

8.2 Related Works

The integration of artificial intelligence, particularly Large Language Models
(LLMs) like ChatGPT, into Human-Computer Interaction (HCI) processes is gaining
attention, spanning early design stages to evaluation [181].

Among others, the recent work of Schmidt et al. [182] highlights the increasing
potential of using LLMs in the Human-Centered Design (HCD) process, especially for
enhancing design iteration efficiency. This area of exploration is strictly related to our
investigation into the utility of ChatGPT during the initial phases of User-Centered
Design (UCD).

Further research, such as the studies by Ekvall et al. [75], York [221], and Atlas
[14], delves into ChatGPT’s application in UX design and education. These studies
provide insights into how ChatGPT can aid ideation, prototyping, and feedback,
complementing the design process and education.

Tabone et al. [197] show how ChatGPT can effectively analyze text data,
indicating its potential to enhance HCI research methods through detailed summaries
and analyses.

In terms of evaluation, Duan et al. [73], and Bisante et al. [29] explore LLMs’ role
in automating feedback for UI design and facilitating evaluations of web interfaces,
respectively. Their work points to ways that LLMs can streamline the evaluation
process.

However, despite these positive developments, integrating LLMs into design
processes still brings challenges, including ensuring AI-generated output’s relevance
and accuracy and ethical considerations [95]. The impact of AI on user interactions
and interface management also raises important questions [35].

This growing interest in LLMs within HCI underscores the technology’s potential
to impact design processes significantly while also highlighting areas that need careful
consideration. Our study contributes to this conversation by examining how LLMs
can support UCD’s early stages, aiming to shed light on both the advantages and
challenges of AI in design.
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8.3 Methodology

In this work, we investigate the effectiveness of LLMs as assistive tools in the
early stages of the UCD process, with a specific focus on need-finding. Our guiding
question is the following: can the outcomes produced by direct prompting, where AI
partially substitutes the designer, be improved through an LLM-assisted approach
that instead supports and extends the designer’s work?

LLMs can be directly prompted to delineate user needs for a given design
idea, for example "What are the user needs for a fintech mobile app?", potentially
bypassing traditional UCD phases, especially those involving hard-to-reach users.
As an alternative, we explore whether LLMs can be used to assist more conventional
need-finding activities rather than replace them.

Based on our experience in the field, we first identified a simplified need-finding
process and then integrated it with LLM-based assistance. The resulting LLM-
assisted approach is reported below:

1. Definition of Target User Profile: We prompt the LLM with general
application details to outline the likely target user profile.

2. Preliminary Definition of User Needs: The LLM is asked to draft an
initial set of user needs.

3. Persona Creation: The LLM generates three or more detailed personas
intended to reflect plausible variation within the target user group.

4. Simulated Interviews: The LLM is used to simulate interviews with the
generated personas. The questions can be written by the designers, by the
model, or through a hybrid process.

5. Refinement of User Needs: The LLM revises the initial list of needs based
on the simulated interview material.

This workflow should be interpreted as an exploratory design aid rather than
as a substitute for empirical user research. In particular, steps 3–5 introduce an
important methodological limitation: the same model family is used both to generate
the personas and to simulate their interview responses. As a consequence, the
process risks producing a synthetic “echo chamber,” in which later outputs reinforce
assumptions already introduced in earlier prompts rather than surfacing genuinely
new perspectives. Relatedly, generated personas may reproduce stereotypical or
overly generic representations of users, especially when the design domain involves
social, cultural, or demographic variation that is weakly specified in the prompt.
For this reason, we treat the resulting personas, interviews, and refined needs as
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provisional artifacts for ideation and reflection, not as a replacement for real users
or as validated evidence of actual needs.

We deployed ChatGPT across three design domains to compare direct prompts
with the assisted workflow. We used ChatGPT version 4, updated in December
2023.

Experiments were divided into two distinct chat sessions for each design domain
in order to avoid context overlap. In one session, ChatGPT was directly prompted
to list user needs from a specified design concept. In the other, we followed the
assisted need-finding steps. Both sessions were initiated with the same starting
prompt, "I want to design a mobile application...[design idea]", to ensure consistency.
The adopted design ideas were:

• "...to support university students in managing university activities (e.g., book
exams, find classrooms)"

• "...to support bank customers in performing mobile banking operations (e.g.,
send/receive payments, invest, track expenses)"

• "...to receive warnings about upcoming earthquakes"

These domains were selected based on our prior experience in developing similar
applications, which allowed us to inspect the outputs with respect to their depth,
plausibility, applicability to realistic contexts, and potential to stimulate design
reflection. At the same time, this choice also introduces a limitation: the evaluation
relies on researcher judgment rather than on external ground truth or direct validation
with representative users. Accordingly, the goal of the study is not to claim that
the LLM-generated outputs are accurate representations of real users, but rather to
examine whether they can function as useful intermediate artifacts in early-stage
design.

8.4 An example of Direct prompts vs. LLM Assisted
Need-finding

The same prompts were used across the three design domains. In this section,
we report and comment on the experiment conducted with the first design idea.

In one session, we directly prompted ChatGPT with the following request:

"I want to design a mobile application to support university students in managing
university activities (e.g., book exams, find classrooms). Define the user needs for
such an application."
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ChatGPT replied with a list of 10 user needs for a hypothetical university
management app, each accompanied by a corresponding feature suggestion. The list
was broad and relevant, offering a plausible starting point for the need-finding phase.
Although there was some overlap between items, for example “finding classroom
locations” appearing both under “academic schedule management” and “classroom
locator,” the response still provided a coherent first approximation of the design
space.

We then began a new session and applied the LLM-assisted need-finding workflow.
Below we report the prompts and a summary of the corresponding outputs.

1. Prompt: "I want to design a mobile application to support university students
in managing university activities (e.g., book exams, find classrooms). Define
the user profile target for such an application."

ChatGPT replied with a structured five-point list. It described demographic
characteristics, a set of expected needs, technological preferences, behavioral
traits, and some additional considerations such as accessibility and privacy.
We judged the profile plausible for the target context. At the same time, the
answer already anticipated several of the needs later produced in subsequent
prompts, which suggests that later stages of the workflow partly elaborate
assumptions already introduced at this first step.

2. Prompt: "Define expected user needs for such an application."

The response included seven main points, each containing two or three more
specific needs, for a total of sixteen needs. A direct numerical comparison
with the previous direct-prompt session is not straightforward, because the
granularity of the answers differed. Some needs that had previously been
grouped together were now listed separately, while other new needs appeared,
such as financial and administrative support or campus news and events.
Overall, this step broadened the design space, but it remained closely aligned
with the assumptions already introduced in the target-user profile.

3. Prompt: "Create three personas."

ChatGPT generated three personas, each described in terms of name, age,
academic year, major, level of technological familiarity, and primary device. It
also specified goals, challenges, and app-related needs for each persona. The
resulting personas were coherent and easy to read, but they were also strongly
consistent with the needs already listed in the previous step. This is useful
from a workflow perspective, because it gives designers concrete artifacts to
reason with, but it also highlights a methodological risk: the personas do not
introduce an independent source of evidence, and instead largely restate and
reorganize what the model had already produced.
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4. Prompt: "Simulate an interview with Persona n"

For each of the three personas, ChatGPT generated a simulated interview
following a similar structure. The model used the previously generated persona
description to personalize both the questions and the answers. Each interview
included opening and closing turns, questions about the persona’s challenges,
and follow-up prompts connecting those challenges to potential application
features. This produced readable and internally consistent interview transcripts.
However, because the same LLM had already generated both the personas and
the underlying needs, the interviews should not be interpreted as independent
validation. Rather, they function as a reflective device that can help designers
inspect the implications of earlier assumptions. In other words, this step is
best understood as structured elaboration, not as evidence about how real
students would actually respond.

5. Prompt: "Based on the interview transcripts, how would you integrate or
modify the expected user needs? Provide a complete list of user needs indicating
whenever there is a variation from the original list."

In the final response, ChatGPT reiterated the seven main points and sixteen
needs identified earlier, indicating for each whether it remained unchanged or
required enhancement after the simulated interviews. Four additional needs
were introduced. However, many of the reported “enhancements” were minor
reformulations rather than substantial revisions. For example, the need “Exam
Booking System,” originally described as "A feature to book exams, view exam
schedules, and receive reminders as exam dates approach", was updated to
"Enhanced to include not just booking and tracking exams but also integrating
study reminders based on exam dates", which does not fundamentally alter the
original requirement. This again suggests that the assisted workflow tends to
refine and expand previous outputs more than it surfaces genuinely novel or
contradictory insights.

This example shows that the LLM-assisted workflow can generate a richer chain of
intermediate artifacts than a single direct prompt, including target profiles, personas,
interviews, and revised needs. These artifacts may help designers think through a
problem more systematically. At the same time, the example also illustrates the
main methodological caution of the approach: because each step builds on outputs
produced by the same model, the process can amplify internal consistency without
necessarily increasing real-world validity.
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8.5 Engineering

8.5.1 Integrating Different Engineering Approaches

Integrating Large Language Models (LLMs) into user-centered design (UCD)
processes presents a unique challenge: merging diverse engineering methodologies,
such as traditional software engineering (e.g., waterfall, agile), with AI-specific
approaches like iterative model tuning and data-driven development. We employ sev-
eral strategies to effectively reconcile these processes to enhance system performance
and user experience.

In AI systems, especially LLMs, the iterative feedback loops are crucial [31].
These systems thrive on continuous feedback to improve. By incorporating AI tuning
within the Agile-UCD process, we facilitate an environment where the AI model is
not static but evolves through iterative development cycles. This method retains
the flexibility of agile development and introduces the structured rigor of AI model
training. This synergy ensures the AI components are finely tuned to meet user
needs and system performance metrics.

The architecture of these systems is often decoupled to allow for modular updates
and integration. For instance, in a mobile app development scenario where LLMs
assist with user need identification, the AI module can be developed and updated
independently from the core application. This decoupling allows for smoother
integration of LLM functionalities and facilitates more accessible updates and
maintenance without disrupting the system. However, updating the model may also
impact the overall interaction.

8.5.2 Addressing Non-Deterministic Aspects of AI

Non-determinism in AI, particularly in LLMs, poses significant challenges for
usability, utility, and reliability in UCD processes, as these systems can produce
different outputs even when provided with the same input. Addressing this unpre-
dictability is crucial for developing consistent and reliable user-centered designs.

