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Abstract

Fuel-efficient driving is important for reducing both operational costs and environ-
mental impact in heavy-duty transport. Although existing driver coaching systems
can support eco-driving, they often rely on predefined rules, generic feedback, or
numerical scores that provide limited explanation of how drivers can improve. This
thesis investigates how vehicle telemetry data can be used to generate personalized
eco-driving feedback through an Al-based conversational driver coaching prototype.

Vehicle telemetry data from Volvo heavy-duty trucks operating in the Latin Ameri-
can market was analysed within two operational segments. Segment-specific Light-
GBM models were trained to predict fuel efficiency from driving behaviour variables,
while SHAP values were used to identify the behaviours that most strongly influ-
enced each prediction in each segment-specific model. These explanations were
then translated into conversational coaching feedback using a large language model.
To support trustworthy and personalized interaction, the prototype further incor-
porated retrieval-augmented generation for domain grounding and a persistent se-
mantic memory layer for adapting responses to user-specific preferences, goals, and
constraints.

The modelling results show that features related to engine torque usage, driving
speed, and acceleration behaviour influence predicted fuel efficiency the most, with
some variation between operational segments. The Light GBM models outperformed
a ridge regression baseline, achieving mean cross-validated R? scores of 0.796 and
0.744 for the two analysed segments. SHAP analysis further showed that segment-
specific models can interpret the same driving behaviour differently, supporting the
relevance of context-aware modelling.

The conversational prototype was evaluated through an expert questionnaire with
participants from Volvo Group. The results indicate that personalized and context-
aware responses were generally preferred over non-personalized alternatives. How-
ever, the evaluation also showed that retrieval-augmented generation did not consis-
tently improve perceived response quality, partly due to overly detailed or technically
ambiguous feedback. These findings highlight both the potential and the challenges
of combining explainable machine learning and large language models for driver
coaching. Overall, the thesis demonstrates that telemetry-based explanations can
be transformed into personalized conversational feedback, while emphasizing the
need for careful grounding, concise presentation, and domain-specific validation.

Keywords: conversational AI, SHAP, heavy-duty trucks, machine learning, person-
alization, driver coaching.
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1

Introduction

Energy-efficient driving is an important focus area for both transport companies and
society at large. Fuel consumption, vehicle wear and driving style have substantial
environmental and economic consequences, particularly for heavy-duty vehicles op-
erated in commercial transport [1]. In this context, energy-efficient driving is often
referred to as eco-driving, encompassing driving practices aimed at reducing fuel
consumption and emissions [2]. As a result, many fleets deploy driver coaching sys-
tems to help drivers adopt more energy-efficient driving habits. These systems aim
to translate vehicle data into actionable insights that support sustainable driving
and reduce operational costs.

Despite their widespread use, much of the existing research on eco-driving feedback
and driver coaching systems is grounded in predefined, rule-based strategies that
provide largely generic guidance [2]. Previous studies showed that drivers often
perceive existing coaches as unclear, impersonal and disconnected from real driving
situations [3]. As a consequence, coaching systems are frequently ignored and thus
fail to create meaningful long-term behaviour change [4]. This highlights a gap
between the potential of driver coaching and the actual application in practice of
current systems.

Advances in Artificial Intelligence (AI), particularly Large Language Models (LLMs),
Retrieval-Augmented Generation (RAG), and data-driven behaviour modelling meth-
ods such as clustering, create new opportunities for more interactive and personal-
ized driver coaching. In this context, the driving situation is represented through
observable vehicle and trip-level data, such as speed profiles, acceleration, braking
patterns and operational context. Clustering can be used to identify recurring pat-
terns or segments in driving behaviour, while LLMs can generate conversational
feedback grounded through RAG in authoritative sources such as vehicle manuals
or driving guidelines.

By clustering drivers based on their historical driving behaviour, the system can in-
terpret their specific conditions, such as their typical driving context. By improving
the relevance and clarity of the feedback through such data-driven personalization,
the system may increase driver engagement and willingness to follow recommenda-
tions, potentially supporting more sustainable driving over time.

However, there is limited research exploring how LLM-based systems can be in-
tegrated with vehicle data and personalization strategies to form a practical and
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trustworthy driver coach. Existing work often focuses on rule-based eco-driving
feedback, leaving a gap in interactive, LLM-driven coaching systems [2], [5].

This thesis aims to address this gap by investigating how Al can be used in a driver
coach to interpret vehicle telemetry, profile individual drivers and generate personal-
ized and contextually grounded post-drive feedback to enhance energy-efficient driv-
ing. The overarching goal is thus to develop and evaluate an Al-assisted off-board
driver coach application, and was conducted in collaboration with Volvo Group.

1.1 Research gap

While there are studies exploring the usage of personalized driver coaching, there
appears to be a gap in current academic research. Many of published papers are
within applications related to the auto-mobile industry (light vehicles) [6], overlook-
ing the specific needs of the heavy trucking sector. Furthermore, while Al is already
a powerful tool in route planning and scheduling within logistics [7], we believe its
potential is underutilized in the general coaching of drivers’ actual driving behaviour
and its possibility to personalize its output.

1.1.1 Heavy-Duty Trucks as a Target Domain

Heavy-duty trucks operate under conditions that differ substantially from those
of passenger vehicles, both in terms of vehicle dynamics and operational context.
Their large mass, limited manoeuvrability and long braking distances mean that
driving behaviour has a pronounced impact on fuel consumption [8]. Small variations
in e.g. acceleration or speed can lead to significant differences in fuel efficiency
and emissions, which makes driving behaviour particularly important in commercial
transport. This is further underscored by global estimates indicating that heavy-
duty trucks account for a disproportionately large share of road transport emissions,
contributing around 25% of global road emissions despite representing only 1% of
the total vehicle fleet [9].

In addition, truck drivers operate in professional settings that impose specific con-
straints and requirements. Long driving hours, repetitive routes, time pressure and
varying operating environments shape both driving behaviour and the conditions
under which feedback can be delivered [10]. As a result, coaching systems must
be careful not to provide guidance that is poorly aligned with the current driving
context.

These characteristics place higher demands on driver coaching systems in the heavy-
duty domain. Feedback must be adaptable and trustworthy to different operational
settings, as generic advice risks being ignored or even counterproductive. Con-
sequently, methods developed for passenger vehicles may not directly transfer to
heavy-duty trucks, which motivates a dedicated investigation of Al-driven, person-
alized driver coaching in this domain.



1. Introduction

1.1.2 Personalized Driver Coaching Research

Studies have established that personalized and context-aware driver coaching shows
positive user feedback, suggesting drivers prefer customized guidance over generic
warnings [11], [12]. The potential for better communication has also been demon-
strated, such as the improved interpretability achieved by the usage of conversational
AT chatbots for post-driving feedback [13]. Yet, some of this research is limited to
niche areas, such as performance driving on race tracks, offering limited applicability
to commercial logistics contexts.

The historical application of Machine Learning (ML) and Al within driver coach-
ing has predominantly relied on threshold-based and predictive classification mod-
els. Earlier systems often utilized predefined benchmarks to flag deviations such as
speeding [14]. More advanced models incorporated the usage of Bayesian models
or probabilistic methods to handle more complex feedback [11], [15], [16]. Further-
more, algorithms such as support vector machines have been successfully employed
to assess individual driver safety based on historical telematics [13]. While these
traditional approaches performed well at pattern recognition and risk assessment,
they typically output numerical scores or alerts rather than human-readable and
actionable advice.

Furthermore, existing research generally does not take driver profile or behaviour
into context, often treating truck drivers as a relatively homogenous population [11].
We believe that this could be an oversight, as the optimal driving behaviour for
example for a heavy-duty mining truck driving on uneven terrain differs vastly from
that of a long-haul driver.

Finally, many existing systems provide rigid or opaque instructions, whereas con-
versational explanations have been shown to improve clarity and driver engagement
[11]. Yet these interpretability benefits have rarely been combined with personalized
behaviour modelling in the heavy-duty trucking domain.

Therefore, although individual components have been explored, no existing work
integrates (1) heavy-duty telematics-based segmentation, (2) LLM-generated con-
versational feedback, and (3) RAG-based factual grounding into a unified driver
coaching system.

1.2 Problem

Current driver coaching systems used in commercial transport are predominantly
based on predefined Key Performance Indicators (KPIs) and generalized feedback
strategies [2], [5]. While these systems are designed to encourage eco-driving, re-
search shows that drivers often experience them as repetitive and irrelevant [3]. As
a result, many drivers ignore or disable such systems, undermining their intended
purpose and eliminating potential environmental and economic benefits [17]. Static
KPIs-based coaches are unable to adapt to individual differences in driving style,
experience level and preferences.
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In Volvo trucks, the current driver coach provides a numerical score intended to
reflect driving performance [18]. However, the underlying logic of these calculations
remains opaque, providing drivers with neither the context of specific events nor
actionable feedback on how to improve.

At the same time, modern vehicles generate large volumes of telemetry data that
could support more dynamic, personalized coaching if interpreted effectively. Ad-
vances in ML and LLMs offer new opportunities to analyze complex data patterns,
model driver-specific behaviour, and generate conversational context-aware feedback.
However, little is known about how these technologies can be integrated into a coach-
ing system.

The core technical problem is therefore to design a system that can:

o Interpret and model driver behaviour through utilizing available data clusters
and driving data at Volvo Group

o Adapt feedback to individual trucks and contexts through personalization tech-
niques, and

e Deliver trustworthy and conversational factually grounded coaching by utiliz-

ing LLMs and RAG

1.3 Research questions

The aim of this thesis is to investigate how vehicle telemetry data can be utilized
to generate personalized eco-driving feedback through an Al-based conversational
driver coaching system. To address this overarching objective, three supporting
research questions are formulated, each targeting a specific aspect of the problem.

RQ1: Which driving behaviour variables most strongly influence fuel efficiency in
different operational segments of heavy-duty truck fleet data?

RQ2: What context-aware eco-driving feedback can be derived from driving be-
haviour insights related to fuel efficiency?

RQ3: What framework can enable the delivery of factually grounded and personal-
ized eco-driving feedback in a conversational Al prototype?

1.4 Purpose

The purpose of this thesis is to investigate how data-driven methods, LLM and RAG
can be combined to provide personalized eco-driving feedback for heavy-duty truck
drivers. Vehicle telemetry data is analysed utilizing pre-existing clusters to segment
driver behaviour, alongside explainable ML models to isolate the driving parameters
that most strongly influence fuel efficiency. These insights are then integrated into a
prototype driver-coaching system that combines behavioural analysis with a chatbot
interface, with the purpose of enabling drivers to receive understandable and context-

4
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aware feedback. Through this approach, the thesis aims to explore how explainable
and personalized Al systems can support more fuel-efficient driving.

1.5 Limitations

The following limitations should be considered when interpreting the results of this
thesis:

The project builds on existing operational clusters rather than creating or
modifying the segmentation approach. As a result, the analysis depends on
the assumptions and quality of the predefined clusters.

The dataset consists of aggregated vehicle-level telemetry rather than data
linked to individual drivers. This limits the ability to attribute observed driv-
ing patterns to specific driver behaviour, especially when multiple drivers may
operate the same vehicle.

The modelling approach is based on observational data. While SHAP val-
ues can explain model predictions, they do not establish causal relationships
between driving behaviours and fuel efficiency.

The driver coach was implemented as a prototype for internal testing rather
than for deployment in a real-world operational setting. Therefore, the eval-
uation does not demonstrate actual behavioural change, long-term driver ac-
ceptance or measurable fuel savings.

The evaluation relies on offline scenarios and a limited set of questionnaire
responses. This may not fully capture the complexity or interaction dynamics
of real-world driving and coaching contexts.

The system uses pre-trained, Application Programming Interface (API)-based
large language models, limiting control over generation behaviour and the
transparency of the language generation process.
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2

Background

This section reviews existing driver coaching systems across a range of vehicle do-
mains with a particular focus on the techniques and design approaches they employ.
The aim is to examine how concepts relevant to this thesis, such as eco-driving feed-
back, personalization and the use of data-driven or Al-based methods, are currently
realized in practice. This broader perspective helps identify which mechanisms have
been explored in other contexts and where gaps remain.

2.1 Conversational Assistants and UX

Conversational assistants, often referred to as chatbots or conversational agents,
are intelligent conversational systems designed to mimic human conversation and
provide automated support through natural language interaction [19]. Advances in
AT have contributed to the increasing adoption of such systems across a wide range
of application domains. From a human-computer interaction perspective, however,
the effectiveness of conversational assistants depends not only on their technical
capabilities but also on the User Experience (UX) they provide [20]. UX extends
beyond traditional measures of usability and task performance and include broader
aspects of how users perceive and experience interactions with a system.

Research has shown that users often expect conversational assistants to provide more
than purely functional task execution. In a study investigating users’ envisioned
interactions with a "perfect" voice assistant, Volkel et al. found that participants
described assistants that were interactive, proactive and knowledgeable about the
user, rather than simple question-and-answer systems [21]. These findings suggest
that users expect conversational assistants to provide interactions that go beyond
simple task execution and are adapted to their individual needs. Such expectations
are particularly relevant in coaching applications, where the system is expected not
only to provide information, but also to explain and adapt feedback to the individual
user.

As conversational assistants become responsible for more complex tasks, user expe-
rience factors such as trust and reliability become increasingly important. Baughan
et al. found that failures in voice assistants can significantly affect user trust and
willingness to use the system for future tasks [22]. Their results suggest that users
may reduce their reliance on an assistant following repeated failures. These consid-
erations are especially relevant in driving-related applications, where information

7
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must be communicated in a manner that supports the driver without becoming dis-
tracting or overwhelming. Kaufman et al. showed that the type and modality of
explanations provided by an Al driving coach can influence driving performance,
trust and cognitive load [23]. Their findings highlight the importance of designing
coaching systems that provide useful information while presenting it in a way that
aligns with human cognitive processes. Together, these studies suggest that the effec-
tiveness of conversational coaching systems depends not only on the capabilities of
the underlying AI models, but also on how effectively information is communicated
to the user.

2.2 Personalization in Driver Coaching Systems

Personalization in driver coaching systems can be understood as the adaptation of
system behaviour and interaction to the needs and preferences of an individual driver
[6]. More generally, personalization refers to making something suitable for the needs
and preferences of a particular person, and is a concept that has gained increasing
attention recently. In the automotive domain, personalization is motivated by the
observation that drivers differ in their skills, preferences, and driving contexts, and
that these factors may also vary over time. Adapting driver assistance systems
accordingly has been shown to improve usability and overall effectiveness.

Existing research approaches personalization from several perspectives. Survey lit-
erature provides an overview of how personalization is currently implemented in
Advanced Driver Assistance Systems (ADAS), often through implicit driver mod-
elling and data-driven adaptation [6], [24]. Other work focuses on specific system
implementations, demonstrating how personalized coaching can be realized in prac-
tice through context-aware architectures and adaptive feedback strategies [12], [25].
Additionally, research from a behavioural intervention perspective highlights the
importance of tailoring feedback to individual drivers to increase effectiveness [26].
Together, these perspectives highlight that while personalization is increasingly ex-
plored, many approaches remain limited in terms of continuous adaptation and
flexible feedback generation.

One survey by Hasenjéger et al. focused on personalization in ADAS and showed
that most existing approaches rely on implicit personalization through driver mod-
els learned from observed driving behaviour [6]. Personalization is typically imple-
mented by adapting model parameters to reflect individual driving styles, with the
goal of improving system acceptance and usability. However, the authors noted
that personalization is often treated as a one-time process and that most systems
lack mechanisms for continuous, interactive adaptation. They further concluded
that no existing ADAS prototypes fully integrate driver modelling, adaptive system
behaviour, and human-machine interaction into a unified personalized architecture.

Complementing this view, Yi et al. highlighted recent advances in implicit personal-
ized driving assistance and categorized existing work into personalized safe driving
systems, driver monitoring systems and in-vehicle information systems [24]. The
authors show that most driving assistance systems are still designed as generic solu-

8



2. Background

tions, despite significant differences both between drivers and within the same driver
over time in regards to both driving behaviour and preferences. Personalization is
therefore increasingly realized implicitly through data-driven approaches that adapt
system behaviour based on observed driving data and interaction history rather
than explicit user input. The survey highlighted that many current systems treat
personalization as a static process and lack mechanisms for continuous adaptation,
and identified this as an open challenge for future personalized driving assistance
systems.

Moving from surveys to concrete system implementations, Gilman et al., proposed
a context-aware driving assistance architecture that integrates vehicle, driver and
environmental data to provide post-trip coaching aimed at improving fuel-efficient
driving [25]. The system relies on predefined, rule-based logic to detect aggres-
sive driving behaviour and generate explanatory feedback, while also adapting the
selection and frequency of feedback messages based on observed driver responses
over time. Although the system incorporates elements of personalization and self-
monitoring, the feedback generation remains rule-based.

Building on such system-level approaches, Orlovska et al., proposed and evaluated
a Driver Coach application designed to improve drivers’ understanding and use of
semi-automated ADAS functions [12]. The system provides real-time context-aware
and personalized feedback based on driver behaviour, driving context and system
performance. It was evaluated in a field trial with 17 drivers over four months.
The proposed architecture emphasizes continuous adaptation through monitoring
driver responses and adjusting communication strategies accordingly. While the
system demonstrates the potential of personalized and adaptive coaching in practice,
feedback generation remains predefined and does not leverage data-driven natural
language generation, highlighting an opportunity for more flexible and expressive
Al-based coaching approaches.

Beyond vehicle-integrated systems, personalization has also been studied from a be-
havioural intervention perspective. Baig proposes a personalised intervention model
for driving behaviour change, motivated by the observation that generic, one-size-
fits-all feedback is often ineffective [26]. The work focused on tailoring feedback
based on driver characteristics and preferences, informed through surveys, inter-
views and telematics data, rather than implementing a fully integrated in-vehicle
coaching system. While primarily conceptual and user-centred in nature, the study
supports the broader claim that personalised feedback mechanisms can improve
driver engagement and the effectiveness of driving behaviour interventions.

Taken together, these studies illustrate that although personalization is increasingly
recognized as a key factor in effective driver coaching, existing systems often rely
on predefined logic or limited adaptation mechanisms. This highlights remaining
challenges related to continuous personalization and flexible, expressive feedback
generation.
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2.3 Usage of AI and ML

Driver coaching systems have evolved alongside advances in vehicle telematics and
data analytics capabilities. Early approaches to automated driver feedback relied pri-
marily on threshold-based rules and predefined performance benchmarks [14]. These
systems flagged deviations from prescribed behaviours such as exceeding speed lim-
its, braking events surpassing certain thresholds, or extended periods of engine idling.
Based on these metrics, they generated simplified reports intended to improve fuel
efficiency. More sophisticated systems utilized Bayesian models, knowledge graphs,
and probabilistic methods [11], [15], [16]. These “white box” systems allowed for com-
plex feedback handling while ensuring engineers were able to trace the logic behind
coaching recommendations. However, even these advanced traditional models strug-
gle to capture the highly complex correlations in real-world driving environments,
particularly when attempting to model the relationship between driver behaviour
and operational outcomes across diverse conditions.

Currently, the commercial landscape of Al-driven coaching is predominantly oriented
toward safety and risk management in passenger vehicles. Applications such as
AutoCoach utilize machine learning algorithms, such as support vector machines,
to assess individual driver safety scores by analysing historical driving data and
behaviours like swerving or sudden braking [13]. By leveraging these ML and Al
algorithms, such systems can provide more relevant feedback tailored to each driver’s
prior driving behaviour.

Recent advancements in Natural Language Processing (NLP) and LLMs suggest
new possibilities for how coaching feedback might be delivered and personalized.
Rather than relying solely on dashboard alerts or numerical scores, Al systems
could engage drivers through conversational dialogue that explains complex driving
strategies tailored to individual comprehension levels. In 2025, Costa et al. [11]
developed a conversational Al coach for performance drivers to improve their skills.
Feedback was generated post-drive where their comparison was feedback based solely
on raw driver data versus feedback delivered through a conversational AI bot. Their
results showed that the interpreted data via a conversational Al provided feedback
that showed improvements in both driver satisfaction and performance.

Within the heavy-duty trucking sector specifically, research utilizing Al as a coaching
tool has often focused on the fleet level [27], [28]. Applications have centred on pre-
dictive maintenance, instructing drivers or fleet owners when trucks should undergo
maintenance work, as well as fuel economy prediction, emission estimates, and route
optimization. As such, there remains a gap in research focused on individualized,
personalized driver training in the heavy-duty context.
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2.4 Model Interpretability and Feature Attribu-
tion

As ML models have grown in complexity, understanding why a model produces a
particular prediction has become increasingly important. Feature attribution meth-
ods are a form of interpretability techniques that aim to explain model behaviour
by assigning importance values to input features. These methods can be applied
locally to explain individual predictions or globally to identify which variables are
most influential across a dataset. By highlighting the factors that drive model out-
puts, feature attribution methods can increase transparency and improve user trust
in Al-based systems.

Among feature attribution methods, SHapley Additive exPlanations (SHAP) has
emerged as a widely adopted approach due to its strong theoretical foundation and
ability to explain complex machine learning models. Recent research has demon-
strated its applicability across a range of domains, including transportation and
natural language processing. For example, Kusnawi et al. proposed a framework for
open-pit mining trucks utilizing SHAP to analyse anomalies in fuel consumption [29].
Their system was able to distinguish whether a drop in fuel efficiency was caused
by external environmental factors, such as terrain, or by specific behavioural inputs,
like excessive speed and harsh acceleration. For a driver coaching system, this dis-
tinction ensures that operators are evaluated on the driving behaviours within their
control, rather than being penalized for unavoidable operational conditions.

Furthermore, in the context of Al-driven coaches designed to generate readable feed-
back, feature attribution methods have been adapted to explain text-based models.
In their review of SHAP-based explanation methods for NLP, Mosca et al. demon-
strate how these frameworks can trace which specific tokens or words drive a model’s
output [30]. For example, they highlight how SHAP is used in text classification
to isolate individual words in a sequence, showing which specific phrases or ad-
jectives triggered a model’s final prediction. Applying this level of token-specific
interpretability to an Al coach ensures that the generated advice remains transpar-
ent, allowing developers to verify that the language model is relying on the correct
underlying data rather than hallucinating feedback. However, while SHAP has been
applied to both telemetry analysis and NLP transparency independently, its use as
a bridge between the two remains unexplored. Specifically, the integration of SHAP-
calculated driving features with Al chatbots to deliver explainable driver feedback
represents a gap in the research.

2.5 Driver Segmentation and Profiling

Drivers exhibit different behavioural patterns and performance characteristics, and
as such modern coaching systems employ segmentation or profiling techniques to cat-
egorize drivers into distinct groups. These segmentation approaches enable systems
to move beyond treating all drivers identically, instead recognizing that different
driver types may require different coaching strategies or evaluation criteria.
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Currently, a large part of driver segmentation research focuses on safety assessment
and risk management [31]. Systems cluster drivers according to behavioural indica-
tors of aggressive or risky driving patterns, allowing for targeted interventions for
high-risk individuals. For instance, AutoCoach employs unsupervised k-means clus-
tering to segment drivers into a small number of safety personality types based on
their driving behaviours [13]. Each personality type receives different feedback tai-
lored to their characteristic driving patterns, and performance scoring is calibrated
to their assigned personality type rather than against a universal standard. This
allows drivers to receive credit for improvements within their own profile, potentially
increasing engagement and motivation compared to generic benchmarking.

Driver segmentation has also been applied to fuel efficiency to a certain extent.
Massoud et al. proposed a gamified application for scoring drivers on their eco-
driving behaviour [32], assigning scores from 0-100 and categorizing drivers into
three different styles: Saver, Typical, or Careless. While their results were not
conclusive, the study indicates that segmentation research extends beyond safety
scoring to encompass environmental impact as well.

Research suggests that professional truck drivers, compared to passenger vehicle
drivers, are easier to segment, likely due to the more homogeneous operational con-
ditions under which many drivers work [33]. Professional drivers usually undergo
similar training, operate under comparable regulatory frameworks, and work within
structured fleet environments that standardize certain aspects of driving behaviour.
This relative homogeneity may simplify the identification of meaningful driver clus-
ters and produce more stable segmentation results than those obtained from diverse
passenger vehicle populations.

Although driver segmentation has been explored in heavy-duty trucking contexts,
such as Seixas et al’s application of k-means clustering to truck driver data [34],
segmentation has, to our knowledge, not been systematically integrated with driver
coaching systems to deliver personalized eco-driving feedback in trucking.

2.6 Focus on Eco-Driving

Several studies have explored different approaches to encouraging eco-driving adop-
tion, focusing on interface design, motivation and contextual awareness. Addressing
the first aspect of these, interface design, Henzler et al. explored the willingness of
professional truck drivers to adopt eco-driving guidelines [35]. In their study, they
evaluated driver responses to two different real-time feedback interfaces: a graphi-
cal dashboard display and a haptic accelerator pedal. Their findings indicated that
truck drivers are generally positive regarding the adoption of fuel-efficient driving
styles, provided the assistance system is intuitive. They found that by making the in-
terface unobtrusive, specifically through haptic feedback that does not require visual
attention, drivers were significantly more willing to adapt their behaviour compared
to those using visual displays alone.

Massoud et al. [32] similarly investigated the challenge of driver motivation. The
authors proposed a framework based on “Serious Games” in which driving perfor-
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mance is gamified through scoring and profiling. Unlike systems that rely solely on
output metrics like fuel consumption, Massoud et al. identified the Throttle Position
Sensor as the most critical behavioural indicator, as it represents the direct control
input of the driver independent of vehicle load. By converting physical inputs into
a digital score (0-100), the system leverages competitive psychology to incentivize
behavioural shifts, transforming eco-driving from a passive monitoring task into an
active skill-development challenge.

Magana and Munoz-Organero [36] developed "Artemisa" a smartphone-based assis-
tant that fuses vehicle telematics with mobile sensor data to detect road slope and
traffic conditions in real-time. By applying classifiers to this contextual data, the
system distinguishes between 'necessary’ high-load events and inefficient driving be-
haviours. Their study demonstrated that this context-aware approach could yield
fuel savings of approximately 11% without requiring expensive, proprietary hard-
ware.

While these studies demonstrate valuable approaches to eco-driving assistance, it is
notable that only Henzler et al. focused on professional truck drivers; both Massoud
et al. and Magana and Munoz-Organero conducted their research with passenger
vehicles. This reflects a broader pattern in eco-driving research, where heavy-duty
trucking has received less attention despite its distinct operational contexts and
potentially greater fuel-saving impact. Furthermore, these studies focused primarily
on real-time feedback, providing guidance during the driving task, whereas post-trip
analysis for long-term behavioural reflection remains less explored in these studies.

2.7 Summary

The reviewed literature shows that driver coaching systems have been explored from
several perspectives. Research on conversational assistants highlights that user ex-
perience factors such as trust, reliability and information presentation play an im-
portant role in determining how users interact with and rely on Al-based systems.
At the same time, existing eco-driving systems often focus on interface design, gam-
ification or real-time feedback, while research on personalization frequently relies on
predefined rules or limited adaptive mechanisms.

Similarly, although AT and ML methods have been applied in automotive contexts,
their use has primarily focused on safety assessment, predictive maintenance or fleet-
level optimization rather than individualized eco-driving coaching. Feature attribu-
tion methods have emerged as a promising approach for improving transparency
in complex machine learning systems and have been successfully applied both to
transportation-related analyses and to explaining Al-generated outputs.

At the same time, driver segmentation has been studied as a means of categorizing
driving behaviour, yet it has rarely been integrated into driver coaching systems
to tailor feedback to different behavioural profiles. Taken together, these observa-
tions suggest a gap in the current research landscape: the lack of a system that
combines telemetry-driven analysis, interpretable machine learning and Al-based
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conversational feedback to deliver personalized eco-driving coaching for heavy-duty
truck drivers. Addressing this gap forms the central focus of this thesis.
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Theory

This chapter presents the theoretical background underlying the main components
of the thesis. It begins with eco-driving, which defines the application domain by
outlining the importance of fuel-efficient driving in heavy-duty trucking and the
behaviours that influence fuel consumption. It then introduces clustering, as the
work builds on an existing segmentation of driving contexts and operating conditions.
Model interpretation methods are thereafter presented, with particular emphasis
on SHAP, since interpretable ML is central to explaining model predictions and
transforming them into actionable coaching insights.

The chapter then shifts to the conversational Al aspects of the work. LLMs are
introduced as the foundation for generating conversational feedback, followed by
RAG as an approach for improving factual grounding and reducing unsupported
outputs. Prompt engineering is subsequently discussed as a way to guide model
behaviour and improve response quality. Finally, personalization in conversational
Al is presented to motivate how user-specific preferences and contextual information
can be represented and retained across interactions. Together, these topics provide
the theoretical basis for the thesis by connecting eco-driving behaviour, data-driven
analysis, interpretable modelling, grounded language generation, and personaliza-
tion in a unified driver coaching framework.

3.1 Eco-Driving

Eco-driving encompasses a range of driving techniques and behaviours aimed at
reducing fuel consumption and improving operational efficiency. In the heavy-duty
trucking sector, there is a significant positive economic and environmental potential
in utilizing better eco-driving behaviours. Specifically, adopting simple practices
such as smoother acceleration and better anticipation of traffic can significantly
reduce consumption.

Fuel costs represent a substantial portion of trucking operational expenses. Ac-
cording to the American Transportation Research Institute, approximately 40% of
operational costs for trucking companies are attributable to the combination of fuel
consumption, maintenance, repair, and tire replacement [37]. While vehicle manu-
facturers such as Volvo invest considerable resources in developing more fuel-efficient
engines and drivetrains, driver behaviour remains a critical factor influencing total
fuel consumption. Martin et al. [38] found that eco-driving behaviour reduces fuel
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consumption by 5-10% on average, with reductions of 20-50% achievable for certain
drivers. This suggests substantial potential for fleet operators to reduce fuel expenses
and consequently overall operational costs through improved driver behaviour alone.