Real-world scenario testing is a primary strategy for mitigating the effects of
non-determinism. By testing LLM-generated outputs, such as user personas, against
actual user profiles in mobile app development, designers can gain insights into the
practical implications of AI unpredictability on the design process. These insights
help refine the AI models to better align with user expectations and real-world
usability.

Version control and traceability are essential for managing the non-deterministic
nature of LLMs. By meticulously tracking prompt versions and the changes they
undergo, designers can gather valuable insights into how different prompts influence
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LLM behavior. This practice is essential in Agile-UCD processes, where understand-
ing the consistency and reliability of AI-generated outputs is crucial for making
informed design decisions. For example, versioning different iterations of an LLM
prompt allows teams to compare outcomes, helping to determine if newer prompts
generate more accurate or realistic results when measured against real-world data.
This systematic approach enhances the quality of AI outputs and supports continuous
improvement in the design process.

8.5.3 Ensuring Humans Remain in the Loop

A critical challenge when integrating Large Language Models (LLMs) into user-
centered design (UCD) processes is ensuring that humans remain actively involved in
decision-making. Although LLMs can automate certain aspects of the design process,
there is always the risk that these models generate erroneous or inappropriate content.
It is, therefore, essential to implement mechanisms that preserve human oversight
and validation throughout the design lifecycle.

Here are key strategies to ensure that humans remain in control:

• Human-in-the-Loop (HITL) Systems: One of the most effective ways to
maintain human oversight is through HITL mechanisms. In this approach,
LLM-generated content, such as user personas or design suggestions, must be
validated by human designers at critical junctures. We advise implementing
this via checkpoints where humans review, approve, or modify AI outputs,
ensuring no fully automated decision is made without human validation.

• Interactive AI Tools: LLMs should function as assistants to designers rather
than replacements. While LLMs can offer design suggestions or generate
insights, the final decision-making authority rests with the human designer.
For example, when evaluating user personas, the designer determines which
personas are realistic, should be considered, and should be discarded. This
approach balances AI-driven efficiency with human judgment, ensuring that
the designer makes critical and creative decisions.

• Transparency and Explainability: AI models should provide transparent
reasoning behind their outputs. For instance, if an LLM generates a design
suggestion or user persona, it should explain how it reached that conclusion.
This transparency enables designers to understand the AI’s rationale and
intervene when needed, avoiding over-reliance on potentially flawed AI outputs.

• Fallback Mechanisms: When an LLM generates outputs that are flagged
as incorrect, unreliable, or potentially harmful, fallback mechanisms should
be employed to maintain design quality. The system can prompt the de-
signer to manually refine the output or revert to a more straightforward,
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human-controlled process. This ensures that AI-generated content does not
compromise the integrity of the design. For instance, when dealing with sen-
sitive data, the system could automatically alert users not to input sensitive
information or instruct the LLM to exclude such data from its output. This
proactive approach safeguards the user and the design process from unintended
risks.

By implementing these strategies, human designers can retain control over the
Agile-UCD process while benefiting from the efficiency and insights provided by
LLMs.

8.5.4 Guaranteeing Positive Aspects for Human Users

A core objective of user-centered design is to ensure that systems provide positive
emotional experiences for users. When integrating Large Language Models (LLMs)
into the design process, it becomes essential to evaluate how AI-generated outputs
affect these emotional experiences by enhancing or detracting from them. Ensuring
that AI contributes positively to the user’s emotional engagement requires thoughtful
implementation and careful consideration of personalization and user control.

One way LLMs can enhance a system’s hedonic aspects is through personalized
experiences. AI-driven systems can create more engaging and emotionally satisfying
interactions by tailoring outputs to align with individual user preferences. For
example, as discussed in the case studies, LLM-generated personas and user needs
can be personalized based on demographic information or direct user feedback.
This allows the system to adapt to each user’s unique characteristics, making the
interaction more meaningful and enjoyable. Personalization improves the system’s
utility and deepens the emotional connection users feel toward the design, fostering
a sense of being understood and catered to.

However, integrating non-deterministic AI systems, like LLMs, can frustrate
users when outputs are inconsistent or inaccurate. To reduce this risk and ensure
a positive user experience, it is essential to maintain transparency about how the
AI operates. Users should be made aware of the AI’s decision-making processes,
mainly when results are unexpected or unclear. Allowing users to adjust or refine
AI-generated content is another key strategy to mitigate frustration. For instance,
allowing users to modify or clarify LLM-generated personas or design suggestions
gives them more control over the interaction. This increased user agency ensures
the system better aligns with their expectations, reducing frustration and fostering
a more seamless and enjoyable experience.
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8.5.5 Assessing Risk vs. Value in Specific Domains

Incorporating Large Language Models into user-centered design processes ne-
cessitates carefully evaluating risks and benefits, which vary considerably across
different domains. Our study’s need-finding flow—which leverages LLMs to assist in
defining user needs and generating user personas—highlights the importance of this
assessment.

In high-stakes areas like healthcare and finance, where errors can have severe
consequences, rigorous risk assessments and strict validation protocols are essential.
For instance, in the earthquake-warning app case study 8.3, utilizing LLMs to
identify user needs and generate personas carries significant risks if the outputs
need to be more accurate or complete. Misidentifying user needs in such a critical
application could lead to features that fail to provide timely warnings, potentially
endangering lives. Therefore, integrating LLMs in these domains requires stringent
human oversight in the need-finding flow. Designers must meticulously review AI-
generated user needs and personas to ensure they are accurate, relevant, and comply
with safety and regulatory standards. This includes cross-referencing AI outputs
with expert knowledge and real-world data to mitigate the risks associated with
erroneous or misleading information.

In contrast, lower-risk domains such as education or entertainment present fewer
severe consequences from potential AI inaccuracies, and the benefits of using LLMs
can outweigh the risks. As demonstrated in the university app case study 8.3, LLMs
can streamline the need-finding process by efficiently generating comprehensive
user needs and diverse personas. This accelerates the design timeline and provides
deeper insights into user expectations and behaviors. In this context, the AI-assisted
generation of user personas allowed designers to explore a broader range of user
types and scenarios than might be feasible manually, enhancing the overall design
quality with minimal risk.

By tailoring the integration of LLMs in the need-finding flow and user-persona
generation to the specific risk profile of each domain, designers can maximize the
benefits while minimizing potential drawbacks. This balanced approach allows for
the effective incorporation of AI into UCD processes across various fields.

8.6 Discussion

Our exploratory study suggests that the LLM-assisted method can provide a
richer and more articulated set of intermediate artifacts than direct prompting alone.
In practice, this may help designers structure the early design space more explicitly
and reflect on possible user needs in greater detail. In this sense, the value of the
approach lies less in producing a single “better” answer and more in supporting
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a broader and more traceable exploration of candidate needs, profiles, and design
directions. At the same time, these advantages should be interpreted cautiously,
because greater detail does not necessarily imply greater validity.

A first limitation concerns persona generation and simulated interviews. We
intentionally restricted the analysis to three personas in order to keep the workflow
manageable. While the resulting personas were plausible and captured some variation
in needs, they cannot be considered representative of the entire target group, and
they are especially unlikely to cover edge cases or less typical users. More importantly,
because the same LLM is used to generate the personas and then simulate interviews
with them, the process risks reinforcing the assumptions already embedded in the
earlier prompts. This creates a synthetic echo chamber in which later outputs may
appear consistent not because they are well grounded in real users, but because they
are internally aligned with the model’s own previous generations.

A related issue is that, although the AI-generated interviews were coherent
and contextually relevant, they lacked the ambiguity, contradiction, and emotional
depth that often characterize real user interviews. This limitation is not only
about realism in a general sense, but also about method. Real need-finding often
benefits from unexpected remarks, hesitation, conflicting motivations, and situated
experiences that challenge the designer’s assumptions. Simulated interviews, by
contrast, tend to remain cleaner, more uniform, and more easily aligned with the
framing already established by the prompt. As a consequence, they are better
understood as instruments for structured reflection than as substitutes for empirical
engagement with users.

Another significant challenge is the detection of inaccuracies, overgeneralizations,
or hallucinated content in the outputs produced by LLMs. Here, the involvement
of designers remains essential. Compared with a direct prompting strategy, the
assisted workflow can make inaccuracies easier to spot because the reasoning process
is partially externalized through intermediate artifacts such as profiles, personas, and
revised needs. However, this does not remove the need for domain expertise. Human
judgment is still required to assess whether the generated content is plausible, whether
it reflects meaningful distinctions, and whether it risks introducing stereotypes or
unsupported assumptions.

One possible extension would be to instruct the LLM to generate a broader range
of personas and conduct additional interviews automatically. Such an extension
could increase coverage, but it would not by itself solve the core methodological
issue. Future experiments should therefore evaluate not only the variety of generated
personas, but also the extent to which the resulting insights remain repetitive,
stereotyped, or detached from real user perspectives. A particularly important
direction is to compare LLM-generated personas and interview outcomes with data
collected from actual users, in order to understand where the method is useful as a
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scaffold and where it diverges from empirical reality.

The results across the three mobile app domains indicate both promise and
clear limits. LLMs can support the need-finding phase of UCD by accelerating
the production of useful intermediate materials and by helping designers inspect a
problem from multiple angles. However, these outputs remain synthetic artifacts.
Their practical value depends on keeping designers in the loop and on grounding
the resulting insights, whenever possible, through comparison with real users and
real contexts.
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Chapter 9

Heuristic Evaluation of Implicit
Interactions in Proactive
Systems

9.1 Introduction

With the growing interest in AI-based technologies and their increasing inte-
gration into everyday systems, interaction is increasingly shifting from explicit
command-driven use toward more seamless and context-sensitive forms of support
[200]. As users become more accustomed to smart, context-aware systems, expec-
tations are rising for technology to anticipate and respond to needs with minimal
direct input [124]. Proactive agents, often powered by AI and grounded in implicit
interaction, interpret user actions or contextual cues without requiring explicit
commands, delivering support automatically and, ideally, in ways that feel both
useful and natural [66].

This shift raises new challenges not only for system design, but also for usability
evaluation. Established HCI evaluation methods were largely developed for interfaces
in which users act explicitly and system responses are visible, immediate, and directly
attributable to those actions. By contrast, proactive and implicit systems often
operate in the background, rely on inferred context, and produce effects whose
causes may not be immediately apparent to users. As a result, existing usability
frameworks, including Nielsen’s heuristics [137] and broader HCI notions such as
learnability, flexibility, and robustness, may not transfer directly to this class of
systems.