Effective eco-driving involves several techniques [39], [40]:

« Smooth acceleration and deceleration: Gradual throttle inputs allow au-
tomated transmissions to select optimal gears and minimize fuel consumption.
Aggressive acceleration increases engine RPMs unnecessarily, leading to dis-
proportionate fuel use.

» Speed consistency: Maintaining a steady speed, ideally at or slightly below
posted limits, improves fuel efficiency. Fuel consumption increases dispropor-
tionately with speed, and frequent speed variations waste energy.

e Anticipatory driving: Looking ahead to anticipate traffic patterns, signal
timing, and road conditions enables drivers to maintain momentum and avoid
unnecessary braking or acceleration. “Stop-and-go” driving is energy ineffi-
cient.

« Effective braking strategies: Maximizing the use of engine braking and
retarders while minimizing service brake application reduces both fuel con-
sumption and brake wear.

e Optimizing automated systems: Modern trucks with automated manual
transmissions benefit from drivers who utilize eco-mode settings and cruise
control where appropriate, allowing vehicle systems to optimize gear selection
and throttle response.

e Minimizing auxiliary energy use: Reducing unnecessary idling and lim-
iting use of auxiliary systems (heating, cooling, lights) when not required
decreases overall energy consumption.

3.2 Clustering

Clustering is an unsupervised ML method that aims to divide or partition a multi-
dimensional set of data points into clusters based on their similarity. Given a set
of data points, a clustering algorithm assigns each point to a cluster such that
intra-cluster similarity is maximized while inter-cluster similarity is minimized. The
ultimate goal is to uncover hidden patterns in multidimensional data.

Clustering methods vary in complexity, ranging from simple distance-based tech-
niques to more advanced approaches. Clustering algorithms are normally categorized
based on their underlying principles and assumptions. Typical clustering models in-
clude:

o Centroid models, which represent each cluster by a central point, commonly
the mean vector, e.g., k-means algorithm.

e Density models, which identify clusters as regions of high data density, e.g.,
DBSCAN.
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o Connectivity models, which are based on distance connectivity, e.g., hier-
archical clustering.

This thesis builds upon cluster definitions generated by Seixas et al. [34], who
applied the k-means clustering algorithm to heavy-duty vehicle telematics data in
Latin America. The k-means algorithm partitions n data points into k distinct
clusters by minimizing the within-cluster sum of squares, also known as variance.
The optimization problem is defined as:

k
1 2
ar min X — M; 3.1

where the centroid of cluster ¢, denoted as p,;, is calculated as the mean of all data
points assigned to that cluster:
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Where:
o k represents the predefined total number of clusters.

o C; denotes the i-th cluster, and {C1,...,Cy} represents the complete set of
partitioned clusters.

« x represents an individual multidimensional data point assigned to cluster C;.
e p; is the centroid of cluster Cj.

o ||Ix — w;|* is the squared Euclidean distance between a data point x and its
assigned cluster centroid p,, representing the variance or “error” that the
algorithm seeks to minimize.

o |C;| represents the cardinality, or the total number of data points, currently
assigned to cluster C;.

A challenge in k-means clustering is determining the appropriate number of clusters
k. Seixas et al. employed the elbow method to address this challenge [34]. The
elbow method evaluates clustering quality as a function of the number of clusters by
examining two complementary metrics. First, the within-cluster sum of squares is
evaluated across different values of k. A low within-cluster sum of squares indicates
tight grouping of data points within their clusters. Second, the sum of squares
between clusters is examined as a function of k. A high sum of squares between
clusters indicates clear separation between clusters. The optimal number of clusters
is identified at the inflection point, or “elbow,” of these curves, where a balance is
struck between model complexity and error reduction. This point represents the
number of clusters beyond which increasing £ yields diminishing returns.
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3.3 Model Interpretation Methods

When analysing a model’s output, there is a significant trade-off between model
accuracy and interpretability [41]. While complex algorithms, such as Deep Neural
Networks, can achieve high predictive accuracy on complex multidimensional data,
they often operate as “black boxes” The results are inherently difficult to interpret
and often opaque. Simple models, such as linear approximations, provide clear
explanations of the underlying mechanics but suffer from an inability to fully map
complex, non-linear data structures.

Early approaches to post-hoc interpretability focused on local approximations. An
early model in this area, introduced by Ribeiro et al., was Local Interpretable Model-
Agnostic Explanations (LIME), which is able to explain the predictions of any classi-
fier in what is described as an interpretable and faithful manner [42]. LIME isolates
a single prediction from a black-box model and maps out its local decision boundary
through a process of random neighbourhood sampling. The algorithm generates a
dataset of synthetic, perturbed data points by randomly altering or masking fea-
tures of the original input. These perturbed instances are weighted based on their
proximity to the original data point, ensuring that closer variations have a greater
influence. It then observes how the black-box model’s prediction changes in response
to the perturbations. LIME fits a simple interpretable model, such as linear regres-
sion, around that data point. This allows the user to understand which features
were driving individual predictions, regardless of the underlying complex algorithm
being used.

A drawback of LIME, and other similar models, is their lack of rigid mathematical
guarantees. Due to LIME’s reliance on random neighbourhood sampling, it suffers
from a problem of robustness [43]. That is, two almost identical inputs should yield
the same result or explanations, yet this is not always the case for LIME. This
instability could lead to a user receiving different explanations for nearly the same
event, thereby eroding the trustworthiness of the system.

This form of inconsistency was addressed by Lundberg and Lee with the creation of
the SHAP framework [41]. The authors argued that, under the hood, many inter-
pretability models, such as LIME, share the same underlying mathematics, which
they defined as Additive Feature Attribution. These forms of models construct a
simplified explanation model, denoted as ¢g. This explanation model operates as a
linear combination of binary variables, meaning it attributes an additive impact to
each feature. The explanation model is defined as:

M
9(2') = do+ )¢z (3.3)
i=1

Where 2’ € {0,1} is a binary vector indicating whether a simplified feature is
present or not, M represents the number of input features, ¢, is the expected base
value of the model’s predictions, and ¢; is the allocated SHAP value for feature 7. By
summing the base value and the individual feature contributions, the explanation
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model explicitly shows how a specific combination of features pushes the prediction
away from the dataset’s average.

However, previous models lacked a theoretical justification for how ¢g was dis-
tributed. What SHAP added was a link between this mathematics and Shapley
values, a concept within game theory. Introduced by Lloyd Shapley, its original pur-
pose was to fairly distribute a total payout among a group of players based on their
individual marginal contributions to a game’s outcome. Within ML, this concept is
adapted by redefining the core components: the “game” becomes the specific predic-
tion task for a single instance, the “players” are the individual features within that
data point, and the “payout” is the difference between the model’s actual prediction
for that instance and the expected prediction across the entire dataset.

These exact Shapley values, used as feature attributions, are calculated as:

_ IS|'(|F| = |S] = 1)!
LPY

[fsugiy(Tsugiy) — fs(xs)] (3.4)

Where F is the set of all features, S is a subset of features excluding i, and fg(zg) is
the model’s prediction using only the features in S. The term in brackets calculates
the marginal contribution of feature ¢ to subset .S, while the preceding fraction acts
as a weighting factor, accounting for all possible permutations of feature subsets.

By linking Additive Feature Attribution and Shapley Values, a feature’s SHAP value
represents its average marginal contribution calculated across all possible permuta-
tions of the available features. Hence, SHAP is, according to the authors, the only
model that satisfies three core properties of explainability:

1. Local accuracy: The output of the explanation model must match the output
of the original complex model. The explanation does not approximate the final
number, instead, it reaches it exactly:

f(z) = g(a") = ¢ + Z i) (3.5)

2. Missingness: If a feature is logically missing or its simplified input is absent,
it must be attributed an impact of zero:

2 =0=¢; =0 (3.6)

3. Consistency: If the underlying machine learning model changes such that it
relies more heavily on a specific feature, that feature’s attributed importance
must not decrease. Let f.(2') = f(h.(Z")) and 2’ \ @ denote 2/ = 0. For any
two models f and f', if fL(2) — fl(2"\ i) > fo(2') — fo(2" \ @) for all inputs
2 € {07 1}M7 then d)z(f/’x) > ¢1(f7 55)

Defined as Theorem 1 of Lundberg and Lee’s work, only one explanation model g
satisfies both the formula for additive feature attribution and the three properties
above, which is:
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Where |Z/| is the number of non-zero entries in 2/, and 2’ C 2’ represents all 2’ vectors
where the non-zero entries are a subset of the non-zero entries in 2.

Despite its strong theoretical foundation, there was a major drawback with standard
implementations of SHAP, such as KernelSHAP: the assumption of feature indepen-
dence, as highlighted by Aas et al. [44]. Standard SHAP evaluates permutations by
randomly sampling background data to simulate “missing” features. When features
are highly correlated, the model will inevitably create unrealistic combinations. The
resulting SHAP values can, as such, become highly unrealistic.

For tree-based ML models, this problem is resolved by TreeSHAP [45]. Designed ex-
plicitly for models such as Random Forests and Gradient Boosted Trees, TreeSHAP
calculates exact Shapley values in polynomial time by tracing the conditional deci-
sion paths built directly into the trees. By restricting the calculations to actual rout-
ing paths formed during training, TreeSHAP respects the real-world dependencies
of the data. This provides explanations that maintain SHAP’s strict mathematical

guarantees while remaining robust against the out-of-distribution errors that plague
KernelSHAP.

3.4 Large Language Models

LLMs have emerged as a major advancement in NLP, driven by a combination
of transformer-based architectures, large-scale training data and the availability of
increased computational capacity [46]. These developments have enabled models
that can generalize across a wide range of language tasks such as question answering,
summarization, information synthesis and conversational interaction. As a result,
LLMs have become increasingly relevant for systems that could benefit from flexible
and natural language-based communication with users.

In the context of this thesis, LLMs are of interest due to their ability to gener-
ate adaptive feedback. However, despite their strong generative capabilities, LLMs
are known to exhibit limitations related to factual reliability and consistency [46].
As a result, their direct application in safety-relevant domains, such as driving, re-
quires careful consideration. This section therefore provides a high-level theoretical
overview of LLMs, their core capabilities and known limitations that are relevant to
the design choices explored in this work.

3.4.1 How LLMs work

Recent advances in NLP are largely driven by the observation that LLMs can acquire
rich representations of language, context and factual knowledge by being trained to
predict the next token in a sequence based on its preceding context, using large-
scale text corpora [47]. This training is commonly referred to as pre-training, and
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it enables models to learn general linguistic patterns and world knowledge. As a
result, pre-trained LLMs exhibit strong performance across a wide range of natural
language tasks, as the learned representations can be reused and adapted without
task-specific training.

At inference time, an LLM takes a sequence of tokens as input and produces a prob-
ability distribution over possible next tokens [47]. Text generation is subsequently
performed by sampling a token from this distribution and appending it to the ex-
isting context, after which the process is repeated. This iterative procedure results
in an autoregressive generation process, where each generated token is conditioned
on both the initial input and the model’s previously generated output. The use of
probabilistic sampling enables LLMs to generate flexible and context-sensitive text,
but also introduces variability in the generated responses.

LLMs can be broadly categorized into three architectural variants: encoder-only
models, decoder-only models, and encoder-decoder models [47]. Encoder-only mod-
els are typically trained using masked language modelling objectives and are com-
monly applied to tasks such as classification or representation learning. Encoder-
decoder models map an input sequence to an output sequence and are frequently
used in applications such as machine translation and speech recognition. Decoder-
only models generate text auto-regressively by predicting the next token based solely
on the preceding context. This architecture is particularly well-suited for open-ended
text generation and conversational interaction. Most contemporary LLMs used for
conversational and generative applications use the decoder-only architecture. The
models considered in this thesis all follow the decoder-only architecture. For this
reason, the subsequent discussion focuses on decoder-based language models, while
other architectural variants are not considered further.

A useful perspective on LLMs is that many language-related tasks can be framed as
conditional text generation [47]. In this setting, the model generates text conditioned
on an input sequence, which is commonly referred to as a prompt. By conditioning
generation on different forms of input text, such as questions or instructions, the
same underlying model can be applied to a wide range of tasks. This formulation
underlies the use of LLMs for conversational interaction and feedback generation,
where the generated output is shaped by both the provided context and the model’s
previously generated tokens.

During generation, sampling strategies are typically employed to select tokens from
the model’s predicted probability distribution rather than always choosing the most
probable option [47]. Sampling parameters such as temperature regulate the trade-
off between deterministic and diverse generation by controlling the degree of ran-
domness in the output. Lower temperature values bias the model toward higher-
probability tokens, resulting in more consistent responses. Higher values instead
increase variability at the cost of reduced reliability.
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3.4.2 Hallucinations and Inconsistencies

Despite their strong generative capabilities, LLMs are known to produce factually
incorrect or unsupported statements [47]. This phenomenon is commonly referred
to as hallucination. It arises because LLMs are trained to generate text that is
statistically likely and coherent given a context, rather than to verify the factual
correctness of their outputs. As a result, models may generate plausible-sounding
responses that are not grounded in reliable information. In addition to outright fac-
tual errors, outputs may also exhibit inconsistencies across similar inputs or across
multiple generations for the same input. Such variability is a consequence of proba-
bilistic text generation and can lead to unstable or contradictory responses.

Recent survey work has shown that hallucinations are a systematic and persistent
challenge in LLMs, including instruction-following and conversational systems, and
that increased model scale alone does not eliminate the problem [48]. Because
hallucinated content is often expressed fluently and with high confidence, such errors
can be difficult for users to detect.

Addressing hallucinations and improving factual grounding is therefore an important
consideration when integrating LLMs into applied systems. In this work, the LLM is
treated as a generative component whose outputs must be constrained and supported
by additional system mechanisms, rather than relied upon as an authoritative source
of truth. One common approach to mitigating hallucinations is to ground generation
in external knowledge sources [47], an idea explored in the following section on RAG.

3.5 Retrieval Augmented Generation

LLMs are trained on static corpora and therefore lack access to information intro-
duced after training. When used in knowledge-intensive settings, this can result
in outdated or fabricated responses. In addition, hallucinations represent a well-
documented failure mode of LLMs [47]. These limitations pose challenges for appli-
cations where factual correctness and transparency are important.

RAG addresses these limitations by combining LLMs with information retrieval
techniques [47]. In a RAG-based system, relevant documents are retrieved from
an external knowledge source based on a user query and provided as additional
context to the language model during generation. By conditioning generation on
retrieved passages, RAG systems aim to improve factual grounding and transparency
compared to generation based solely on internal model parameters. This makes RAG
suitable for applied systems where correctness are important.

The remainder of this section provides an overview of the RAG process and its main
components.

3.5.1 Information Retrieval

Information Retrieval (IR) concerns the task of identifying documents that are rel-
evant to a user’s information need, typically expressed as a textual query [47]. IR
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forms the foundation of a RAG system by selecting a subset of documents from
a larger collection that are likely to contain information relevant to the current
query. These retrieved documents serve as contextual evidence for the subsequent
text generation.

Traditional IR systems rely on lexical matching techniques such as TFIDF or BM25,
which score documents based on term overlap [47]. Modern RAG systems, however,
commonly employ dense retrieval methods in which queries and documents are rep-
resented as continuous vector embeddings. By mapping both queries and documents
into the same semantic vector space, dense retrieval enables similarity-based match-
ing and mitigates vocabulary mismatch between queries and documents. At query
time, the embedding of the input query is compared to pre-computed document
or passage embeddings using similarity search, and the most similar passages are
selected as retrieval candidates. This approach allows semantically relevant infor-
mation to be retrieved even when surface wording differs.

3.5.2 Document Preprocessing and Chunking

In RAG systems, source documents are typically divided into smaller units prior to
indexing [47]. This preprocessing step is commonly referred to as chunking. Chunk-
ing is necessary because full documents may exceed the context window of the
language model and can also be inefficient to retrieve in their entirety. By splitting
documents into manageable passages, retrieval works at a smaller scale which allows
the system to return only the most relevant segments as context for the generation.

There are several different chunking strategies that are commonly used [49]. Token-
level chunking divides text into fixed-length segments measured in tokens. This
approach is computationally simple and ensures uniform chunk sizes, but may split
sentences or semantic units across boundaries. Sentence-level chunking instead uses
sentence delimiters to preserve linguistic structure, which provides more coherent
segments at the potential cost of uneven lengths. Semantic-level chunking instead
determines breakpoints by using LLMs. This is done by identifying semantically
coherent units before splitting the text, which better preserves contextual integrity
compared to fixed-length segmentation. However, it introduces additional computa-
tional overhead and increased complexity.

The choice of chunk size introduces a trade-off between retrieval precision and con-
textual completeness[49]. Smaller chunks increase retrieval granularity and can im-
prove the likelihood that highly relevant passages are retrieved. However, they also
risk fragmenting semantically coherent information across multiple chunks. Larger
chunks preserve more surrounding context but may dilute relevance by including
unnecessary information, potentially reducing retrieval precision.

Empirical evaluations show that moderate chunk sizes often provide the most favourable
balance [49]. In controlled experiments, chunk sizes in the range of 256-512 tokens
achieved the highest combined scores for faithfulness (i.e. factual consistency with
retrieved text) and relevancy (i.e. alignment between query, context, and response).
To further mitigate boundary effects, meaning situations where relevant informa-
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tion is split across chunk borders and therefore not fully retrieved, overlapping or
sliding-window strategies are commonly applied. By introducing partial overlap be-
tween adjacent chunks, these techniques preserve contextual continuity and improve
retrieval robustness without substantially increasing retrieval noise.

3.5.3 Embeddings and Similarity search

After documents have been segmented into chunks, each chunk is transformed into
a dense vector representation, commonly referred to as an embedding [47]. Embed-
dings map textual inputs into a continuous semantic vector space, where semanti-
cally similar texts are located closer to each other. In a RAG system, both document
chunks and user queries are encoded using the same embedding model to ensure that
they reside in a shared semantic space.

This use of vector representations is conceptually related to the clustering approach
introduced in Section 3.2, where similarity between multidimensional data points is
also used to identify meaningful structure in the data. However, while clustering
groups telemetry observations into operational segments, embeddings in RAG are
used to represent textual meaning and support retrieval based on semantic similarity.

The choice of embedding model is important, as it determines how effectively se-
mantic similarity between queries and document chunks can be captured [49]. Mod-
ern RAG systems commonly employ dense encoders, often based on transformer
architectures. Examples include open-source embedding models such as BGE or
LLM-Embedder, as well as API-based embedding models.

Once embeddings have been computed, they are stored in a vector database that sup-
ports efficient similarity search. Vector databases such as FAISS, Milvus, Qdrant, or
Weaviate implement approximate nearest neighbour (ANN) algorithms to retrieve
the top-k document vectors most similar to a given query embedding [49]. The pa-
rameter k controls how many candidate chunks are retrieved, thereby influencing the
trade-off between contextual coverage and input length constraints. These systems
are designed to scale to large document collections and often provide multiple index
structures to balance retrieval accuracy, latency, and memory usage.

At query time, the input query is encoded into an embedding and compared against
stored document embeddings using similarity measures such as cosine similarity or
dot product [50]. The most similar chunks are selected and passed to the language
model as contextual grounding for generation.

3.5.4 Generation with Retrieved Context

Once relevant document chunks have been retrieved, the generation phase integrates
this external information into the LLM’s input, meaning that the model conditions
on both the original user query and the retrieved passages [47]. This input formu-
lation differs from standard LLM usage, where the model typically conditions only
on the user prompt.
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The introduction of retrieved documents changes the input distribution and may af-
fect how the model interprets the query, particularly for smaller models [51]. For this
reason, prior work highlights the importance of adapting or fine-tuning the generator
to handle inputs of the form query + retrieved documents, ensuring that the model
effectively utilizes the provided context rather than ignoring or misinterpreting it.

Fine-tuning strategies can focus on different components. Some approaches fine-tune
the generator to better incorporate retrieved evidence and reduce hallucinations,
while others adapt the retriever to provide more beneficial passages for downstream
generation [49]. Holistic approaches treat RAG as an integrated system and jointly
optimize both the retriever and the generator to improve overall performance, albeit
at the cost of increased system complexity.

In practice, generation quality in RAG systems depends not only on retrieval accu-
racy but also on how effectively the language model incorporates retrieved evidence
into its reasoning process. Consequently, model adaptation, context formatting, and
system integration are central considerations when designing RAG-based architec-
tures.

3.5.5 Limitations with RAG

While RAG improves the factual grounding of LLMs and reduces the risk of hallu-
cinated outputs, it does not eliminate this issue entirely [47]. Generated responses
may still contain inaccuracies, particularly when the retrieved context is incomplete,
ambiguous or not effectively utilized by the language model.

Another limitation relates to the retrieval process itself. Effective retrieval depends
on clear, accurate, and well-formulated queries [49]. In practice, semantic gaps may
exist between a user’s query and relevant documents, even when both are represented
as embeddings. As a result, relevant information may not be retrieved, which can
negatively affect the quality of the generated response.

In addition, retrieval systems may return irrelevant or noisy documents, especially in
cases where multiple documents are semantically similar or the query is ambiguous
[50]. Such noise can degrade generation quality by introducing misleading or unnec-
essary context. Similarly, poorly phrased queries may lead to missed relevant chunks,
further limiting the effectiveness of the system. Techniques such as hybrid retrieval,
which combine lexical and semantic matching, have been proposed to mitigate these
issues [50].

3.6 Prompt Engineering

Prompt engineering is the technique of optimizing the input prompts to LLMs to
generate higher-quality outputs. This section provides a general overview of the
literature that has researched both general prompting principles and more specified
and advanced prompting techniques.

Marvin et al. [52] outline five principles for optimizing prompts, emphasizing that
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effective communication with LLMs requires structured constraints. The core prin-
ciples include:

1.

Define a clear objective: Establishing a specific goal minimizes semantic
ambiguity. By explicitly stating the desired outcome, the user narrows the
model’s output, steering it away from irrelevant generations.

Understand model capabilities: Users must recognize the limitations of
their chosen model, including its context window size and specific strengths
(e.g., reasoning versus creative writing). Understanding these boundaries pre-
vents prompting the model beyond its operational capacity.

Format precisely: LLMs are sensitive to syntax and delimiters. Utilizing a
clear, precise, and logically sequenced format helps guide the model’s attention
mechanism, ensuring it appropriately weights the most critical instructions
within the prompt.

Provide context: Providing relevant background information acts as a ground-
ing mechanism. Contextual constraints anchor the model’s latent space to a
specific domain, significantly reducing the likelihood of hallucinations or re-
liance on generic, pre-trained data.

. Iterate and refine: Prompt engineering is rarely a zero-shot success. It

requires a systematic, empirical approach where the user evaluates the gen-
erated responses for failure modes (such as logical drift or formatting errors)
and iteratively refines the input variables to optimize the output.

While these principles serve as a theoretical baseline, Marvin et al. note that their
guidelines are highly contextual. The necessity of explicitly defining each parame-
ter depends on the user’s expertise. Users with significant experience engineering
prompts for a specific LLM likely understand the model’s functional boundaries
without needing formal evaluation at each step. Ultimately, the authors emphasize
that optimal prompt engineering is an interplay between the specific language model
architecture, the user’s objectives, and the intended audience.

Kong et al. [53] investigated four varying prompting strategies and compared which
achieved the highest accuracy metrics across standardized datasets. The four com-
pared strategies include:
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e Zero-Shot prompting: Provide only the task without context, forcing the

model to rely solely on its pre-trained knowledge.

Zero-Shot Chain of Thought (CoT): Add instruction similar to “think
step-by-step” to the zero-shot prompt, encouraging the model to provide the
reasoning process before answering

Few-Shot CoT: Include context alongside the task, such as providing similar
example question with their corresponding answers, and also include CoT.

Role playing setting: Assigning a specific persona to the model such as
“You are an excellent maths teacher” to guide the tone and perspective of its
response.
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In their evaluation across twelve reasoning benchmarks, Kong et al. [53] found
that the role-play prompting strategy outperformed the different approaches. The
authors claim that role-playing functions as an implicit CoT trigger. By assigning
a specific persona, the prompt provides the LLM with an identity and background
context that naturally forces it into a more rigorous reasoning process. Their results
demonstrated that this implicit trigger actually generated more effective reasoning
steps than explicitly instructing the model to “explain step-by-step”. For instance,
the authors noted performance increases on specific benchmarks, such as accuracy on
symbolic reasoning tasks jumping from 23.8% to 84.2%, highlighting that role-play
prompting changes its underlying reasoning capabilities.

3.7 Personalization in Conversational Al

LLMs have expanded the capabilities of conversational agents by enabling flexible
conversational interaction across a wide range of topics [54]. Unlike earlier dialogue
systems that were typically designed for short interactions within specific domains,
modern LLM-based systems can sustain longer and more open-ended conversations.
While this flexibility enables new applications, it also introduces challenges for sys-
tems that interact repeatedly with the same user over time.

In such settings, effective interaction often requires personalization. Rather than
generating identical responses for all users, conversational systems should adapt
their behaviour based on user-specific preferences, goals, and interaction patterns
[55]. Achieving this requires mechanisms that allow the system to retain and uti-
lize information about individual users across multiple interactions. This section
therefore introduces personalization in conversational Al, outlines key challenges
associated with LLM-based personalization, and reviews memory-based approaches
for representing and retaining user context.

3.7.1 User Modelling

Personalization in intelligent systems commonly relies on user modelling, which
aims to infer and represent characteristics of individual users based on historical in-
teractions or user-generated data [55]. User models (or user profiles) are commonly
described as structured representations capturing user preferences, needs and be-
haviours, typically derived either from direct user feedback or inferred from interac-
tion data [56]. User modelling can accordingly be viewed as the process of acquiring,
extracting and representing such user characteristics in a form that supports per-
sonalized system behaviour.

A recurring theme in the user modelling literature is that effective profiles combine
both static and dynamic user information [56]. Static attributes represent rela-
tively stable characteristics (e.g., background information or constraints), whereas
dynamic attributes capture evolving behaviours and preferences observed through
ongoing interaction. Maintaining both aspects supports personalization that is re-
sponsive to short-term changes while remaining consistent with longer-term user
needs.

27



3. Theory

User profile construction can further be approached at different levels of granularity.
Individual profiling represents a single user based on their own data, while group pro-
filing aggregates commonalities across multiple users who share similar behaviours
or preferences [56]. This distinction is relevant in settings where group-level segmen-
tation provides useful context, but individual-level adaptation is still required for
personalized interaction.

In conversational systems, user models are often constructed from dialogue interac-
tions [55]. During conversations, users may explicitly express preferences, goals or
constraints, while other characteristics can be inferred indirectly from interaction
patterns. Maintaining such user representations becomes particularly important
in systems that interact repeatedly with the same user, where previously observed
preferences and behaviours can inform future responses.

3.7.2 Challenges for LLM-Based Personalization

LLMs face several challenges when used for personalization. One challenge arises
from the nature of conversational data itself. Relevant user information is often
sparse and embedded within large amounts of otherwise generic interaction data
[55]. Important signals about user preferences may only appear occasionally within
a conversation, making them difficult to identify and prioritize during response gen-
eration.

Another challenge relates to the way LLMs process context [57]. Language mod-
els typically generate responses based on the tokens available in their context win-
dow, meaning that information not included in the prompt cannot directly influence
generation. As conversations grow longer or span multiple sessions, it becomes in-
creasingly difficult to ensure that relevant user information remains available within
the model’s input [54]. Consequently, models may produce responses that overlook
previously stated preferences or revert to generalized behaviour[58§].

These limitations highlight a central challenge for conversational personalization:
while LLMs can generate coherent responses, they do not inherently maintain per-
sistent representations of individual users. Personalization therefore requires mech-
anisms that allow systems to store and retrieve user-specific information across in-
teractions.

3.7.3 Memory in Conversational Systems

Memory mechanisms are increasingly recognized as a defining component of LLM-
based agents [54], [59]. While stand-alone language models generate responses con-
ditioned only on the current prompt and a limited context window, conversational
agents require mechanisms for retaining and utilizing information beyond the im-
mediate interaction. Such memory modules enable agents to accumulate experience
and adapt behaviour over time.

In conversational systems, memory is often categorized into short-term and long-
term forms [59]. Short-term memory typically corresponds to information main-
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tained within the current interaction session, such as the dialogue history. This
supports local conversational coherence by allowing the system to reference pre-
vious turns. However, short-term memory is constrained by the model’s context
window and does not persist across sessions.

Long-term memory instead refers to mechanisms that store information across mul-
tiple interactions [59]. Such memory enables systems to retain knowledge about
users, tasks or previous events and incorporate this information into future responses.
Long-term memory is therefore particularly important for personalization, as it al-
lows conversational agents to maintain persistent representations of user preferences,
goals and behavioural patterns.

Memory systems can also differ in how information is represented. One distinction
concerns parametric memory, where information is encoded within model parameters
through fine-tuning, and textual memory, where information is explicitly stored
as natural language or structured textual records [59]. Textual memory is widely
used in conversational systems because it allows information to be easily updated
and selectively retrieved when needed. This explicit representation also supports
transparency in how user information is modelled, which has been identified as an
important aspect of explainable user modelling [56]. In explainable user modelling,
systems aim to make user profiles understandable and revisable by users, enabling
greater transparency and control over how personal preferences are interpreted by
the system.

In addition to storage format, memory mechanisms are characterized by operational
processes such as writing, retrieving, updating and discarding stored information
[59]. Naively storing complete dialogue histories may introduce noise and increase
computational cost, making it difficult for the model to focus on relevant information.
Therefore, many conversational systems instead extract salient information from
interactions and store it in more compact representations.

3.7.4 Representing Personal Context

One approach to representing user-specific information is to construct explicit user
profiles derived from conversational interactions [58]. Rather than conditioning gen-
eration on full dialogue histories, it can be beneficial to generate intermediate sum-
maries that capture distinctive user attributes such as preferences or behavioural
patterns. These profiles act as concise and interpretable descriptions of the user and
can be incorporated into prompts to guide response generation.