Although the motivating examples in this chapter are rooted in mobility and
sensing-based interaction, the issues discussed here are broader. The same evaluation
challenges also arise in newer AI systems, including LLM-based proactive assistants,
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where support may be triggered by inferred user intent, remembered context, or
system-initiated suggestions rather than by a clear explicit request. In this sense,
implicit interaction provides a useful conceptual lens for examining a wider family
of proactive systems, including those discussed elsewhere in this thesis in relation
to LLM-supported interaction and design evaluation. This chapter therefore con-
tributes to Part II by clarifying how established usability principles may need to be
reinterpreted when system behavior is proactive, partially autonomous, and driven
by inference.

This chapter addresses the challenges of evaluating implicit interactions in
proactive systems, recognizing the need for criteria and interpretive guidance that
align with the designer’s goal of creating natural and seamless experiences without
obscuring system behavior or reducing user control. A central focus is the applicability
of Nielsen’s evaluation heuristics, and more specifically how this framework can be
adapted to evaluate proactive systems in which interaction is shaped by implicit
input and inferred context.

The remainder of this chapter is organized as follows. Section 9.2 provides an
overview of relevant literature. Section 9.3 discusses the user’s spectrum of intention
in implicit interaction with proactive agents, with a focus on the relationship between
implicit input and its resulting effects. Section 9.4 examines the challenges of applying
Nielsen’s heuristics in this setting. Finally, Section 9.5 discusses the implications of
these observations and draws conclusions.

9.2 Related Works

Proactive systems are intelligent technologies designed to autonomously anticipate
user needs and act without explicit commands, relying on contextual data, historical
behavior, and reasoning mechanisms [205, 200, 84]. A defining feature of these
systems is implicit interaction, where actions are triggered by subtle cues such as
sensor data or user activity, rather than direct input [124, 205].

Schmidt’s early work [180] laid the foundation for implicit interaction by exploring
how systems could infer user intentions without explicit input, emphasizing context-
awareness and passive sensing. Building on this, Schmidt and Herrmann [183]
introduced the concept of intervention interfaces, allowing users to retain control in
highly automated systems, a principle closely related to balancing autonomy and
user involvement in implicit interaction design.

Context-awareness has been extensively studied in HCI, with Cockton and
Gram [54] highlighting the evolution of usability to accommodate non-traditional
input in technologies like smart homes. Similarly, Dix’s spectrum of intention [69]
categorizes user interactions from explicit to incidental, providing a framework for
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understanding low-intention interactions and their seamless integration into users’
primary tasks. Serim and Jacucci [185] extended this discussion, identifying key
types of implicit interaction and emphasizing the need for systems to avoid making
users feel manipulated or disempowered.

Proactive systems leveraging implicit interaction have been explored across vari-
ous domains. For instance, conversational agents utilize cues such as conversational
history and user preferences to tailor responses [67, 66]. Similarly, sensing through
smartphone inertial sensors has proven effective for understanding diverse contexts;
for example, in earlier studies we addressed earthquake detection [151] and the
identification of driving-related behaviors [23, 39]. However, challenges remain in
areas such as transparency, usability, and trust, as users often find it difficult to
comprehend or anticipate system behavior [143].

Recent work has focused on evaluation frameworks for implicit systems. Serim
and Jacucci [185] emphasized the importance of distinguishing between helpful and
intrusive interactions in ubiquitous computing environments. Mueller et al. [133]
and Bennett et al. [26] both explored how systems can preserve user autonomy
while seamlessly integrating with natural behaviors. Additionally, Bisante et al. [35]
highlighted the importance of error detection and repair in AI-based implicit systems
to prevent interaction breakdowns.

Although established usability frameworks like Nielsen’s heuristics [137] provide
a foundation for evaluating explicit interactions, their application to implicit systems
remains underexplored. Amershi et al. [6] and Helms and Brown [88] provide relevant
insights for designing human-AI interactions and sensing-based systems, but further
adaptation is required to address the unique challenges of implicit interaction.

Building on these works, this paper discusses how to apply Nielsen’s heuristics
to evaluate implicit interactions in proactive systems, advancing evaluation practices
for intelligent, context-aware systems.

9.3 Implicit interaction with Proactive Agents

Proactive agents are characterized by their ability to anticipate user intentions,
relying on contextual information, acting autonomously, and operating without
requiring explicit user interaction. Instead, these systems use implicit signals, such
as sensor data, historical patterns, and contextual information, to make decisions.
In this work, we focus on the challenges of evaluating the implicit interaction part
[205, 200, 84].

As noted by Serim and Jacucci [185], the concept of implicit interaction has been
defined in various ways in the literature. Our interpretation of implicit interaction
builds on Dix’s spectrum of intention [69] [70], which frames implicit interaction on
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a continuum of sensor-based interactions, categorized by the degree of user intention
behind the use of sensed inputs.

Figure 9.1. Human-system interaction for sensing and supporting tasks

At the high-intention end there are very explicit interactions, such as gesture-
based systems, flicking a tablet to turn a page or annotation systems [17]. These
are sometimes called ‘implicit’ as they recruit tacit knowledge and may become part
of practiced use.

The opposite, low-intention end, (termed ‘incidental’ interactions) are situations
where the user being sensed simply carries on their activities, with no explicit
intention that the sensed data may be used by a proactive system (although they
may know if they stop to think about it). It is this low-intention end of the spectrum
that is the primary focus of this paper.

In these low-intention situations, it is possible to distinguish two user tasks, the
sensed and supported tasks (called primary and secondary tasks in early literature):

• Sensed (primary) task: a task that the user performs regardless of the proactive
system. The system senses what the user is doing to build knowledge to help
in other tasks. For example, you watch a streamed film because you want to
watch it, but the system builds a model of your own preferences, to help make
suggestions for you or other users in the next choices.

• Supported (secondary) task: thanks to data sensed during the implicit interac-
tion of the sensed tasks, the proactive system supports a ‘future’ user’s task. As
shown in fig. 9.2, the use of sensing data may happen in the same interaction
episode (pink circle) or in subsequent episodes (orange/green circles). But
also, several sensed tasks can help support a single or several supported tasks,
done over time and/or done by different users. A supported task could be
considered as non-proactive when the system gathers data during the sensed
task and uses it to assist the user in a way that requires explicit input or
triggers from the user. In this case, the system does not autonomously act
but instead provides support based on user-initiated actions. In this work,
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we focus only on supported tasks that are proactive and based on implicit
interaction.

Figure 9.2. Sensed and supported tasks

9.4 Applicability of Nielsen’s Heuristics

Nielsen’s heuristics, traditionally applied to explicit, user-driven interfaces, are
often more challenging to apply to proactive systems. In these systems, the interaction
is shaped by context and user behavior rather than direct commands, and as a result,
some heuristics may be less relevant or require reinterpretation.

In this section, we discuss which are the challenges of applying each of Nielsen’s
usability heuristics to proactive interfaces, referencing the spectrum of intentionality
of the user and our focus within implicit interaction.

9.4.1 Visibility of System Status

Visibility of system status helps users understand cause-and-effect relationships in
interaction and predict the system’s behavior. However, maintaining the visibility of
system status is often challenging with proactive systems, as implicit data gathering
during the sensed task inherently obscures the system’s status, posing also potential
privacy issues.

Users typically engage in the sensed task naturally, with the proactive system’s
sensing occurring in the background. This lack of explicit feedback may lead users
to focus more on the outcomes of supported tasks than on the system status itself.
Moreover, when the supported task is proactive, users may find it particularly
difficult to understand why specific actions are being proposed.

For example, when a light automatically switches on, its status is immediately
visible, offering clear feedback. In fact, in instances where the sensed and supported
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tasks overlap (the ‘pink circle’ scenario), the visibility of system status becomes
more direct. However, in cases like air conditioning, where the effect (temperature
change) is more gradual or less perceptible, the system status may be harder to
detect.

In any case, if users can perceive the system’s status - whether through feedback
or other cues - it can help them form a mental model of how the system works.
Thus, while the visibility of system status does not typically affect the sensed task
directly (e.g., the user may not be consciously aware of background sensing), it can
influence how the user engages with supported tasks.

9.4.2 Match Between the System and the Real World

This heuristic emphasizes that systems should use familiar concepts, language,
and conventions to make interactions intuitive. In proactive systems, this applies
especially on designing of the sensing process, hence the sensed tasks, to reflect
real-world behaviors and expectations.

For example, users might expect lights to turn on based on their presence in
a room, as this aligns with a real-world understanding of occupancy. However, if
the system instead requires specific movement to activate the lights, it violates
this heuristic by introducing an artificial constraint that does not match the user’s
mental model of presence and response. This mismatch can lead to confusion and
frustration, as users may struggle to understand or predict the system’s behavior.

The core challenge lies in designing proactive systems that not only interpret user
behavior accurately but also translate this understanding into actions that resonate
with the user’s perception of how the real world operates.

9.4.3 User Control and Freedom

Users should ideally retain a degree of control over systems, including the ability
to undo or cancel actions. However, in proactive systems, users often relinquish
some level of control, as direct intervention would shift the interaction from implicit
to explicit. Moreover, in many real-world implicit interaction scenarios, undoing
implicit actions can be difficult or even impossible. For example, in systems like
automatic toll collection at toll booths, once the user’s vehicle passes through the
toll gate, there is no way to undo the transaction or change the decision to take that
particular route.

In proactive systems based on implicit interactions, control can only be exercised
if users are aware of the system’s operations and have a mental model of how the
sensing mechanism works and how it supports secondary tasks. For instance, if users
understand how a smart home system senses their movement to turn on lights, they
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may intentionally modify their behavior to manipulate the outcome. However, when
they do this, the interaction moves from incidental to intentional—situating the user
higher on the spectrum of intention.

It is important to recognize that users generally appreciate having control, and
this can enhance the usability of a system. Even though implicit interactions
reduce direct user control, the option to influence the system—once users develop
awareness—can provide them with a sense of agency. This is not necessarily negative
from a usability perspective. However, in the case of implicit interactions designed
to operate in the incidental or low-intention spectrum, control is not inherently
applicable. With respect to sensed and supported tasks, this heuristic mainly applies
to the relationship between the sensed and supported tasks.