Another approach involves memory-augmented conversational architectures in which
salient user information is extracted from dialogue and stored in external repositories
[57]. In these systems, important facts about the user are embedded into vector
representations and stored in a database that supports similarity-based retrieval.
During subsequent interactions, relevant stored information can be retrieved and
incorporated into the prompt, allowing the system to maintain continuity across
conversations while avoiding the need to process large dialogue histories.
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3.7.5 Risks and Considerations

While memory-based personalization enables more adaptive conversational systems,
it also introduces several challenges. Stored user information may become outdated
over time, leading to incorrect assumptions about user preferences [57]. Errors in
extracted or stored memory entries may influence future responses if not corrected,
highlighting the importance of mechanisms for updating or removing outdated in-
formation [54]. In addition, storing and processing user-specific information raises
privacy and data management concerns [55]. Designing memory mechanisms that
remain accurate, transparent and privacy-conscious therefore remains an important
challenge for personalized conversational systems.
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Method

This project drew inspiration from a Design Science Research approach using a
design-build-evaluate methodology [60]. The methodology was selected because it is
well-suited to the purpose of the project: to develop and evaluate an artefact in the
form of an Al-driven personalized driver coaching framework, while also generating
generalizable insights into modelling and personalization strategies.

The research process was structured into three main phases: problem identification,
solution design, and evaluation [60]. In the first phase, relevant literature on the
different components of the project, such as driver profiling, personalization, and
adaptive systems was reviewed to define and motivate the research problem. In the
second phase, alternative approaches for driver modelling, predictive modelling and
conversational feedback generation were designed. In the final phase, the proposed
artefact was evaluated by expert evaluation in the form of a questionnaire.

Figure 4.6 provides an overview of the methodological pipeline used in this study to
create the artefact, from data preparation and model development to explanation
generation and the conversational driver coaching prototype.

Filter to desired ale . Jiratn LRl
preprocessing & —  model per
segments "
cleaning segment
J
: : Feature
Mobile Personalized
conversational Al «— coaching Importqnge BhAE

prototype generation

Explainability (SHAP)

. Data sources (__)Underlying modelling [_] Applying the models

Figure 4.1: Flowchart visualization of the full pipeline used to develop the Al-driven
driver coaching artefact.
For clarity and readability, the term prototype will be used interchangeably with

artefact throughout the remainder of this thesis.
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4.1 Data Description

This section outlines the dataset used for analysis, including its origin, the methods
of data collection and a descriptive overview of the telemetry parameters.

4.1.1 Data Source

This project relied on telemetry data from a fleet of Volvo heavy-duty vehicles oper-
ating across the Latin American market. These data streams were generated by a
set of on-board sensors that monitored different aspects of the vehicle during active
service. This telemetry provided a high-dimensional view of vehicle performance,
capturing variables such as engine load and fuel efficiency. The scope of the dataset
spanned from 2024 to 2026. While the fleet primarily consisted of recently assembled
vehicles, it included a small portion of older models equipped with earlier-generation
powertrains.

Due to the differences of truck configurations and operational usage in this dataset,
directly comparing global fleet averages is ineffective. To attempt to perform a fair
evaluation of vehicle performance, we utilized a clustering framework rather than
relying on global fleet averages. Comparing a heavily loaded vehicle with a light
vehicle would yield inherently skewed results. For example, the heavier vehicle will
operate with higher fuel consumption. Therefore, clustering allows for a more fair
comparison by grouping vehicles with similar operational contexts.

The clustering methodology used in this thesis was derived from work by Seixas
et al. [34], who applied a k-means clustering algorithm to histograms of Volvo
truck operation over a defined temporal window. This process identified patterns
in driving behaviour and environmental conditions, clustering the fleet into more
homogenous groups based on three dimensions:

o Slope: Classifies the slope of terrain into four distinct levels.

e Speed: Vehicles are grouped into 11 different clusters based on their average
operational velocity.

e Gross Combined Weight (GCW): Reflects the average load the vehicle
carries, also divided into 11 distinct clusters.

Because every vehicle is simultaneously assigned to one category within each of these
three dimensions, there are 4 - 11 - 11 = 484 possible unique combinations.

To translate these combinations into real-world utilization, they are mapped into
a set of “buckets”. A bucket represents a collection of cluster combinations that
correspond to a particular truck modification and its intended operational segment.
For instance, a single bucket encapsulates vehicles that share a specific GCW cluster
and a specific range of speeds, encompassing all variations of slope within those
parameters.

For clarity and readability, the term segment will be used interchangeably with
bucket throughout the remainder of this thesis, as each bucket represents a distinct
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operational segment of the fleet.

While the dataset contains many of these buckets, this project focused on a subset.
Based on the recommendation of a domain expert at Volvo, the investigation was
narrowed to two specific operational buckets, 7XT and 5XT. These represent the
primary mass ranges in which the vehicle operates in, 70-79 tons for 7XT and 50-59
tons for 5XT.

In the Latin American market, the 7XT bucket represents the most common bucket.
The 5XT bucket was selected as a comparative segment proposed by the domain
expert at Volvo. By comparing these two buckets it allows us to determine if there
are any operational differences that exist. Ultimately, this approach could allow for
more precise feedback in the end.

As shown in Table 4.1, the dataset also includes several variants of the Volvo D13
engine family across the two investigated buckets. Although these engines share
the same base platform, they differ in power ratings and calibration (e.g., 460, 500
and 540 horsepower), which can influence fuel consumption characteristics under
different operating conditions.

Table 4.1: Distribution of engine versions across investigated buckets.

Engine Version Count Engine Version Count
D13K540 11619 D13K540 464
D13K500 45 D13K500 728
D13K460 23 D13K460 992
(a) Engine counts for 7XT (b) Engine counts for 5XT

To ensure fairer comparisons between vehicles within each segment, trucks equipped
with different engine variants were filtered so that only vehicles with the same engine
configuration were included in the analysis. For each segment, the engine version
with the largest number of observations was selected. This filtering step should
reduce variability caused by potential mechanical differences between vehicles and
helps ensure that observed differences in fuel efficiency are primarily attributable
to driving behaviour rather than underlying hardware characteristics. A simple
overview of how the data filtering is combined together can be seen in Figure 4.2.

4.1.2 Description of Telemetry Variables

The telemetry data contained approximately 300 parameters derived from truck
telematics, describing different aspects of vehicle operation and driving behaviour.
These parameters are generated by onboard vehicle systems and represent aggre-
gated measures of vehicle usage and driving patterns.

For the purpose of this project, the variables were broadly categorized into two
categories: actionable variables and non-actionable variables. Actionable variables
describe aspects of driving style that are directly influenced by the driver, such as
cruise control usage or idling time. Variables like these are particularly relevant for
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Figure 4.2: Flowchart visualization of the process of combining clusters into the
selected segments.

eco-driving analysis, as they represent behaviours that can potentially be modified
through driver coaching.

Non-actionable variables describe operational conditions under which the vehicle is
driven, as well as internal vehicle states. Examples include factors like cargo weight
or environmental conditions, such as road gradient, as well as variables describing in-
ternal system behaviour. While such variables often directly influence fuel efficiency,
they are generally not directly controllable by the driver.

An illustrative subset of telemetry variables and their classification is shown in Table
4.2. These variables represent the detailed feature space used for analysis and should
be distinguished from the higher-level clustering dimensions shown in Figure 4.2,
which are derived from aggregated patterns of similar signals.

Table 4.2: Illustrative subset of telemetry variables used in the analysis and their
classification as actionable or non-actionable.

Feature Description Category

IDLE_TIME Percentage of total time spent idling Actionable

SVC_BRAKE  Number of service brake activations per Actionable
100km driven

CRUISE__TIME Percentage of total time using cruise control Actionable

TOTAL DIST Total distance driven in km Non-actionable
SLOPE 6 9 Percentage of total driven distance occurring Non-actionable
on road segments with a gradient between 6-
9%

AVG_GB_OIL Average gearbox oil temperature during op- Non-actionable
_TEMPERA-  eration (C)
TURE

As shown in Table 4.2, non-actionable variables include both external driving con-
ditions and internal vehicle characteristics, highlighting that this category extends
beyond the variables used in the clustering framework.

All variables in the dataset were aggregated over predefined observation windows at
the vehicle level. Aggregation primarily consisted of average values calculated over
time periods ranging from weekly to monthly intervals. Each row in the dataset
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therefore represents one aggregated observation for a specific vehicle over a given
time window. As a result, multiple observations may exist for the same vehicle
across different time periods.

4.2 Fuel Efficiency Modelling

This section describes the modelling framework used to analyse how different driving
behaviours influence vehicle fuel efficiency. Based on the processed telemetry data
described in the previous section, predictive models were developed to estimate
fuel efficiency from aggregated driving behaviour variables. Particular emphasis
was placed on using interpretable modelling techniques in order to identify driving
behaviour patterns that are associated with higher or lower fuel efficiency. These
insights form the basis for the context-aware eco-driving feedback explored later in
the thesis.

4.2.1 Problem Formulation

The objective of the predictive modelling stage was to learn the relationship between
driving behaviour and fuel efficiency based on the available vehicle telemetry data.
The task can therefore be formulated as a supervised regression problem, where the
goal is to predict the fuel efficiency of a vehicle based on a set of observed driving
behaviour variables.

Let X = [x1, X, ..., x| denote the vector of input features representing aggregated
driving behaviour for a given observation window. Each feature x; corresponds to
one actionable parameter describing aspects of vehicle operation, as described in
section 4.1.2.

The target variable y represents fuel efficiency, defined as kilometres driven per litre
of fuel (km/L). Higher values of y therefore indicate more fuel-efficient driving.

Given a dataset consisting of n observations, the objective is to learn a function

fX) =y (4.1)

that maps the input features to the corresponding fuel efficiency value. The learned
function f can then be used to estimate fuel efficiency for previously unseen obser-
vations based on their driving behaviour characteristics.

4.2.2 Data Cleaning and Preprocessing

Prior to model training, a series of preprocessing steps were applied to improve data
quality and achieve comparability between observations. These steps included filter-
ing of vehicles, feature selection, handling of missing values, removal of redundant
variables, and treatment of extreme values.
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The original telemetry dataset contained approximately 300 parameters, as de-
scribed in Section 4.1.2. To reduce noise and avoid information leakage, a series
of filtering steps were applied:

1. Removal of features with excessive missing values. Variables with
more than 15% missing observations were removed in order to avoid excessive
imputation and potential bias in the modelling stage. Previous similar work
within Volvo had applied a threshold of 10%, but this threshold was increased
to 15% in order to retain more potentially useful data.

2. Removal of fuel-related variables. Parameters directly related to fuel con-
sumption, such as TOTAL_FUEL, IDLE_FUEL, and TOTAL_CONSUMPTION, were
removed to prevent information leakage into the prediction of the target vari-
able.

3. Exclusion of non-actionable parameters. Variables previously classified
as non-actionable were excluded from the modelling stage, since the goal of the
analysis was to focus on driving behaviours that can potentially be influenced
through driver coaching.

4. Removal of redundant representations. Some behavioural parameters
were available both as percentages of driving time and as percentages of driven
distance (e.g., CRUISE_TIME and CRUISE_DIST). In such cases, only the time-
based representation was retained in order to maintain consistency across fea-
tures and reduce redundancy between highly correlated variables.

To further reduce redundancy among the remaining variables, a correlation analy-
sis was performed across the remaining features. When two variables exhibited a
Pearson correlation coefficient greater than 0.85, one of the variables was removed.
The purpose of this step was to reduce multicollinearity and to prevent similar be-
havioural patterns from being overrepresented in the model. After applying these
filtering steps, a total of 24 telemetry features remained for both the 5XT and the
7XT segments. These can be seen in Table 4.4.

In addition, extreme values were filtered to mitigate the impact of potential sensor
noise or data recording errors. Observations falling outside the 1st and 99th per-
centiles of each numerical feature were removed. This trimming approach ensured
that extreme sensor readings did not disproportionately influence the model train-
ing process. Vehicles that had driven less than 100 km for the time period was also
removed, after recommendation from domain experts at Volvo. Table 4.3 provides
an overview of the resulting datasets.

After preprocessing, the remaining variables were used to construct the input feature
matrix X and the target vector y. Each observation corresponded to an aggregated
driving period for a specific vehicle, with features representing aggregated driving
behaviour metrics and the target variable representing fuel efficiency.
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Table 4.3: Overview of the final datasets used for modelling after preprocessing.

Segment Observations Unique Vehicles Features Engine
7XT 74240 11159 24 D13K540
5XT 4531 910 24 D13K460

4.2.3 Model Selection

To model the relationship between driving behaviour variables and fuel efficiency,
a tree-based gradient boosting model was selected. Specifically, the Light Gradient
Boosting Machine (Light GBM) [61] algorithm was used for the predictive modelling
task.

LightGBM is an ensemble learning method based on gradient boosting decision
trees, where multiple weak learners are sequentially combined to improve predictive
performance [61]. Tree-based boosting models are suited for tabular datasets, as they
can effectively capture non-linear relationships and complex interactions between
variables without requiring extensive feature engineering or feature scaling. These
properties make Light GBM a suitable choice for modelling vehicle telemetry data,
where relationships between driving behaviour and fuel efficiency may be non-linear.
The Light GBM algorithm was implemented using the Light GBM Python package,
specifically the LGBMRegressor implementation [62].

In addition to predictive performance, model interpretability was an important con-
sideration in this study. Tree-based models are compatible with post-hoc explana-
tion techniques such as SHAP, which allow the contribution of individual features
to model predictions to be analysed (as described in Section 3.3). This capability is
particularly relevant in the context of driver coaching, where understanding the in-
fluence of specific driving behaviours is essential for generating actionable feedback.

As a baseline comparison, a ridge regression model was also evaluated. Ridge re-
gression provides a regularized linear modelling approach that can serve as a useful
reference point for assessing the benefits of more flexible non-linear models. Since
linear models are sensitive to feature scaling, the input features were standardized
prior to training using StandardScaler from the scikit-learn library [63]. In addi-
tion, median imputation was applied using SimpleImputer also from the scikit-learn
library to handle any remaining missing values in the data. The ridge model was
implemented using the Ridge implementation from the scikit-learn library. How-
ever, tree-based gradient boosting models were ultimately selected as the primary
modelling approach due to their ability to capture more complex relationships in
the data.

4.2.4 Training Procedure

Predictive models were trained separately for each operational segment using the
corresponding subset of vehicles. In this study, models were trained for both the
5XT and 7XT segments.

To evaluate model performance while avoiding information leakage, grouped cross-
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Table 4.4: The remaining features used in the modelling stage

No. Feature Description

1 ACC 1250 1400 RPM % of total time where the engine operates be-
tween 1250-1400 RPM while producing torque.

2 ACC 900 1250 RPM % of total time where the engine operates be-
tween 900-1250 RPM while producing torque.

3 BRAKE MODE ACT Number of activations of the Brake program.

4 BRAKE TIME % of total time spent in Brake mode.

5  COASTING_ DIST % of total distance spent coasting (vehicle mov-
ing without fuel injection).

6 COASTING_SPEED Average vehicle speed during coasting periods.

7 CRUISE TIME % of total time spent using cruise control.

8 DRIVE_SPEED Average driving speed, calculated as total driv-
ing distance divided by total driving time.

9 DRIVING. MODE E DIST % of total distance driven in Economy mode.
10 ECOROLL ACT DIST % of total distance where the Eco-Roll function
is active.

11 ECOROLL ENA DIST % of total distance where the Eco-Roll function
is enabled.

12 GB_AUT_TIME % of total time the gearbox operates in auto-
matic mode.

13 GB_HIGH % of total distance where the gearbox operates
in the high gear range.

14 GB_MAN TIME % of total time the gearbox operates in manual
mode.

15  IDLE_IROLL % of total time spent in a low engine speed and
torque state associated with I-Roll operation.

16 IDLE_TIME % of total time spent idling (vehicle stationary
with engine running).

17  KICKDOWN MODE ACT  Number of activations of the Kickdown mode.

18  KICKDOWN MODE TIME % of total time the Kickdown mode is active.

19 MAX ENG_SPEED Maximum recorded engine speed during engine
overspeed events.

20 PEDAL TIME % of total time spent in Pedal mode.

21 POWER MODE TIME % of total time spent in Performance mode.

22 SVC_BRAKE Number of service brake activations per 100 km
driven.

23 TORQUE_MODE_3 % of total engine operating time spent in a spe-
cific engine speed and torque operating range.

24  TORQUE_MODE_ 30 % of total engine operating time spent in a spe-

cific engine speed and torque operating range.
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validation was applied. Because the dataset contains multiple observations from
the same vehicle across different time periods, a GroupKFold strategy was used
with vehicle ID as the grouping variable. GroupKFold ensures that all observations
belonging to the same group remain within a single fold, preventing observations
from the same vehicle from appearing in both training and validation sets [64]. This
reduces the risk of overly optimistic performance estimates caused by the model
learning vehicle-specific patterns rather than general relationships in the data.

Cross-validation was performed using five folds. In each iteration, the model was
trained on four folds and evaluated on the remaining fold. Final performance metrics
were obtained by averaging the results across all folds.

The Light GBM models were implemented using the LGBMRegressor class from the
Light GBM Python package. The ridge regression baseline was implemented using
the Ridge estimator from the scikit-learn library within a preprocessing pipeline.
Since linear models are sensitive to feature scaling, the ridge model pipeline included
feature standardization using StandardScaler and median imputation of missing
values using SimpleImputer.

For the ridge regression baseline, a regularization parameter of « = 1.0 was used,
corresponding to the default value in the scikit-learn implementation. Hyperparam-
eters for the Light GBM models were selected through a targeted tuning procedure
described in Section 4.2.5.

4.2.5 Hyperparameter Tuning

Hyperparameters of the Light GBM models were selected through a two-stage tuning
procedure. The objective of this process was to identify model configurations that
provided strong predictive performance while avoiding unnecessary model complex-

ity.

In the first stage, the learning rate and number of boosting iterations were examined.
Gradient boosting models build trees sequentially, and the number of boosting iter-
ations therefore directly affects the capacity of the model. A small grid search was
performed over different learning rates and numbers of estimators while evaluating
predictive performance using the grouped cross-validation procedure described in
Section 4.2.4.

Figures 4.3a and 4.3b show the cross-validated performance of the Light GBM model
as a function of the number of boosting iterations for the 7XT and 5XT segments,
respectively. In both segments, predictive performance improved as additional boost-
ing iterations were added, but eventually reached a plateau where further increases
provided only marginal improvements.

For the 7XT segment, which contains substantially more observations, the perfor-
mance plateau occurred at approximately 3000 boosting iterations. For the 5XT
segment, which contains fewer observations, the plateau occurred earlier at approxi-
mately 500 boosting iterations. Consequently, these values were selected as the final
numbers of boosting iterations for the respective segment models. The learning rate

39



4. Method
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Figure 4.3: Cross-validated performance of the Light GBM model as a function of
the number of boosting iterations. The plot shows the mean R? score across five
GroupKFold validation folds for different values of n_estimators, with error bars
indicating the standard deviation across folds.

selected through the grid search was 0.05 for both segments.

In the second stage, a targeted hyperparameter search was conducted to tune pa-
rameters controlling tree complexity and stochastic regularization. Specifically, the
parameters feature_fraction, bagging fraction, and num_leaves were explored
through a grid search evaluated using the same grouped cross-validation proce-
dure described in Section 4.2.4. The parameter feature_ fraction determines
the proportion of features randomly sampled for each boosting iteration, while
bagging fraction controls the proportion of training observations used when per-
forming row subsampling. The parameter num_leaves controls the maximum num-
ber of leaves in each decision tree and therefore influences the complexity of the
learned model.

Row subsampling was enabled by fixing the parameter bagging freq to 1, ensuring
that subsampling was applied at every boosting iteration when bagging was active.
All remaining hyperparameters were kept at their default values in the Light GBM
implementation.

The results of the hyperparameter search are illustrated in Figures 4.4 and 4.5,
which visualize the mean cross-validated R? scores for different combinations of
feature_fraction and bagging fraction across the evaluated values of num_leaves.
The results indicate that moderate levels of feature and observation subsampling
generally improved predictive performance compared to using all features and ob-
servations. Additionally, smaller values of num_ leaves tended to produce slightly
better results, suggesting that limiting tree complexity helped reduce overfitting.

Based on these results, the final hyperparameter configurations summarized in Table
4.5 were selected for the Light GBM models in each segment.
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LightGBM Hyperparameter Search Results for the 7XT segment
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Figure 4.4: Results of the LightGBM hyperparameter search for the 7XT seg-
ment. The heatmaps show the mean cross-validated R? scores for combinations
of feature_fraction and bagging_fraction for different values of num_leaves.

LightGBM Hyperparameter Search Results for the 5XT segment
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Figure 4.5: Results of the LightGBM hyperparameter search for the 5XT seg-
ment. The heatmaps show the mean cross-validated R? scores for combinations
of feature fraction and bagging fraction for different values of num_leaves.

4.2.6 Model Evaluation

Model performance was evaluated using both the coefficient of determination (R?)
and the Mean Absolute Error (MAE), in order to capture complementary aspects
of model performance.

The R? metric measures the proportion of variance in the target variable that is
explained by the model predictions [65]. It is defined as:

n ~\2
R2=1-— M) 4.9
Y (v — y)? 4.2)

where y; represents the true target values, ¢; the predicted values, and y the mean
of the observed target variable. As such, R? provides an interpretable measure of
how well the model captures the relationship between driving behaviour variables
and fuel efficiency.

In contrast, the MAE quantifies the average magnitude of prediction errors in the
original unit of the target variable [66]. It is defined as:
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Table 4.5: Final Light GBM hyperparameters selected for each segment.

Segment Ir n_estimators feat frac bag frac leaves

TXT 0.05 3000 0.8 0.7 15
5XT 0.05 500 0.7 0.7 15
12 R
MAE = n Z |yz - yila (4-3)
i=1

providing a directly interpretable measure of how far predictions deviate from the
true values on average.

The two metrics were used together to capture both explanatory power and pre-
dictive accuracy. While R? reflects the 'goodness-of-fit" of the model [67], MAE
provides insight into the practical magnitude of prediction errors. Given the ob-
jective of analysing relationships between driving behaviour and fuel efficiency, R?
was used as the primary metric for model selection and hyperparameter tuning, as
described in Section 4.2.5, while MAE served as a complementary evaluation metric.

Model performance was assessed using grouped cross-validation, as described in
Section 4.2.4. For each fold, the model was trained on the training subset and
evaluated on the validation subset, and the resulting R? and MAE scores were
recorded. Final performance estimates were obtained by averaging the scores across
the five cross-validation folds.

Model training and evaluation were implemented using the cross_val_score func-
tion from the scikit-learn library, with the scoring metrics set to r2 and
neg_mean_absolute_error.

4.3 Model Interpretation and Feature Importance

While the predictive models described in the previous section allow fuel efficiency
to be estimated from driving behaviour variables, the objective of this study is not
only to achieve accurate predictions but also to understand which driving behaviours
influence fuel efficiency. Model interpretation methods are therefore required to
analyse how individual input variables contribute to the predictions of the trained
models. For this reason, SHAP values were computed for the trained Light GBM
models.

4.3.1 SHAP Implementation

To interpret the predictions of the trained LightGBM models and identify which
driving behaviour variables influence fuel efficiency, SHAP values were computed.
As described in Section 3.3, SHAP provides local feature attributions that quantify
how each input variable contributes to the model’s prediction relative to the model’s
expected output.
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Since the predictive models used in this study are based on gradient boosted decision
trees, SHAP values were computed using the TreeSHAP algorithm implemented in
the SHAP Python library. TreeSHAP is specifically designed for tree-based models
and allows exact Shapley values to be calculated efficiently by leveraging the struc-
ture of the trained decision trees [45]. The SHAP values were obtained using the
TreeExplainer class applied to the trained Light GBM models.

For each observation in the dataset, SHAP assigns a contribution value to every fea-
ture, indicating how that feature increases or decreases the predicted fuel efficiency
relative to the model’s expected value. The sum of all feature contributions together
with the base value equals the model prediction for that observation.

To analyse global feature importance, SHAP values were aggregated across all ob-
servations by computing the mean absolute SHAP value for each feature. This
measure reflects the overall influence of a variable on the model predictions across
the dataset. In addition to global importance measures, SHAP summary plots were
generated to visualize both the magnitude and direction of feature contributions.
For selected observations, waterfall plots were also used to illustrate how individual
driving behaviour variables contributed to the predicted fuel efficiency.

Because SHAP explanations depend on the background data used to represent the
models expected prediction, different background sampling strategies were explored
in this study. These strategies are described in the following subsection.

4.3.2 Background Dataset Selection

When computing SHAP values, feature contributions are calculated relative to a
background dataset that represents the model’s expected prediction. This back-
ground distribution is used to simulate missing features when evaluating the marginal
contribution of individual variables. Consequently, the choice of background data
influences how feature contributions are interpreted.

To account for potential dependencies between features, SHAP values were com-
puted using the interventional feature perturbation strategy, which conditions fea-
ture perturbations on the provided background dataset. This approach allows fea-
ture contributions to be estimated while respecting the joint distribution represented
by the background data [44].

In many applications, the background dataset is constructed by randomly sampling
observations from the full dataset. This approach approximates the average data
distribution and therefore results in feature contributions that describe how an ob-
servation differs from the typical behaviour observed in the dataset.

In this study, two different background sampling strategies were explored in order to
analyse how the interpretation of driving behaviour contributions changes depending
on the reference distribution.

1. Fleet-average background distribution: In the first approach, 200 ob-
servations were randomly sampled from the dataset to represent the overall
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distribution of driving behaviour. This configuration provides explanations
relative to the average driving behaviour within the analysed fleet segment.

2. Fuel-efficient background distribution: In the second approach, the back-
ground dataset was constructed by sampling 200 observations from the top
10% most fuel-efficient observations in the dataset. This alternative back-
ground distribution represents highly efficient driving behaviour and therefore
allows feature contributions to be interpreted relative to efficient driving pat-
terns rather than the fleet average.

The comparison of these two background datasets makes it possible to investigate
how the importance and interpretation of driving behaviour variables change when
predictions are explained relative to typical driving behaviour versus highly fuel-
efficient driving behaviour. This distinction is especially relevant in the context of
driver coaching, where the objective is not only to explain current behaviour but
also to identify how drivers differ from more efficient driving patterns.

4.3.3 Feature Importance Analysis

To analyse how different driving behaviour variables influence the model predictions,
SHAP values were examined at both the global and local levels. Global feature
importance was assessed by aggregating SHAP values across all observations. For
each feature, the mean absolute SHAP value was computed according to

1 n
Importance; = - > il (4.4)
i=1

where ¢;; represents the SHAP value of feature j for observation i. This measure
reflects the overall influence of each feature on the model predictions across the
dataset.

To visualise the distribution and direction of feature contributions, SHAP summary
plots were generated. These plots display the magnitude of feature contributions for
all observations while simultaneously showing how the value of each feature affects
the predicted fuel efficiency.

In addition to global feature importance, local explanations were examined for indi-
vidual observations using SHAP waterfall plots. These visualizations illustrate how
specific driving behaviour variables contribute to the predicted fuel efficiency for a
single observation relative to the models expected prediction.

Finally, to investigate the robustness of feature importance estimates, both the ef-
fect of different background datasets and the stability of feature importance across
repeated model runs were considered. By comparing feature importance values
obtained under different reference distributions and across multiple model initial-
izations, the consistency of feature rankings can be assessed. In addition, segment-
specific explanations were compared on held-out observations to assess whether iden-
tical driving behaviour was interpreted differently by the two segment models.
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4.3.4 Cross-Segment Explanation Comparison

To further assess whether the segment-specific models interpret driving behaviour
differently, an additional comparison was performed using held-out observations that
were not included in the training data. The same observations were passed through
both the 5XT and 7XT models, and SHAP explanations were generated for each
model using the fuel-efficient background dataset. This made it possible to compare
how identical driving behaviour was interpreted under different segment-specific
models.

The comparison was conducted separately for held-out observations originating from
the 5XT and 7XT segments. The held-out test set consisted of 32 observations
from the 5XT segment and 36 observations from the 7XT segment, none of which
were included in the model training process. For each observation, the predicted
fuel efficiency from the two models was compared, and the corresponding SHAP
explanations were analysed across the shared input features.

Several metrics were used to quantify the similarity between the two explanations.
First, the prediction difference was computed as the difference between the fuel-
efficiency predictions produced by the 5XT and 7X'T models for the same observation.
Second, cosine similarity was used to compare the full SHAP attribution vectors,
providing a measure of how similar the overall direction of the explanations was [68].
Cosine similarity ranges from -1 to 1, where higher values indicate that the two
models assign feature contributions in a more similar overall direction and relative
pattern. It is formally defined in Eq. 4.5. Third, sign agreement was computed
as the proportion of features for which the two models assigned contributions with
the same sign. This indicates whether the models agree on whether each feature
increases or decreases the predicted fuel efficiency. Finally, the strongest positive
and strongest negative contributors were compared to assess whether the two models
identified the same main beneficial and detrimental driving behaviours for each
observation.

In addition to these observation-level metrics, feature-level paired comparisons were
conducted for the most influential variables identified in the global SHAP analysis.
For each selected feature, SHAP values generated by the 5XT and 7XT models
for the same observations were compared using paired t-tests [69]. Since multiple
features were tested simultaneously, p-values were adjusted using false discovery rate
correction. These comparisons were used to evaluate whether differences in feature
attribution between the segment-specific models were systematic across the held-out
observations.

4.4 RAG Architecture

In an effort to ground the LLMs responses in factually correct documents, a RAG
pipeline was implemented. The pipeline is structured into four core phases: ingestion
and chunking, vectorization, retrieval, and context assembly. The pipeline begins
by extracting raw text from Volvo documents. For this project, three different
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documents were used:

e One Vehicle Manual from 2012. It consists of information mainly regarding
the vehicle, e.g. how infotainment screen functions, but also shorter driver
instructions.

o Two trainer-booklets, one from 2018 and one from 2022, containing driving
tips for how to drive in the best ways.