9.4.4 Consistency and Standards

When considering consistency within proactive systems, we propose an interpre-
tation that relates to maintaining uniform behavior across similar elements within
the same environment. For example, if a building has multiple automatic doors, all
the doors should function in a consistent manner to meet user expectations.

Inconsistent behavior across similar systems — such as one door opening au-
tomatically and another requiring pressing a button — can disrupt the seamless
experience that implicit interactions aim to provide. This heuristic applies mainly
to the design of the relationship between sensed and supported tasks.

Regarding the concept of ‘standards’, we argue that it aligns with what feels
most natural to the user. More specifically, there are two levels of standards to
consider:

• User expectations based on prior experience: Users often anticipate
certain behaviors from systems based on what they have encountered before.
For example, users might not expect elevators to arrive automatically without
needing to press a button, but they do expect automatic doors to open in
modern environments, especially when there is no visible handle. These implicit
standards are based on context and familiarity with similar interactions.

• Naturalness as the standard: The most natural interaction often becomes
the "standard" for users. For example, if users were to encounter an eleva-
tor designed to operate automatically, they would naturally expect a simple
action—such as approaching it—to trigger its functionality. In contrast, re-
quiring an exaggerated or unnatural action to call the elevator would feel
cumbersome and counterintuitive. The closer a system aligns with users’ nat-
ural expectations, the smoother and more seamless the interaction becomes.
Understandably, what is considered natural can vary among users and may
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depend on the complexity of the system or task. While acknowledging these
variations, we propose this general definition as a starting point for discussing
naturalness in interaction design.

9.4.5 Error Prevention

The HCI literature distinguishes between two types of errors: slips, which occur
when users intend to perform the correct action but inadvertently perform the wrong
one, and mistakes, which arise when users form incorrect intentions based on faulty
mental models [169, 141].

In low-intention, implicit interaction systems, we argue that the risk of slips does
not apply as the interaction is natural and not reliant on conscious input. However,
mistakes can still happen, especially when users have an inaccurate understanding of
how the system works. For example, a user may believe that their mere presence in
a room will trigger the lights to turn on, when in fact, the system requires movement
to activate the lights.

To prevent errors, particularly mistakes, Nielsen suggests several design consid-
erations that remain relevant in proactive systems. Below, we discuss how each of
these aspects applies to implicit interactions:

• Minimize memory burdens: Proactive systems should avoid requiring
the user to recall prior actions or states. Requiring memory recall shifts the
interaction from implicit to explicit, undermining the system’s seamless nature.
The design should ensure that the system reacts naturally to the current
context without placing cognitive demands on the user. This aspect applies to
sensed tasks.

• Support a simple mental model: A user’s mental model of the system
should be as simple and accurate as possible. In a proactive system, if users
misunderstand how their actions trigger responses, they may form incorrect
expectations and make mistakes. For instance, when the user mistakenly
assumes that being inside a room activates the lights when the system actually
senses motion detection. Clear system feedback or subtle cues can help form
more accurate mental models. This aspect involves both sensed and supported
tasks.

• Warning users: This should never be necessary for the sensed task, as the
goal is to simply observe the user. If there is a need to warn users about
problems, for example “please do not sit still for too long”, the system has
failed. It is the designer’s responsibility to ensure that these problems do not
occur. This said, no system is perfect, and there may be times when breaking
the illusion of invisibility may be necessary. A good example of this is in
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fall-detection systems: at the point a fall has been detected, most will offer
ways to warn the users that their posture (maybe simply having a yoga session
on the floor) is going to be treated as an incident before the ambulance is
called. However, the general rule is that these are rare exceptions.

Moreover, proactive, intelligent systems today are often powered by AI and are
typically trained on limited datasets, relying on constrained sensor input to interpret
the environment, including users’ behaviors and intentions. This inherent limitation
makes such systems prone to system errors, further underscoring the critical need for
designers to prioritize robust error-handling mechanisms. Effective error handling
should take into account not only user errors, but also is particularly crucial to
prevent system errors from escalating into full system failures, ensuring the reliability
and usability of these systems [35].

9.4.6 Recognition Rather than Recall

This heuristic does not usually apply to implicit proactive systems. If users
need to recall specific actions or information, the interaction becomes explicit. In a
low-intention implicit system, users should not need to remember prior inputs for
the system to function correctly. In practice, there can be some middle ground, for
example, if people modify their walking speed as they approach an automatic door,
which is effectively a form of (implicit) recall, but the underlying assumption is that
the basic implicit interaction functions well enough based on the users normal (non
AI-assisted) behaviour and so does not require explicit means to provide recognition.
Thus, when applicable, this heuristic applies to sensed tasks.

9.4.7 Flexibility and Efficiency of Use

The heuristic of flexibility and efficiency of use suggests that systems should
allow users with different skill levels or preferences to interact with the system in
ways that best suit their needs.

In implicit interactions, this flexibility can manifest through personalization
across two dimensions:

• Interaction personalization: Different implicit interactions can trigger the
same outcome based on the user. For instance, a light might turn on when one
user sits down at a table, but for another user, it activates when they enter
the room. This dimension applies to sensed tasks.

• Content personalization: Different outcomes can result from the same
interaction depending on the user. For example, one user’s presence may
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trigger only specific lights to turn on, while another user’s presence activates
all the lights. This dimension applies to supported tasks.

Customization in the traditional sense is less relevant in proactive systems, as it
requires explicit interaction. Likewise, accelerators (shortcuts) are not applicable
since implicit interactions are already designed to be the most efficient, natural
responses.

In contrast, adaptations are common in proactive systems, for example, if the
user frequently turns the lights to a dimmed setting after entering the room, the
systems can adapt to default to that setting. However, the challenge is that normal
adaptation should also be based on implicit cues and not on explicit user settings.

9.4.8 Aesthetic and Minimalist Design

Although aesthetics may not be the first consideration in implicit interactions,
this heuristic still holds relevance. The design of proactive systems should prioritize
simplicity and elegance, both in the selection of the sensed task and the support of
the secondary.

9.4.9 Help Users Recognize, Diagnose, and Recover from Errors

This heuristic is less applicable in proactive systems. While feedback on the
execution of a supported task can help users recognize when something has gone
wrong (e.g., a door failing to open or a light not turning on), diagnosing and resolving
such errors often requires explicit user intervention through traditional interfaces.
This can be a challenge in systems relying on implicit interactions, which inherently
reduce the user’s direct control.

A common approach to designing for error recovery involves supporting undo
functionalities. This can be achieved by providing contextual feedback that helps
users understand and correct unintended actions. However, as discussed under
User Control and Freedom, undoing actions in physical implicit interactions poses
greater challenges compared to traditional digital systems. Furthermore, enabling
undo functionality in these contexts often requires shifting the user toward a more
deliberate, high-intention mode of interaction.

Consequently, this heuristic primarily applies to the “recognize” aspect. Any
system failure should be clearly communicated to the user through explicit feedback
mechanisms, ensuring the user can identify the issue and take corrective action.
Challenges related to error detection and recovery in AI-based user interfaces have
been explored in detail in earlier work [35].
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9.4.10 Help and Documentation

This heuristic tends to be less relevant for proactive systems, especially in
low-intention interactions where the system monitors users’ natural behaviors and
responds automatically. In these cases, if documentation is needed to explain how
to interact with the system, it may indicate that the interaction is no longer truly
intuitive. Ideally, proactive systems should be designed to operate in the background,
with users engaging effortlessly and without the need for external guidance.

However, many natural user interfaces (NUIs), while leveraging ‘natural’ inter-
actions, often feel intuitive only after users have learned how to engage with them.
For example, gesture-based systems may seem natural, but they often require initial
learning or practice, where documentation or onboarding can be helpful.

9.5 Discussion

The increasing prevalence of implicit and proactive interactions calls for more
robust design and evaluation criteria to ensure usability and effectiveness. Tradi-
tional usability principles remain relevant, but their interpretation becomes less
straightforward when interaction is no longer centered on explicit commands and
directly observable cause–effect relationships.

In this chapter, implicit interaction was framed by distinguishing between the
sensed task, namely the activity performed by the user and monitored by the system,
and the supported task, namely the activity that the system attempts to assist
on the basis of the sensed data. This distinction is useful because it clarifies that
usability in proactive systems does not depend only on whether the final support is
helpful, but also on whether the sensing process and the relationship between sensed
and supported activity remain compatible with the user’s expectations, autonomy,
and ongoing practice.

Our analysis highlights the importance of carefully selecting the sensed task and
designing the sensing mechanism in ways that preserve core HCI principles such as
consistency, error prevention, and alignment with the real world. Since the sensed
task is normally something the user would perform regardless of the system, it is
important that the design does not pressure users to distort or artificially adapt
that activity merely to make the system work. When users must change their
ordinary behavior to accommodate the sensing logic, this should be treated as a
design warning sign rather than as a minor inconvenience.

The supported task is equally important. Proactive support should not be judged
only by whether it is technically triggered, but by whether it improves the user’s
ability to carry out the relevant activity. This brings into play principles such
as feedback, predictability, error prevention, personalization, and support for an
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understandable mental model. If the support is poorly timed, difficult to interpret,
or easier to ignore than to use, then the implicit interaction may fail even if the
sensing component works as intended.

The relationship between sensed and supported tasks is therefore central. It af-
fects system-status visibility, user control and freedom, and the broader intelligibility
of the interaction. In some situations, users may not want the supported task to occur
even if the sensed task is correctly recognized. In other cases, users may deliberately
perform or exaggerate a sensed action in order to obtain the corresponding support.
Both situations show that proactive behavior is not neutral: it shapes expectations
and can alter how users understand both the system and their own actions.

For this reason, the chapter’s broader implication extends beyond sensing-based
mobility examples. Similar evaluation challenges arise in other proactive AI systems,
including LLM-based assistants that trigger suggestions, reminders, or contextual
actions on the basis of inferred intent, remembered interaction history, or partially
implicit signals. In these systems too, the question is not only whether the output is
useful, but whether the user can understand why it appeared, whether it arrives at
the right moment, and whether it supports rather than undermines agency. This is
one of the main reasons why the discussion of implicit interaction remains relevant
within Part II of this thesis.

Ultimately, when proactive support fails to help the supported task, the value
of the implicit interaction is substantially reduced. If the support is mistimed,
misleading, intrusive, or harder to recover from than explicit interaction would
have been, then the system reveals a more fundamental design flaw. In this sense,
evaluating proactive systems requires more than checking whether automation is
present. It requires examining whether the automation fits naturally within the
user’s activity, whether it preserves autonomy, and whether it can be understood
and corrected when it goes wrong.