Including the entire volume of these manuals in every query would make the cost
unnecessarily expensive, and likely give poor results. Therefore, the text was par-
titioned into manageable segments known as chunks. Each chunk consists of a set
amount of tokens, where each token represents approximately four characters. To
ensure that sentences are not arbitrarily cut off, which can strip the text of its con-
text, it is conventional that the system utilizes a sliding window approach with a
defined token overlap. To determine the optimal chunk size, overlap length, and the
number of chunks to retrieve (k), an evaluation environment was established using
the Ragas framework [70]. Ragas ranks RAG architectures across four key metrics:
precision, recall, faithfulness, and relevance. We evaluated across the four metrics,
evaluating for different combinations of chunk sizes (64-256 tokens), overlaps (0-30
tokens), and retrieval counts (1-5 chunks). The tested configurations are seen in
Table 4.6. The final system utilizes a fixed chunk size of 256 tokens, a 30-token
overlap and a retrieval count of kK = 3 chunks. While larger configuration yielded
marginally higher metric scores, this specific setup provided a good balance between
high-quality context, latency, and operational cost.

Table 4.6: Evaluation of RAG parameters across various metrics.

Chunk Overlap Top K Prec. Recall Faith. Relev. Time Mean
64 10 2 0.667 0.604  0.944  0.627 202 0.710

64 10 3 0.661 0.629 0958  0.707 210 0.739
64 10 3 0.539  0.629  0.889  0.753 243 0.703
128 20 2 0.633 0.413 1.000 0.617 155  0.666
128 20 3 0.667 0.696  0.920  0.726 172 0.752
128 20 3 0.658 0.777 1.000 0.791 224 0.807
256 30 2 0.833 0.594 0.850 0.724 516 0.750
256 30 3 0.800 0.850  0.950  0.766 236 0.842
256 30 3 0.745 0.975 1.000 0.861 345  0.895

Once segmented, indexing is performed once prior to system startup to minimize
runtime delays. Each text chunk is transformed into a vector representation. For
this project, OpenAl’s text-embedding-3-small model was selected via Volvos in-
ternal Azure AI Hub. As seen in Table 4.7, this model provides a balance of cost
and performance, outperforming older architectures on the Massive Text Embedding
Benchmark (MTEB). MTEB evaluates embedding models across tasks such as se-
mantic similarity and information retrieval [71]. Strong performance on the MTEB
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indicates that the model produces embeddings suited for the semantic search utilized
in this system.

The chosen model maps the text into a vector space where geometric proximity
reflects semantic similarity. Evaluating this proximity is done via Cosine Similarity,
which calculates the cosine of the angle # between two non-zero vectors, A and B:

Cosine Similarity = cos(#) = HjHHBBH (4.5)

Before the vectors are stored in the system’s global state, L2 normalization is applied,
scaling each vector to a unit length of one (||A|| = ||B|| = 1). This transformation
simplifies the retrieval phase, allowing the system to compute Cosine Similarity
utilizing a dot product:

i=1

Table 4.7: Embedding models evaluated via Volvos Internal Azure AT Hub.

Embedding Model Provider Cost (USD / 1M tokens) MTEB Eval.

text-embedding-ada-002 ~ OpenAl $0.10 61.0%
text-embedding-3-large ~ OpenAl $0.13 64.6%
text-embedding-3-small ~ OpenAl $0.02 62.3%

During inference, the system employs a dual-retrieval approach to provide context.
Using the same embedding model, the system vectorizes both the user’s explicit
query and a secondary query targeting the driver’s most critical area for improve-
ment (i.e., their lowest-scoring eco-driving metric). The system then calculates the
dot product between these query vectors and the pre-computed document matrix to
determine semantic proximity. These top-ranked snippets are then combined into a
string which is injected into the prompt.

4.5 Coaching generation

Inspired by the work of Costa et al. [11], as mentioned in Section 2.3, the objective of
the coaching system is not only to explain model predictions but to translate them
into concise, actionable feedback that drivers can realistically apply during daily
operations. To achieve this, the system combines model interpretability techniques
with natural language generation. SHAP explanations are first used to identify
the most behaviourally relevant driving variables for a trip. These signals are then
contextualized using a structured knowledge base and translated into conversational
coaching messages by an LLM.
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4.5.1 Natural Language Generation

To generate the coaching feedback and handle driver inquiries, an LLM was inte-
grated into the system pipeline. This ensures that truck data is translated into easily
understandable and conversational responses for the user.

There is a large amount of different LLMs, with models often specalized for distinct
use cases and architectural constraints. Therefore, finding an objective and fair
comparative score between models is hard to come by. This study utilizes the
Holistic Evaluation of Language Models (HELM) capabilities score developed by
Liang et al.[72]. For the purpose of this thesis and to establish a common ground
of comparison, the HELM Capabilities mean score serves as the primary evaluative
baseline for model performance. Consequently, model selection was restricted to
models currently ranked within the HELM framework.

To ensure a diverse pool of model providers, we limited models from the same model
provider, apart from OpenAl which we explain further down. A comprehensive
comparison of the investigated models is provided in Table 4.8. This table details
each model’s provider, HELM Capabilities mean score, Context window and the
operational cost per million input tokens. Furthermore, it tracks licensing status
(open-source vs closed-source), inference speed (measured as Time to First Token),
COy emissions and their availability on Volvo’s Internal Azure Al Foundry. Because
no provider publishes CO5 emissions, these are estimated based on the Green Algo-
rithms framework [73]. Information regarding context window, operational cost and
inference speed are all gathered from Artificial Analysis [74].

Requirements for the project’s LLM were divided into two primary categories: tech-
nical performance and corporate compliance. On the technical side, each model
was evaluated across four metrics: reasoning capabilities, operational cost, inference
speed and carbon footprint.

Because the application is designed for mobile use where user experience relies on
quick interactions, low latency is important. Furthermore, since the model’s task
involves interpreting structured truck telemetry data rather than executing complex
cognitive tasks (e.g., code generation), massive parameter models were deemed un-
necessary. Generally, utilizing smaller models reduces the cost per token. Finally,
since this project overall is focused on reducing fuel consumption of trucks and thus
emissions, it would be contradictory to power the application via a model that is
bad for the environment.

Beyond technical specifications, the model had to comply to Volvo’s corporate data
governance and privacy policies. This required the model to be available and pre-
approved within Volvo’s internal Azure Al Foundry. This constraint significantly
influenced the selection process, leading to focus primarily on the OpenAl models.

Among the available candidates, OpenAl’s GPT-5-Nano seemed as the best option
fulfilling our initial requirements. According to the sources, it offered low latency
and low operating costs. However, during implementation, practical performance
deviated from these expectations. The latency was significantly higher than that
of other available GPT models. This is likely because the local Azure Al Foundry
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Table 4.8: LLMs investigated for this project.

Model Provider HLEM Context Cost/1M Open TTFT COse (g) Azure
Claude 4 Opus (Ext.) Anthropic 0.780 1M $15.00 No 1.51s ~4.2 No
DeepSeek-R1-0528 DeepSeek 0.699 130k $1.35 Yes 0.95s ~1.5 No
Gemini 3 Pro (Prev.) Google 0.799 1M $2.00 No 0.60s ~1.8 No
GPT 4.1 OpenAl 0.727 1M $2.00 No 0.85s ~2.1 Yes
GPT 4.1 Mini OpenAl 0.726 1M $0.40 No 0.65s ~0.5 Yes
GPT 4.1 Nano OpenAl 0.616 1M $0.10 No 0.48s ~0.2 Yes
GPT-5 Mini OpenAl 0.819 128k $0.30 No 0.55s ~0.4 No
GPT-5-Nano OpenAl 0.748 128k $0.05 No 0.35s ~0.1 Yes
Grok 4 xAI 0.785 256k $3.00 No 1.10s ~3.5 No
Kimi K2 Instruct Moonshot AT 0.768 256k $0.57 Yes 0.75s ~1.2 No
Llama 4 Mav. FP8 Meta 0.718 128k - Yes 0.45s ~0.8 No
Mistral Small 3.1 Mistral 0.558 128k $0.30 Yes 0.40s ~0.3 Yes
Nova Premier Amazon 0.637 1M - Yes 0.80s ~1.6 No
Qwen3 235B A22B Alibaba 0.798 256k $0.071 Yes 0.38s ~0.9 No

infrastructure does not prioritize this model, resulting in slower execution times
compared to alternatives. As such, GPT-5-Nano was ultimately discarded.

Instead, OpenAl’s GPT-4.1 Mini was selected for the final implementation. As
shown in Table 4.8, it achieves a high HELM score while maintaining a relatively low
operational cost. Furthermore, testing within the Azure Al Foundry environment
showed that the latency was significantly lower than that of alternatives such as
GPT-5-Nano, proving adequate for the project’s requirements.

4.5.2 Translating SHAP Explanations into Feedback

To generate actionable coaching feedback, the SHAP explanations produced by
the predictive model had to be translated into interpretable insights for the driver.
SHAP values quantify how individual driving behaviour variables contribute to the
predicted fuel efficiency relative to a chosen reference distribution. The choice of this
reference baseline therefore directly influences how driver performance is framed.

Presenting all drivers with explanations relative to highly fuel-efficient driving pat-
terns may highlight opportunities for improvement, but may also result in exclusively
negative feedback for drivers whose performance is substantially below that level.
Such feedback may reduce motivation and engagement, as drivers may perceive the
improvement gap as unrealistic.

To address this, the coaching system adopted an adaptive baseline strategy. When a
driver’s predicted fuel efficiency exceeds the random average performance within the
corresponding operational segment, explanations are generated relative to the fuel-
efficient background distribution described in Section 4.3.2. This allows drivers to
compare their behaviour with highly efficient driving patterns and identify further
improvement opportunities. Conversely, when a driver’s predicted efficiency falls
below the fleet average, explanations are generated relative to the random average
background distribution. This configuration should enable the system to highlight
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both positive and negative behavioural contributions regardless of the driver’s initial
skill level, thereby supporting constructive feedback that reinforces existing efficient
behaviours while still identifying areas for improvement.

After computing the SHAP explanations, the system identifies the feature with the
largest positive contribution and the feature with the largest negative contribution.
These two features represent the behaviours that most strongly improve or reduce
the predicted fuel efficiency for the analysed trip. In order to avoid overwhelming
the driver with excessive information, the feedback focuses only on these two signals.
Finally, the model can decide whether or not the negative behaviour should be in-
creased or decreased upon. The selected features, together with their corresponding
feature values and SHAP contributions, are then forwarded to the coaching genera-
tion pipeline.

4.6 Dynamic Prompt Construction

The generation of feedback is based on dynamic prompt assembly, rather than a
static instruction sent to the LLM. The prompt acts as the foundation; it provides
the exact context and instructions required to formulate the feedback. The system
constructs the prompt by combining four components: a persona, telemetric data
via SHAP, persistent semantic memory and retrieved knowledge context.

4.6.1 Persona and Behavioural Guardrails

When reasoning about how the feedback from the LLM should be formatted for
the driver, the structure and constraints of the system prompt are critical. Fol-
lowing the prompting strategies outlined by Kong et al. in Section 3.6, the model
is first assigned a specific persona: "an expert Volvo Truck driver instructor
specializing in eco-driving and fuel efficiency." The motivation for this
design choice is due to their findings that assigning a persona serves as an implicit
CoT trigger, thereby improving the model’s reasoning capabilities.

This role-setting also provides significant operational benefits. As identified in the
core prompting principles established by Marvin et al., in Section 3.6, the assignment
of a persona provides the necessary context to limit the model’s operational scope
strictly to the heavy-trucking domain. This defines a clear objective within the
system prompt, ensuring the generation of focused, domain-specific outputs. At the
same time, the primary goal of the system is set: to deliver feedback tailored to the
specific professional needs of truck drivers.

To govern the interaction model between the driver and the LLM, a set of be-
havioural guardrails was established. Given that the application operates within
the professional context of heavy-duty trucking, the written output must reflect high
levels of reliability and authority. The model is thus prompted to maintain a tone
that is "trustworthy, approachable, intelligent and positive," adopting a
helpful and professional persona.
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4.6.2 Targeting via SHAP

To structure the generated feedback, a specific format was established following
discussions with stakeholders at Volvo: the LLM must highlight one positive driving
behaviour and provide one constructive critique per trip. To fulfil this requirement,
the system utilizes the driver’s SHAP array (as detailed in Section 4.5.2) to isolate
the highest and lowest scoring metrics. These two data points act as the targeted
focus areas for the prompt. By constraining the LLM’s attention to these specific
metrics, the system guarantees that the resulting feedback is grounded in the driver’s
actual performance, while simultaneously setting the exact search parameters for the
subsequent knowledge retrieval phase.

To ensure the LLM accurately interprets these metrics, a semantic lookup table for-
matted in JSON was utilized. This mapping translates internal feature names (from
Table 4.4) into human-readable labels and short descriptions, giving the model the
necessary context for feedback generation. For example, the variable SVC_BRAKE
(Feature 22) is translated into the human-readable label "Service Brake," accompa-
nied by the description: "Number of service brake activations per 100 km. The
counter increases each time the brake pedal is actuated." These extracted features
not only ground the feedback in observed driving behaviour, but also serve as struc-
tured inputs to the subsequent prompt construction process.

In addition to the static trip-based targeting, the system incorporates a lightweight
form of temporal memory to support continuity in driver coaching. While the SHAP-
based analysis identifies the most relevant behaviours for a given trip, it does not
by itself capture how driver performance evolves over time.

To address this, previously generated coaching feedback is stored across reporting
periods in a persistent structure indexed by vehicle identifier. Each record contains
the previously targeted feature, the recommended improvement direction, and the
observed feature value for that period. At runtime, the system retrieves the most
recent prior record and compares it to the current observation, enabling the identi-
fication of whether the driver has improved, maintained, or worsened performance
with respect to previously highlighted behaviours.

This information is incorporated into the prompt as a structured follow-up signal,
allowing the LLM to acknowledge progress or reinforce areas that still require atten-
tion. In this way, the system moves beyond single-instance feedback and supports
coaching over time. This aligns with the concept of long-term memory in conversa-
tional systems discussed in Section 3.7, where stored information across interactions
enables more consistent and personalized system behaviour over time.

4.6.3 Persistent Semantic Memory Layer

A key limitation of LLMs, particularly when accessed through API-based services,
is the absence of persistent memory. As discussed in Section 3.7, model outputs
are conditioned solely on the current prompt and its context window. Consequently,
user-specific information such as preferences, goals, and constraints is not retained
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across interactions, leading to generic responses that may ignore previously expressed
user needs.

This limitation is particularly problematic in driver coaching scenarios, where ef-
fective feedback relies on adapting to individual drivers over time. Personalization
therefore requires mechanisms for storing and reusing user-specific information be-
yond a single interaction, corresponding to the concept of long-term memory in
conversational systems [59].

To address this, a lightweight semantic memory layer was implemented to enable
persistent personalization across sessions. While existing frameworks such as Mem0
[75] provide modular memory capabilities, a custom solution was developed in this
work. This decision was motivated by practical considerations, including limitations
in available versions and the need to maintain full control over stored data and
system behaviour.

An initial rule-based approach using regular expressions was explored for extracting
user-specific information. However, this approach proved too rigid to capture the
variability of natural language input. Instead, an LLM-based extraction method
was adopted, allowing the system to identify semantically meaningful information
from user messages. This design is conceptually inspired by recent work on memory-
augmented conversational agents, including Mem0, but represents a simplified im-
plementation tailored to the application domain.