As implicit interactions continue to evolve and become more prevalent, these
considerations will become increasingly important. Designers and evaluators should
therefore reflect not only on the technical feasibility of proactive support, but also
on how such support is perceived, interpreted, and managed by users in practice.
Only under these conditions can proactive systems become genuinely natural and
effective rather than merely automatic.
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Chapter 10

Transforming Interactive
Systems with Large Language
Models

10.1 Introduction

The emergence of powerful LLMs such as GPT-4 has introduced new possibilities
for augmenting key stages of the design process. These models can generate text,
simulate users, extract structure from unstructured inputs, and reason about inter-
action flows—capabilities that lend themselves well to tasks such as user modeling,
interface evaluation, and early-stage ideation. My research investigates how to make
these capabilities practically useful to designers, focusing on how LLMs can generate
adaptive personas, simulate user interactions, and provide structured feedback on
prototypes.

Over the past two years, I have explored LLM-based tools that assist in eval-
uating interactive systems through virtual Cognitive Walkthroughs and AI-driven
simulations. These tools aim to identify usability issues early in the development
cycle, before costly user testing takes place [41, 29]. They are not meant to replace
traditional evaluation methods, but to complement them—particularly in the early
design stages, where access to users may be limited and iteration speed is critical.

My earlier research focused on implicit interaction in mobile and in-vehicle
interfaces [39, 34, 35, 38]. This work dealt with how systems can adapt to user
behavior without relying on explicit input, and it shaped my interest in building
interactive systems that are context-aware, adaptive, and user-sensitive. That
foundation now informs my current exploration of how LLMs can serve as reasoning
agents that support both the designer and the user during interface development.
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This research combines prompt engineering, iterative prototyping, and hybrid
validation strategies—where AI-generated feedback is compared against real-user
data and expert evaluation. The aim is to ensure that the results are not only
scalable and efficient, but also interpretable and reliable in real-world scenarios.

In the final phase of my PhD, I plan to refine these tools and study how
they can be embedded into existing design workflows. The goal is to define a
practical, generalizable framework for using LLMs in interface design and usability
evaluation—one that maintains the core values of human-centered design while
leveraging the strengths of generative models.

10.2 Related Works

User-Centered Design (UCD) has traditionally relied on qualitative methods like
interviews, focus groups, and direct observation to gather insights into user needs and
behaviors [142, 81]. These methods, while effective, are often time-consuming and
hard to scale. Recent advances in Large Language Models (LLMs) offer new ways
to support early-stage design tasks, including ideation, need-finding, and usability
evaluation [182, 47].

LLMs such as GPT-4 have shown strong capabilities in generating content,
analyzing text, and simulating human-like interactions. This has led to applications
in several design-related areas: persona generation [175, 41], design ideation support
[41, 28, 19, 221, 181], automated usability evaluations, and user simulation for testing
interfaces [29]. Despite these capabilities, LLMs still struggle with implicit needs,
cultural context, and emotional nuance, making it necessary to combine them with
more traditional human-centered methods [29].

A key focus in early design is need-finding, which helps define user requirements
and shape design directions. Classic approaches such as ethnographies and structured
interviews [142, 81] are thorough but often difficult to apply at scale. LLMs offer
an alternative by helping synthesize user needs from large datasets and generate
potential problem spaces [175, 182].

In previous work [41], we explored how ChatGPT-based tools could support
need-finding across three case studies. The results showed that LLMs can effectively
augment design workflows by surfacing structured insights and analyzing contex-
tual information. However, their output should be interpreted as assistive rather
than definitive, since they lack real-world experience and may overlook subtle user
expectations.

LLMs have also been used to assist with UI layout generation and prototyping.
For instance, they can help define target users, generate design variants, and even
produce initial interface code [28, 221, 181]. These tools can be especially helpful
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for novice designers or in contexts where fast iteration is needed.

On the evaluation side, usability testing remains essential for validating whether
interfaces meet user needs. Cognitive Walkthroughs (CWs) are one common method,
where experts step through tasks from the user’s perspective [166]. While useful,
CWs require time and expertise. Commercial platforms now offer remote testing
tools like session recordings, A/B tests, and heatmaps [204, 114], but for many
designers—especially those with limited experience—the sheer number of tools and
data can be overwhelming [104].

To make early-stage evaluations more accessible, our recent work introduced a
ChatGPT-based tool that conducts CW-inspired assessments [29]. These evaluations
help identify usability issues early in the process, without requiring real users.
However, they still have clear limitations: LLMs struggle with visual feedback,
interaction timing, and non-verbal cues, which suggests that hybrid approaches
combining AI and human input are likely to be more effective.

Lastly, LLMs have also been used for automated GUI testing, where they interact
with interfaces and produce structured feedback. While traditional tools focus on
task completion or bug reports, LLM-based agents bring a more interpretive layer
by explaining their behavior and reasoning [113]. This area shows promise but still
requires refinement to better approximate real-world user behavior.

10.3 Methodology

This research adopts an iterative prototyping approach, combining empirical user
testing with expert evaluation to explore how Large Language Models (LLMs) can
support interface design and usability assessment. The goal is to develop a practical
and interpretable framework for integrating LLMs into early-stage design workflows,
particularly when access to users is limited or fast iteration is required.

The first phase focused on prompt design. I created structured prompts to guide
LLMs in generating realistic and diverse user personas, which were then used to
simulate interviews and focus group responses. These simulations provided early
insights into user expectations and design assumptions, helping surface potential
problems in low-fidelity prototypes.

Beyond ideation, the same personas were involved in simulated usability walk-
throughs. Here, the model reasoned through interaction flows from different user
perspectives, flagging issues such as poor labeling, unclear paths, or mismatched
expectations. These walkthroughs followed the principles of Cognitive Walkthroughs
but adapted the process for LLM-based generation. An example of this prompt
structure is shown in Figure 10.1, where the user specifies a task and uploads a
screenshot, prompting the model to iteratively suggest actions and ask for follow-up
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Figure 10.1. Example of a prompt with CWGPT to evaluate an interface [29]

inputs in a structured loop.

To evaluate the reliability of this approach, I adopted a hybrid validation strategy.
LLM-generated insights were compared with real user data and assessed by HCI
experts to understand how well they aligned with actual behavior and expectations.
This helped reveal both the value and the limitations of using LLMs in early
evaluation stages.

Results from this work are reported across several studies. In [29], we introduced
a ChatGPT-4-based tool for conducting automated walkthroughs, showing its ability
to surface subtle usability issues often missed in early heuristics. In [41], we applied
LLMs to need-finding tasks across three design contexts, demonstrating their useful-
ness in generating structured, relevant insights to support ideation. Finally, in [35],
we examined how AI-driven interfaces handle user and system errors, evaluating
strategies for real-time recovery and trust maintenance.

This methodology combines the speed and scale of generative models with the
grounding of human-centered design. By treating LLMs as assistive tools within a
validated pipeline, the approach supports more efficient, informed, and user-aware
design decisions.
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10.4 Ongoing Work

The current phase of this research builds on previous work on need-finding and
AI-assisted Cognitive Walkthroughs [38, 29], with a focus on improving how LLMs
can support the early stages of interface design and evaluation. The main goal
is to refine the use of LLMs in simulating plausible user behavior and generating
structured feedback that designers can inspect, question, and act on.

One area of focus is improving the quality and specificity of AI-generated personas
and interaction scenarios. This involves designing better prompts and incorporating
contextual information from specific domains to produce more nuanced simulations.
At the same time, these generated artifacts should be treated cautiously: as dis-
cussed in previous chapters, synthetic personas and scenarios can become internally
consistent without necessarily being well grounded in real user experience. For this
reason, the objective is not to replace empirical user understanding, but to create
intermediate materials that can help structure early design exploration and surface
candidate issues for further validation.

These simulations are then used in LLM-based walkthrough-style evaluations
aimed at identifying potential usability problems, such as unclear instructions,
navigation friction, or task breakdowns. Their practical value lies mainly in early-
stage iteration, where fast feedback may be useful even before more formal evaluation
with users becomes feasible.

At the same time, this research is developing hybrid evaluation workflows that
combine AI-generated insights with expert review and, where possible, user-based
validation. This layered approach addresses known limitations of LLMs, including
their difficulty in interpreting visual layouts, emotional tone, and subtle contex-
tual cues, and helps ensure that evaluations remain grounded in a more realistic
understanding of user needs and interface use.

Despite encouraging early results, several limitations remain. LLM-generated
feedback, while often useful, lacks the variability, unpredictability, and situated
depth of real user responses. These tools also struggle with complex or dynamic
interfaces, especially when multimodal elements are involved. In particular, when
interfaces are generated or adapted dynamically, the evaluation problem becomes
more challenging: the same flexibility that supports personalization may also reduce
consistency across interactions, making it harder for users to form stable mental
models and spatial memories of the interface. Another limitation is the tendency of
LLMs to rely heavily on general usability heuristics, which may cause them to miss
domain-specific design challenges or overproduce familiar categories of critique.

To address these issues, future work will increase the role of human validation
within the evaluation pipeline and explore stronger ways of conditioning LLMs on
multimodal and domain-specific input. Another direction is embedding these tools
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directly into existing design environments, so that designers can run lightweight
evaluations while iterating on wireframes, flows, and interface components. Here too,
the challenge will be to support rapid iteration without encouraging overreliance on
synthetic feedback at the expense of real user evidence.

This work moves toward building scalable and accessible evaluation methods that
use LLMs not as replacements for human-centered techniques, but as augmentations
to them. The long-term goal is to support both expert designers and less experienced
practitioners in creating more usable and user-aware interactive systems, while
preserving grounding, interpretability, and consistency.

10.5 Research Objectives, Contributions, and Disserta-
tion Goals

This research contributes to the field of Human-Computer Interaction (HCI)
by exploring how Large Language Models (LLMs) can support the design and
evaluation of interactive systems. The main objective is to develop an LLM-assisted
evaluation framework that helps designers simulate user interactions and detect
usability issues early in the development process. This builds on previous work on
AI-guided need-finding, virtual walkthroughs, and error recovery [29, 35, 41, 38].

The goal of this framework is not to replace human evaluation, but to offer a
scalable method for generating useful feedback at the prototype stage—especially
in situations where traditional methods are too slow, costly, or resource-intensive.
By combining prompt-driven simulations, hybrid validation strategies, and expert
review, the framework aims to deliver actionable insights that improve interface
quality and usability.

So far, the work has resulted in multiple functional prototypes and peer-reviewed
publications, showing the potential of LLMs in supporting both ideation and evalua-
tion tasks. Current efforts are focused on extending empirical testing, improving
the reliability of model-generated insights, and embedding these tools into design
environments for more seamless use. Collaborations with external partners will help
evaluate the framework in applied contexts.

The broader aim of the dissertation is to define a practical methodology for
integrating LLMs into real-world design workflows—one that respects core HCI
values such as transparency, user agency, and interpretability. By bridging AI-driven
automation with human-centered design practices, this work hopes to contribute to
a more adaptive and accessible future for interface development.
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10.6 Discussion

This research explores how Large Language Models can support the design and
evaluation of interactive systems, with a focus on two main directions: using LLMs
to simulate user behavior and assist usability evaluation, and supporting early-stage
design activities such as persona generation and need-finding.

The findings discussed throughout this chapter suggest that LLM-assisted meth-
ods can improve the speed and breadth of early interface evaluation, especially
during prototyping, when direct access to users may be limited. In these settings,
LLM-based tools can help designers surface potential issues, generate alternative
interpretations of an interaction flow, and iterate more quickly on tentative design
ideas.

At the same time, the work also highlights clear limitations. LLMs can miss
domain-specific nuances, struggle with multimodal inputs, and generate feedback
that appears plausible but may not remain valid under real-world conditions. For
this reason, the most promising use of these systems is not as a replacement for
human evaluation, but as part of a hybrid workflow in which AI-generated outputs
are reviewed and grounded through expert judgment and user-based validation.

An additional challenge concerns the role of LLMs in systems that do not merely
analyze interfaces, but also help generate or dynamically adapt them. When interface
structure, labels, or navigation paths are generated on the fly, the resulting flexibility
may improve personalization and short-term task support, but it can also introduce
costs for users. In particular, dynamically generated interfaces may weaken the
stability of the spatial and structural cues that users rely on to build familiarity over
time. If the placement of controls, the wording of options, or the organization of
content changes too often, users may find it harder to form a reliable mental model
of the system, remember where functions are located, and reuse prior experience
efficiently. This suggests that adaptive and LLM-mediated interfaces should be
designed with particular care, preserving enough consistency to support orientation
and learning even when personalization is introduced.

The long-term goal of this research is therefore not simply to make interface
design and evaluation faster, but to develop reliable, interpretable, and accessible
tools that support both experienced designers and newcomers while remaining
aligned with the principles of human-centered design. In this perspective, the
contribution of LLMs is strongest when they expand the range of design alternatives
and evaluative perspectives available to humans, while the final responsibility for
grounding, consistency, and usability remains with the designer.
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Chapter 11

Memory Augmented Generation

11.1 Introduction

Large Language Models (LLMs) have achieved remarkable progress in generating
fluent and contextually appropriate text. Yet most current systems operate within
the boundaries of a single prompt or, at best, a limited conversational window. This
constraint makes it difficult for agents to sustain meaningful, personalized, and
context-rich interactions over time. By contrast, human communication depends on
memory [179]: we recall past discussions, adapt to personal preferences, and build
on shared experiences. Without memory, LLMs risk remaining reactive tools that
reset with every session rather than evolving into trusted collaborators.

Recent work has begun to explore memory-augmented systems, but many ap-
proaches still treat memory as either a flat retrieval store or an extended context
buffer. Such designs improve access to past information but do not capture the diver-
sity of memory functions that shape human dialogue. Human cognition distinguishes
between short-term recall, long-term factual knowledge, episodic experiences, and
context awareness, each playing a distinct role in communication [123]. Bringing this
perspective into LLM design can help move beyond longer contexts toward richer
and more adaptive interactions.

To address this need, we propose the Mixed Memory-Augmented Generation
(MMAG) pattern. MMAG organizes memory into five interacting types: conversa-
tional history, long-term user traits, episodic and event-linked knowledge, sensory
and context-aware signals, and short-term working memory. This taxonomy draws
inspiration from cognitive psychology while mapping directly to technical components
such as vector databases, structured stores, and event triggers. By coordinating
across layers, agents can recall relevant past exchanges, adapt tone and recommen-
dations, surface timely reminders, and remain sensitive to environmental context
without overwhelming users.
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We implement and study MMAG in the Heero conversational agent1, a language
learning platform where continuity and personalization are crucial for engagement.
Even with a partial deployment that combines conversational history with encrypted
long-term bios, Heero demonstrates tangible improvements in user retention and
conversation length. These results highlight the practical value of modular memory
design and motivate further extensions.

The rest of this paper introduces the MMAG taxonomy, discusses coordination
and implementation strategies, and reports on user-facing outcomes. We close with a
discussion of opportunities and risks, as well as open challenges in balancing technical
performance, user autonomy, and ethical responsibility when building memory-rich
agents.

11.2 Related Works

The integration of memory into large language models has become a growing area
of interest as researchers and practitioners seek to extend the capabilities of LLMs
beyond short-lived prompts. Early efforts focused on retrieval-augmented generation
(RAG) methods, which dynamically pull relevant documents from external sources.
More recent work has shifted toward deeper and more structured forms of memory
that aim to simulate aspects of human cognition, including long-term memory,
episodic recall, and contextual awareness.

MemGPT [148] is a representative example of this trend. It treats memory as
a system-level construct, organizing context into long-term and working memory
and introducing scheduling mechanisms that mimic operating system processes.
This helps the model maintain relevant information across conversations without
bloating the context window. Similarly, Retentive Networks [116] offer architectural
improvements to improve long-range coherence, introducing structured memory
representations directly into the model’s design. These systems show that expanding
memory capabilities isn’t just about scaling up context size but rethinking how
memory is organized and accessed.

Another line of work has focused on hybrid approaches that combine storage and
retrieval strategies. MemoryBank [226], for instance, proposes a two-tiered memory
system that uses dense retrieval for semantic matching and sparse memory for
temporal relevance. This framework supports long-term personalization and adapts
to user interaction patterns over time. On the applied side, Medium articles such as
Nigam’s guide to memory-augmented RAG [138] and Kim’s tutorial on modern LLM
memory techniques [103] walk through practical strategies for managing memory in
real-world systems, including the use of time-based triggers and structured memory

1https://heero.me/

https://heero.me/
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stores.

As memory-augmented systems proliferate, researchers have begun to ask how
well these systems actually remember. Tan et al. [198] explore this question directly,
analyzing how LLMs retain and forget information across sessions. Similarly, Ma-
harana et al. [116] propose evaluation methods for long-term memory in dialogue
agents, focusing on the alignment between remembered content and user expecta-
tions. LongMemEval [217] introduces a comprehensive benchmarking suite that
enables developers to evaluate memory retrieval, relevance, and latency in long-term
interactive settings under a unified framework.

Surveys and conceptual papers have also helped shape the field. Wu et al. [218]
present “From Human Memory to AI Memory: A Survey on Memory Mechanisms
in the Era of LLMs,” a thorough taxonomy of memory components in LLM sys-
tems, while Paul’s overview [162] highlights the emerging consensus on the need for
modular, human-aligned memory structures. Both emphasize the importance of dis-
tinguishing between different types of memory, such as conversational, biographical,
and contextual, and recognizing their distinct roles in interaction.

Finally, applied perspectives from industry, such as the IBM Research blog on
memory-augmented LLMs [94], help bridge the gap between research and deployment.
These sources focus on practical concerns like latency, privacy, and system design,
factors that are essential when building memory-rich systems meant to operate in
open-ended, real-world settings.

Our work builds on this foundation by proposing a unified pattern, that we call
Mixed Memory-Augmented Generation (MMAG), that organizes memory across
several distinct but interacting components. Unlike approaches that treat memory
as a single block or retrieval mechanism, MMAG introduces a layered system
that reflects the diversity of memory types found in human interaction, including
biographical data, time-sensitive cues, and situational context.

11.3 Memory Taxonomy

Memory in human cognition is not monolithic; it consists of multiple interdepen-
dent systems with distinct functions. Cognitive psychology differentiates between
episodic memory, semantic memory, working memory, and procedural memory,
among others. Inspired by this framework, we organize memory for LLM-based
agents into five categories: conversational, long-term user, episodic and event-linked,
sensory and context-aware, and short-term working memory. Each type captures a
different dimension of interaction, and together they form a taxonomy that supports
richer, more human-aligned behavior. This taxonomy both mirrors human memory
systems and maps onto practical technical components such as vector databases,
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key–value stores, and scheduling modules.

11.3.1 Conversational Memory

Conversational memory represents the thread-level context that allows an agent
to sustain coherence across ongoing dialogues. Unlike single-turn interactions, human
conversations depend heavily on continuity: we expect our interlocutors to remember
prior exchanges, resolve references, and maintain shared understanding over time [48].
For LLM systems, this memory can be realized through mechanisms such as dialogue
threading, summarization of past turns, and reference resolution techniques. A
well-structured conversational memory enables the agent to reintroduce prior topics
seamlessly, manage interruptions, and maintain a consistent persona. Technically,
this may involve sliding context windows combined with compressed conversation
histories or retrieval from structured dialogue logs.

11.3.2 Long-Term User Memory

Long-term user memory functions as a form of biographical storage, encoding
information about a person’s preferences, background, and traits. This aligns with
human semantic memory, which captures factual knowledge that is not tied to specific
events [98]. In practice, such memory allows an agent to adjust tone, personalize
recommendations, or adapt interaction style based on accumulated knowledge of
the user. For example, remembering dietary preferences when suggesting recipes, or
recalling that a user prefers concise explanations. Implementations must address
privacy concerns, ensuring that sensitive personal information is stored securely,
possibly encrypted, and retrieved with explicit user consent. Techniques such
as federated learning and selective forgetting can support personalization while
protecting user autonomy.

11.3.3 Episodic and Event-Linked Memories

Episodic memory in humans refers to the recollection of specific events situated
in time and place [120]. For LLM agents, this translates into storing and using
information tied to particular events or routines.

Time-Linked Event Memory

Time-linked event memory captures knowledge of scheduled or anticipated events
that are relevant to the user. This includes upcoming meetings, anniversaries, or
travel plans. When properly managed, this memory enables timely and proactive
interactions, such as reminding the user that a colleague’s visit is approaching or
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surfacing relevant context before a scheduled task. Technically, it requires integration
with scheduling systems, timestamped memory storage, and trigger-based retrieval
mechanisms.

Routine and Habitual Cues

Beyond discrete events, agents can benefit from recognizing routines and habitual
behaviors. Detecting recurring patterns, such as a user regularly discussing cooking
on weekends, enables generative suggestions anchored in habits. This memory layer
parallels human procedural memory, which encodes repeated activities and skills.
Implementation can leverage pattern detection algorithms over interaction logs,
generating nudges or lightweight reminders without overwhelming the user. The
challenge lies in offering support that feels natural and useful rather than intrusive
[35].

11.3.4 Sensory and Context-Aware Memory

Humans rely on sensory memory to situate conversations within the surrounding
environment [160]. For LLM agents, sensory and context-aware memory corresponds
to integrating signals such as location, weather, or time of day. For instance, the
agent might acknowledge that commuting in the rain could make for a difficult day,
or adapt its tone depending on whether the interaction occurs during work hours
or leisure time. This dimension supports contextual sensitivity and grounding, but
it must avoid over-personalization that may feel invasive. Design choices should
balance proactive assistance with user comfort, aiming for behavior that is “helpful
but not creepy.”

11.3.5 Short-Term Working Memory

Working memory in psychology refers to the capacity to hold and manipulate
information over short intervals in support of ongoing tasks [18]. For LLM agents,
short-term working memory provides a transient workspace for task-specific goals
and immediate conversational focus. Unlike long-term storage, this memory is
ephemeral: once the task or dialogue session concludes, the content can be discarded.
This distinction helps avoid clutter in the persistent memory layers while ensuring
coherence during complex interactions, such as multi-step problem solving. Techni-
cally, it can be implemented as an in-session scratchpad or temporary buffer that
feeds into reasoning and generation pipelines.
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Memory Type Cognitive Psychol-
ogy Analogy

Technical Component

Conversational Mem-
ory

Discourse-level memory,
reference resolution

Dialogue threading, summa-
rization, context windows, vec-
tor retrieval

Long-Term User
Memory

Semantic/biographical
memory

Secure profile store, encrypted
databases, federated learning,
preference embedding

Time-Linked Event
Memory

Episodic memory (situ-
ated in time)

Scheduling modules, times-
tamped storage, event-
triggered retrieval

Routine and Habit-
ual Cues

Procedural memory,
habit formation

Pattern detection, habit recog-
nition, lightweight nudges

Sensory and Context-
Aware Memory

Sensory integration, sit-
uational awareness

Contextual signals (location,
weather, time), multimodal in-
puts, adaptive prompting

Short-Term Working
Memory

Working memory (task-
specific recall)

In-session buffers, ephemeral
scratchpads, temporary em-
beddings

Figure 11.1. Taxonomy of memory types in MMAG, showing the mapping between human
cognitive psychology and technical components for LLM-based agents.

11.4 Coordination Across Memory Types

While each memory type contributes distinct capabilities, the real value of a
mixed memory system lies in how these modules interact. In human cognition,
memory systems rarely operate in isolation: episodic memories can draw on semantic
facts, working memory relies on retrieval from long-term stores, and contextual
cues shape what is recalled. A similar principle applies to LLM-based agents.
Coordinating memory types is essential for ensuring that responses are not only
accurate and personalized but also coherent across time and situation.

11.4.1 Interaction Between Memory Modules

The modules described in the taxonomy work best when orchestrated rather
than siloed. Conversational memory provides immediate context for dialogue, but
it may need supplementation from long-term user memory to resolve references
about past preferences or facts. Episodic memories can trigger reminders or inject
relevance into a conversation, while sensory context acts as a filter that shapes tone
and timing. Short-term working memory acts as the integrative layer, temporarily
holding information drawn from other modules to support reasoning within the
current task.
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11.4.2 Prioritization and Conflict Resolution

A central challenge is deciding which memory signals should take precedence
when multiple sources are relevant. For example, a conversational thread might
suggest one line of continuation, while sensory context (e.g., a change in location)
points to another. In such cases, prioritization strategies are required. These may
include:

• Recency heuristics: prioritizing the most recent and contextually salient
memory.

• User-centric weighting: giving precedence to long-term user traits when
they explicitly affect personalization.

• Task-driven rules: elevating working memory for ongoing problem-solving
to prevent distraction.

Conflict resolution can also involve generating candidate responses under differ-
ent memory constraints and selecting the one that best balances personalization,
coherence, and utility.

Example Modular Architecture

A practical architecture for coordination involves modular memory management
with retrieval triggers. Each memory type is encapsulated as a service with defined
input–output interfaces. A central memory controller orchestrates these services,
deciding when to query each memory store and how to merge the retrieved infor-
mation. Retrieval can be proactive (event-driven, such as surfacing an upcoming
meeting) or reactive (on-demand, such as recalling a past conversation when the user
references it). Prioritization policies and conflict-resolution mechanisms are encoded
in the controller, which balances responsiveness with user comfort and privacy.

This modular approach allows new memory types to be integrated without re-
designing the entire system. For example, adding a multimodal sensory memory that
incorporates visual signals would only require extending the controller’s coordination
logic. In this way, the architecture remains extensible, robust, and aligned with the
complexity of human-like memory use.

11.5 Implementation Considerations

The memory taxonomy outlined earlier provides a conceptual framework, but
practical deployment requires concrete implementation strategies. In our system,
memory is managed through a modular interface that separates storage, retrieval,
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and integration with the LLM. Our suggested implementation demonstrates how
conversational and long-term user memory can be realized in practice, while leaving
room for extension toward episodic, sensory, and working memory.

Memory Storage and Retrieval Architecture

The system defines a Memory interface with methods for persisting individual
messages, storing message batches, and retrieving a conversation history formatted
for OpenAI models. This ensures that conversational memory is both append-only
(new turns are remembered in Firestore) and retrievable in chronological order. To
respect model limits, a token-based pruning mechanism discards excess context once
a threshold is reached (90k tokens in our implementation), approximating a form
of working memory management. In addition, long-term user traits are injected as
structured system messages via a dedicated function, which retrieves biographical
data and traits from a persistent store and appends them to the prompt context.

Scalability and Performance Implications

Storing conversation histories in Firestore ensures persistence and cross-session
continuity but introduces challenges as histories grow. To mitigate latency and
context overload, the implementation relies on lightweight filtering: empty or mal-
formed messages are skipped, and only the most relevant slice of conversation is
retrieved for the model. This design allows the system to scale without degrading
user experience. At the same time, the modular interface makes it straightforward
to swap in more advanced backends (e.g., hybrid vector + sparse retrieval) if scaling
requirements grow.

Prompt Engineering for Memory Referencing

A critical step lies in transforming stored memory into model-readable input.
The implementation uses a conversion layer that maps user and assistant turns into
OpenAI-compatible message roles. Biographical memory is prepended as a system
message, ensuring it is factored into generation without cluttering the conversational
history. This illustrates a general design principle: conversational memory should be
injected as dialogue turns, while long-term knowledge is best represented as higher-
priority system-level context. This separation reduces noise and allows prompt space
to be allocated proportionally to different memory types.
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Privacy, Security, and User Control

Long-term user memory introduces sensitive information, which makes privacy
and security essential considerations. In our implementation, user bios are encrypted
using envelope encryption and then compressed before being persisted in private S3
buckets, ensuring confidentiality and efficiency in storage. Personal traits, bios, and
KPIs should be encrypted in storage, auditable by users, and erasable on demand.
Beyond technical safeguards, user trust depends on granting individuals meaningful
control over their data, including the ability to inspect what has been remembered,
edit inaccuracies, or request selective forgetting. While the current implementation
demonstrates feasibility, further work is needed to extend full user control and to
integrate stronger privacy guarantees such as differential storage policies or federated
personalization.

Extensibility Toward Full Taxonomy

Although the present implementation covers conversational and long-term user
memory, the same architecture can be extended to episodic and sensory layers.
Event-linked memories can be stored as timestamped Firestore entries and scheduled
for proactive retrieval. Context-aware memory can be integrated through lightweight
API calls (e.g., weather, location) feeding into system prompts. Because memory
access is funneled through the Memory interface, these extensions require minimal
changes to the orchestration layer, reinforcing modularity as a central design choice.

11.6 User Studies

11.6.1 Use Case

To ground the proposed architecture in practice, we discuss its deployment
within the Heero app, a conversational agent designed to support language learning
through personalized dialogue. Heero provides a useful testbed for mixed memory-
augmented generation because sustained learning interactions benefit from both
conversational continuity and personalization. In the current implementation, the
backend integrates conversational memory, by retrieving recent dialogue turns, and
long-term user memory, encoded through encrypted user bios, so that the agent can
adapt tone, recall prior progress, and maintain a sense of familiarity across sessions.

For example, conversational memory allows Heero to resolve references to earlier
exercises or questions within the same session, while long-term user memory enables
it to recall a learner’s goals, such as preparing for a trip or improving professional
English, and adjust dialogue scenarios accordingly. In this way, the system can
provide interactions that feel more consistent and supportive than short-lived,
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context-free chatbots.

11.6.2 Evaluation Strategies

Evaluating memory usefulness and reliability requires a combination of user-
centered and technical measures. At this stage, however, the evidence should be
interpreted as preliminary and exploratory. The current results come from an early
product deployment and are intended as proof-of-concept evidence that memory can
affect engagement and perceived continuity, rather than as a definitive validation of
MMAG as a general framework.

User-centric metrics We considered perceived helpfulness, non-intrusiveness,
and emotional impact. Helpfulness captures whether memory improves the quality
of interaction, for instance by supporting continuity and more personalized prompts.
Non-intrusiveness reflects whether memory behaviors feel supportive without becom-
ing invasive or uncomfortable. Emotional impact concerns whether users feel more
motivated, comfortable, and engaged when memory is active.

In an exploratory A/B deployment on 200 users, of whom approximately 80%
used the standard version of the app and 20% used the memory-enhanced version,
we observed a 20% increase in retention over a four-week period and a 30% increase
in average conversation duration in the memory-enhanced condition. These findings
suggest that memory features may have made interactions more engaging and
sustained. Users also qualitatively reported that the agent felt as if it “knew” them
better, which is consistent with the intended effect of long-term and conversational
memory. At the same time, these results should be interpreted cautiously: the groups
were imbalanced, the evaluation was conducted in a real deployment context rather
than a controlled experiment, and we did not perform formal statistical significance
tests. For this reason, we treat these findings as encouraging early evidence rather
than conclusive proof of effect.

Technical metrics From a system perspective, we considered retrieval accuracy,
latency, and memory leakage. Retrieval accuracy concerns whether the correct
memory is recalled when needed. Latency concerns the time overhead introduced by
memory retrieval and prompt construction. Memory leakage refers to cases in which
information persists beyond its intended scope or is surfaced incorrectly.

A key practical observation from the deployment was that introducing addi-
tional memory layers did not produce a noticeable degradation in conversational
responsiveness. In the current architecture, certain operations, such as generating or
updating biographical memory entries, are performed asynchronously and cached
for reuse, keeping prompt construction relatively lightweight. Internal monitoring
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and manual audits suggested that average response latency remained in the same
operational range as before memory integration. Still, this should be regarded as
an engineering observation rather than a formal benchmark, since latency was not
evaluated through a controlled performance study.

Mixed evaluation Looking at user behavior alongside system performance high-
lights the trade-offs of memory design. For example, aggressive pruning strategies
help keep latency low but may weaken continuity, while deeper personalization may
improve engagement but also increase the risk of discomfort if the agent appears too
intrusive. In Heero, the most promising balance appeared to come from lightweight
conversational pruning combined with richer long-term user memory. This combina-
tion preserved responsiveness while still making the interaction feel more continuous
and supportive. However, this conclusion is again preliminary and specific to the
current deployment setting.

11.7 Discussion

Equipping conversational agents with richer memory opens important oppor-
tunities, but it also introduces technical, methodological, and ethical challenges.
Memory allows agents to move beyond reactive single-turn responses toward more
sustained interactions. In the Heero case, memory made it possible to recall user
goals, reinforce progress, and adapt tone, and the early deployment data suggest
that this may improve engagement and retention. Even so, the current evidence
remains exploratory and should not be over-generalized beyond this use case.

A central tension lies in balancing proactivity with user autonomy. When an
agent recalls past events or habits, it can provide timely reminders or more relevant
prompts. The same behavior, however, may also feel intrusive if users do not expect
it, do not understand why it happens, or believe that the system is inferring too much
from limited evidence. Striking the right balance therefore requires careful design
choices: memory should be transparent, users should remain able to control what
is stored and surfaced, and proactive interventions should be framed as supportive
suggestions rather than prescriptive actions.

Several open challenges remain. From a technical perspective, scaling memory
systems without introducing latency, retrieval errors, or leakage is a continuing
concern. From a social and interaction perspective, questions of trust, agency, and
emotional dependence become especially important when these systems are deployed
in sensitive contexts such as education, healthcare, or personal productivity. Privacy
and fairness are equally central: agents should avoid reinforcing biases encoded
in long-term memories, should respect cultural differences in expectations around
personalization, and should provide users with ways to inspect, edit, and erase stored
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information.

Future work will extend MMAG along several dimensions. First, multimodal
memories could connect textual interaction with visual, auditory, or sensor-based
context for richer grounding. Second, long-term memory mechanisms could evolve
beyond relatively static bios toward more dynamic representations of goals, habits,
and progress. As LLM context windows continue to expand, systems will also be
able to manage longer and more diverse records, although this does not remove the
need for prioritization and selective retrieval. A particularly important direction
is increasing user agency over memory, for example through interfaces that allow
people to view, edit, and selectively delete records.

MMAG offers both a taxonomy and a practical design pattern for equipping
LLM-based agents with memory capabilities inspired by human cognition. The
current Heero deployment provides promising early evidence that such memory can
support more continuous and engaging interactions. However, the long-term value
of memory-rich systems will depend not only on technical performance, but also on
how well they balance personalization, transparency, and user autonomy.
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Chapter 12

Conclusions

This thesis set out to explore a simple but stubborn problem: how can we use AI
to make interactive systems better without making them fragile, opaque, or harder
to trust? The work approached the problem from two complementary directions.
On one side, AI becomes part of the interaction itself, through implicit sensing and
inference that reduce the need for explicit user input. On the other side, AI becomes
a tool for the people who design and evaluate interfaces, accelerating early-stage
work through Large Language Models and structured, reusable evaluation workflows.
The dissertation frames this as a dual contribution to interactive systems, with a
shared emphasis on benefiting from automation while keeping both interaction and
design processes robust when AI is uncertain or fallible.

12.1 What this thesis contributed

A first contribution of the thesis is a set of methods and systems that treat
the smartphone as a practical platform for implicit interaction in mobility. In this
context, the central design goal is not only detecting events and states, but doing so
in a way that respects the realities of everyday use: users are moving, attention is
limited, and sensing is noisy. This perspective leads naturally to interaction designs
that assume ambiguity will happen and therefore must be handled through feedback,
user-correctable outcomes, and conservative proactive behaviour. The mobility part
of the thesis also broadened the sensing palette by investigating Bluetooth Low
Energy visibility as a way to infer co-presence and social density, which can matter
as much as motion when the goal is to support passenger-aware, context-adaptive
interaction. In this framing, BLE is interesting not only as a sensing signal, but
because it can support privacy, low overhead, and user-understandable outcomes,
which are critical constraints in real deployments.

A second contribution is methodological: the thesis argues that LLMs are
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most useful in HCI when they are placed inside workflows that make their output
inspectable and comparable, rather than treated as authoritative answers. In the
dissertation, LLMs are used to support early evaluation activities, such as generating
walkthrough-style feedback and simulating task flows, while being explicitly validated
through a hybrid strategy that combines model outputs with expert review and,
when possible, user data. This is motivated by a pragmatic observation repeated
across the thesis: LLM feedback can be fast and often helpful, but it can also
be shallow, overly generic, or inconsistent, especially when interfaces are complex,
dynamic, or multimodal. For this reason, the work positions LLMs as augmentations
to human-centred techniques, not replacements, and aims to embed them into design
environments so that lightweight evaluation becomes part of iterative prototyping
rather than a separate, heavyweight phase.

A third contribution is applied and engineering-oriented: the thesis investigated
how LLMs can support structured input generation and form completion in real
settings where information is dispersed across heterogeneous documents. The work
proposed a modular pipeline that combines form introspection, document processing,
and schema-guided LLM reasoning, and it makes two interaction choices that are
essential for trust: outputs remain editable, and confidence scores guide review effort.
The thesis also makes clear that these systems only become viable when they are
integration-aware and mixed-initiative by design, meaning that they fit into existing
infrastructures and explicitly support human oversight at scale.

12.2 A unifying lesson: design for fallible automation

Across both parts, a consistent lesson emerged. The key challenge is not elim-
inating errors, because both sensing-driven inference and generative models will
remain imperfect. The more productive objective is to design the interaction so that
errors are contained: the system should communicate uncertainty, allow the user to
correct outcomes quickly, and avoid irreversible consequences when confidence is low.
The thesis explicitly frames this as a shared theme across sensing-driven interaction
and LLM-based workflow support: automation can still be valuable even when it is
fallible, as long as systems remain transparent, user-controlled, and equipped with
recovery mechanisms.

This view also helps align two communities that are often discussed separately.
In mobility sensing, the main risks relate to misclassification and context shifts. In
LLM-supported design and evaluation, the main risks relate to plausibility without
grounding, variability across prompts, and difficulty analysing visual and multimodal
interaction. In both cases, the right response is similar: make the system legible,
keep humans in the loop, and treat error handling as a first-class design problem
rather than an afterthought.
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12.3 Limitations

The thesis also has limitations that define where results should be interpreted
conservatively.

First, some contributions are grounded in prototypes, early evaluations, or
bounded datasets. This is appropriate for exploring feasibility and shaping method-
ology, but it limits claims about long-term adoption, learning effects, and behaviour
in uncontrolled environments. The dissertation itself points toward the need for
broader validation and deployment-oriented evaluation as a next step.

Second, both sensing pipelines and LLM pipelines are sensitive to context. BLE
visibility patterns can vary with environment and device ecosystems, and LLM-based
systems can degrade with noisy documents, inconsistent terminology, or interface
changes. In the structured input pipeline, this is visible in how performance decreases
with low-quality or irregular documents, and in how confidence scores, while useful,
are not statistically calibrated and can lead to over-trust or under-trust.

Third, multimodality remains a practical bottleneck for LLM-based evaluation.
The thesis notes that current tools struggle with complex or dynamic interfaces and
with aspects that depend on visual layout, emotional tone, or subtle user signals.
This reinforces the importance of hybrid validation and careful scoping of what the
model is asked to do in an evaluation workflow.

12.4 Future work

Several directions follow naturally from the thesis results.

A first direction is to move from promising prototypes to sustained, deployment-
oriented studies. In implicit interaction systems, this means longitudinal validation
in everyday mobility, focusing on trust calibration, perceived control, and how
people learn to correct or override automation. In LLM-assisted design tools, this
means evaluating impact in real design teams, measuring not only speed but also
downstream outcomes such as rework, defect escape, and the quality of design
decisions.

A second direction is stronger uncertainty handling. For structured input genera-
tion, the pipeline can be improved by scaling evaluation to more diverse datasets and
partners, adding preprocessing such as table extraction for scanned or noisy PDFs,
and incorporating iterative refinement strategies that learn from user corrections.
These additions are not only technical upgrades; they support a better interaction
contract, where uncertainty is acknowledged and progressively reduced through
mixed-initiative collaboration.

A third direction is tighter integration of LLM-based evaluation into the tools
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designers already use. The thesis points toward embedding lightweight evaluation
loops into design environments so that prompt-driven simulations, walkthrough-style
checks, and hybrid validation become part of routine iteration. This would make
evaluation more continuous and less episodic, while preserving the thesis principle
that LLMs should augment, not replace, human-centred methods.

Finally, future work should deepen multimodal evaluation capabilities, not
only by adopting more capable models, but by building better task formulations,
benchmarking procedures, and datasets that allow consistent comparisons between
AI-generated feedback and human findings.

12.5 Closing remarks

This thesis presented AI-augmented interaction as a spectrum, from low-level
sensing that enables implicit behaviour detection to high-level language-driven
workflows that support interaction engineering and design evaluation. The strongest
takeaway is that usefulness comes from designing around fallibility. When systems
surface uncertainty, support correction, and avoid over-automation, they can reduce
user burden and speed up design work without sacrificing core HCI values such as
transparency, user agency, and interpretability.
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