The memory layer stores a constrained set of structured user-specific attributes to
support personalization. Each memory item is represented as a structured record
consisting of a type, key, and value. The design is intentionally limited to a prede-
fined schema in order to ensure interpretability and controllability of stored infor-
mation.

The following memory types are used:

e Preferences: Describe how responses should be presented, including ver-
bosity, tone, and formatting.

o Goals: Capture the primary long-term objective of the driver, such as improv-
ing fuel efficiency.

» Constraints: Represent explicit limitations or topics that should be avoided
in generated responses.

« Context: Store stable background information, such as the driver’s name or
operational driving context.

Memory items are extracted using a lightweight LLM (GPT-4.1 Nano via Volvo
GenAIHub) configured for deterministic behaviour. Given the current user message,
together with limited conversational context, the model is prompted to identify sta-
ble and reusable information and return structured memory entries in a predefined
JSON format. The full extraction prompt is provided in Appendix B.1.

Extracted memory items are stored on a per-user basis in a persistent JSON struc-
ture, enabling reuse across sessions. An example of the JSON store for one user
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can be seen in Appendix B.2. The storage mechanism supports both overwriting
and accumulation depending on the memory type. For example, preferences such as
verbosity may be updated over time, whereas constraints are accumulated to reflect
multiple user-defined limitations.

To ensure reliability, several constraints are applied during memory formation. These
include restricting the number of extracted items, enforcing valid typekey combina-
tions, and filtering invalid or placeholder values (e.g., “null” or “unknown”). Memory
extraction is therefore treated as a binary decision process in which candidate items
are either stored or discarded based on these validation rules.

At runtime, stored memory items are retrieved and incorporated into the system
prompt to guide response generation. This allows the system to adapt responses
to individual users while avoiding excessive prompt length. This memory repre-
sentation enables the system to move beyond single-turn interactions and instead
maintain continuity across sessions, supporting the individualized coaching strate-
gies discussed in Section 3.7.

4.6.4 Context Assembly and Prompt Fusion

Before interacting with the primary generation LLM, the different system compo-
nents (as described above) are combined into a single prompt. The system takes
the retrieved manual snippets, the targeted SHAP telemetry, and the retrieved per-
sonalization context from the semantic memory layer. By directly injecting these
modules into the prompt, the system leverages the LLM’s existing reasoning capa-
bilities while maintaining control over personalization and factual accuracy. This
augmented instruction block is combined with the user’s input within the process-
ing pipeline, ensuring that responses are conditioned on both the current query and
the constructed contextual information. A full excerpt of a prompt is provided in
Appendix C.

4.7 Mobile Application Prototype

The prototype developed in this thesis was chosen to be a mobile phone application,
to demonstrate its practical applicability. The selection of a mobile application
as the interface was inspired by the existing research discussed in Section 2.6. As
implemented by Magana and Munoz-Organero [36] and Massoud et al. [32], mobile
platforms offer a versatile way of combining vehicle data with a user-centric feedback
loop.

The purpose of the application was not to develop a production-ready solution, but
to provide a functional environment in which data processing, predictive modelling,
personalization, and language generation components could be integrated and eval-
uated as a cohesive system. The focus of the implementation was placed on the
response generation, rather than on UX optimization. Consequently, the application
was developed as a lightweight prototype intended to validate system functionality
and component interoperability.
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An overview of the complete system architecture and information flow is presented
in Figure 4.6. The figure illustrates how the mobile application interacts with the
back-end pipeline, where telemetry-derived insights, personalization components,
historical coaching context, and retrieved external knowledge are combined through
dynamic prompt construction before being processed by the LLM.
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Figure 4.6: A visualization of the complete pipeline of the prototype

4.7.1 Back-end

The back-end architecture was implemented in Python due to its strong ecosys-
tem for data processing, machine learning, and LLM-based applications. The back-
end served as the orchestration layer of the system, integrating telemetry analy-
sis, SHAP-based interpretation, semantic memory retrieval, prompt construction,
retrieval-augmented generation, and response generation.

Communication between the mobile application and the back-end was exposed
through REST-based API endpoints implemented using FastAPI. This enabled
structured interaction between the client interface and the underlying conversa-
tional pipeline. Incoming requests were validated and processed before being passed
through the prompt construction framework described in the previous sections.
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The back-end further maintained persistent storage for personalization memory and
historical coaching records using lightweight JSON-based persistence mechanisms.
These components enabled personalization and temporal continuity across interac-
tions without requiring external database infrastructure. The application was served
using Uvicorn, a web server compatible with FastAPI, enabling lightweight deploy-
ment and real-time interaction during prototype testing.

4.7.2 Front-end

The prototype front-end was developed using Flutter to provide a mobile conversa-
tional interface for interacting with the coaching system. Flutter was selected due to
its cross-platform capabilities and the development experience of the project team.

The application allowed users to interact with the system through both text and
voice-based communication. In addition to presenting generated coaching feedback,
the interface also exposed aspects of the personalization system through a dedicated
settings view, where stored memory items could be inspected, edited, or removed.
This was motivated by the transparency considerations discussed in Section 3.7,
allowing users greater visibility and control over stored personalization data.

The front-end communicated with the back-end through REST-based API endpoints
following a client-server architecture. All telemetry analysis, personalization logic,
and LLM-based response generation were performed server-side, while the mobile
application functioned primarily as an interaction and visualization layer. The imple-
mentation focused on validating system integration and demonstrating the generated
eco-driving feedback rather than optimizing usability or interface design.

4.8 Expert Evaluation of Final Prototype

Evaluating NLP systems without access to labelled datasets presents a significant
challenge. In the absence of an established ground truth, the quality and appropri-
ateness of generated responses must instead be assessed through human judgment.
Creating labelled datasets for conversational systems is both time-consuming and
costly, particularly in specialized domains where there may not exist a single objec-
tively correct response. As a scalable alternative, the paradigm of “LLM-as-a-judge”
has emerged, where LLMs are used to evaluate the responses generated by other
LLMs [76]. However, previous research indicates that in domain-specific settings,
subject matter experts are generally better suited to identify factual inaccuracies
and subtle quality differences in generated content.

For this project, no labelled dataset for eco-driving feedback existed. Therefore, the
final evaluation of the prototype was conducted through expert evaluation. The
recruitment criterion was domain expertise within Volvo Group, including experi-
ence related to truck operations, eco-driving, and data-driven analysis. A total of
five experts participated in the evaluation. This is consistent with prior literature
suggesting that even small groups of domain experts (2-3 participants) can provide
valuable insights in qualitative expert evaluations [77]. While expert evaluation is
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often associated with high financial cost, the primary challenge in this project was
instead the limited availability of domain experts and their ability to allocate time
for participation. Consequently, the evaluation was conducted in the form of a ques-
tionnaire rather than interviews, allowing participants to complete the evaluation
at their own convenience.

Before participating, respondents were informed about the purpose of the study and
that participation was voluntary. The consent form can be seen in Appendix D. No
personally sensitive information was collected. In addition to the evaluation ques-
tions, background information regarding participant expertise and familiarity with
eco-driving and Al-based tools was collected in order to contextualize the respondent

group.

The questionnaire consisted of three main sections. The first section (Part 1) fo-
cused on evaluating the overall quality of the generated eco-driving feedback, as
well as evaluating the impact of RAG on the generated responses. Participants were
presented with ten scenario-based examples derived from telemetry-based driving
insights, consisting of five RAG-based and five non-RAG responses, together with
the corresponding feedback generated by the Al driver coach. Following established
practices from previous literature [78], participants evaluated the responses across
several predefined quality dimensions using a five-point Likert scale. The evaluation
criteria are presented in Table 4.9.

Table 4.9: Definitions of the evaluation criteria used in the questionnaire.

Criterion Description

USEFULNESS The feedback would help improve the driver’s fuel effi-
ciency.

RELEVANCE The feedback focuses on the driver’s actual issues in the
scenario.

ACTIONABILITY The feedback provides advice that the driver can realis-
tically act upon.

CLARITY The feedback is clear and easy to understand.

TONE The feedback is presented in a trustworthy, approach-
able, intelligent and positive manner.

SPECIFICITY The feedback provides specific and concrete guidance

rather than general or vague advice.

The second section (Part 2) focused on personalization and contextual adaptation.
Participants were presented with pairs of generated responses corresponding to the
same driving scenario, where one response incorporated additional contextual or
historical driver information while the other did not. The participants were then
asked to compare the responses and select which alternative they perceived as more
appropriate and personalized for the given driver. This form of pairwise comparison
is commonly referred to as A/B testing. The compared responses were presented
without revealing which underlying system configuration generated them, as recom-
mended in the literature [78]. The final section consisted of open-ended questions
intended to capture qualitative reflections regarding the overall perception of the
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conversational Al coach.

The quantitative results from the Likert-scale questions were analyzed using descrip-
tive statistics, including mean values and standard deviations across the evaluated
criteria. For the pairwise comparison questions, the number of preferences for each
response alternative was summarized. The qualitative responses were analyzed using
a lightweight thematic analysis approach, where recurring themes and observations
were identified and grouped manually.

Because the questionnaire consisted of structurally similar scenarios that primarily
differed in the specific driving behaviors being evaluated, a representative question-
naire template is provided in Appendix D.
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Results

This chapter presents the results of the developed approach, covering both the data-
driven modelling pipeline and the conversational driver coaching prototype. The
results are structured in three parts. First, the predictive modelling results are
presented. Second, the prototype results illustrate how these insights are translated
into generated eco-driving feedback. Finally, the results from the expert evaluation
questionnaire are presented.

5.1 Modelling Results

This section presents the results from the predictive modelling of fuel efficiency
based on the driving behaviour variables. The primary objective of the modelling
was to identify behavioural patterns associated with higher or lower fuel efficiency
in the analysed fleet data. First, the predictive performance of the trained mod-
els is evaluated and compared against a baseline linear regression model. Subse-
quently, SHAP-based model interpretation is used to analyse how individual driving
behaviour variables influence the model predictions. Together, these results pro-
vide the foundation for deriving behavioural insights and personalized eco-driving

feedback.

5.1.1 Model Performance

The predictive performance of the models was evaluated using the cross-validation
procedure described in Section 4.2.4. Table 5.1 summarizes the mean and standard
deviation of R? and MAE across the five validation folds for both the LightGBM
model and the Ridge Regression baseline.

Table 5.1: Cross-validated predictive performance of the evaluated models.

Segment Model Mean R* Std Mean MAE  Std
7XT Ridge Regression 0.642 0.005 0.128 0.002
7XT Light GBM 0.796  0.007 0.100 0.001
5XT Ridge Regression 0.670 0.027 0.136 0.005
5XT Light GBM 0.744  0.020 0.121 0.005

The Light GBM model consistently achieved higher predictive performance than the
Ridge Regression baseline across both analysed segments, both in terms of R? and
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MAE. This indicates that the relationship between driving behaviour variables and
fuel efficiency is not purely linear and that non-linear modelling approaches are
well-suited for capturing the underlying patterns in the telemetry data.

The LightGBM models explain a considerable proportion of the variation in fuel
efficiency in both analysed segments. In addition, the MAE values indicate that the
prediction error is relatively small in the context of the target variable, with average
deviations of approximately 0.10 km/L for the 7XT segment and 0.12 km /L for the
5XT segment. This suggests that the models provide reasonably precise predictions
of fuel efficiency.

The slightly lower performance observed for the 5XT segment may partly be ex-
plained by the smaller dataset size available for this segment, which may limit the
model’s ability to capture complex behavioural patterns. The relatively small stan-
dard deviations across cross-validation folds suggest that the model performance is
stable across different validation splits.

To further verify that the observed performance differences were not dependent on
a single model initialization, the final LightGBM configuration for each segment,
as described in Section 4.2.5, was evaluated across 20 runs using different random
seeds. For each run, model performance was assessed using the same grouped cross-
validation procedure described in Section 4.2.4. The random seed affects internal
stochastic components of the Light GBM training process, such as feature subsam-
pling and bagging.

Across the repeated runs, the variation in the mean R? scores was small, indicating
that the predictive performance of the Light GBM models is stable with respect to
random initialization. A paired t-test was conducted to statistically compare the
Light GBM results with those of the ridge regression baseline. The results show that
the Light GBM models significantly outperform the ridge regression baseline in both
analysed segments (7XT: p < 10740, 5XT: p < 107%0).

These results indicate that the selected driving behaviour variables contain mean-
ingful information for explaining differences in fuel efficiency across vehicles.

5.1.2 Feature Importance (SHAP)

To understand which driving behaviour variables influence the fuel efficiency pre-
dictions, SHAP values were analysed for the trained LightGBM models. SHAP
provides feature-level contributions that quantify how each input variable influences
the models predicted fuel efficiency relative to the models expected prediction.

As previously discussed, SHAP explanations depend on a background dataset used
to estimate the models expected prediction. To assess whether the resulting feature
importance rankings depend strongly on this choice, two background datasets were
evaluated for each segment: (1) a random sample of observations from the segment
and (2) a sample consisting of the top 10% most fuel-efficient observations within
the segment.

Figure 5.1 compares the resulting mean absolute SHAP importance values obtained
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Figure 5.1: Comparison of mean absolute SHAP feature importance obtained using
two different background datasets for the (a) 7XT and (b) 5XT segments. Each point
represents a feature, and the diagonal line indicates identical importance under both
background selections.

from these two background selections for both the 7XT and 5XT segments. The
strong alignment of points along the diagonal indicates that the relative feature
importance rankings remain largely consistent across both configurations. However,
some features, particularly TORQUE_MODE_30, shift in magnitude depending on the
selected background distribution. This suggests that the background dataset mainly
changes the reference point of the explanation, while the main importance patterns
remain relatively stable.

Figure 5.2 shows the SHAP summary plots for the 7XT and 5XT segments. These
plots illustrate both the relative importance of features and the direction of their
influence on the predicted fuel efficiency. Each point represents a single observation,
where the horizontal position indicates the SHAP value and the colour indicates
the magnitude of the feature value. Positive SHAP values indicate that the feature
increases the predicted fuel efficiency, while negative values indicate a reduction in
the prediction.

The resulting feature importance rankings are summarised in Table 5.2, which re-
ports normalized mean absolute SHAP importance values for the most influential
features in both segments and under both background datasets.

The SHAP analysis indicates that several driving behaviour variables consistently in-
fluence fuel efficiency predictions across both segments. In particular, TORQUE_MODE_30
and DRIVE_SPEED are the two most influential variables in both segments, suggesting
that engine load characteristics and vehicle operating speed play a central role in
explaining variations in fuel efficiency.

Although the most important variables are broadly similar across segments, the
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Figure 5.2: SHAP summary plots for the (a) 7XT and (b) 5XT segments using the
efficient-driver background dataset.

relative importance of several features differs. For example, ACC_1250_1400_RPM,
GB_HIGH, IDLE_IROLL, and CRUISE_TIME show higher relative importance in the 5XT
segment, while ECOROLL_ACT_DIST, GB_AUT TIME, SVC_BRAKE, and COASTING DIST
are more influential in the 7XT segment.

The repeated-run analysis shows low variability in feature importance estimates
across random seeds, as indicated by the small standard deviations in Table 5.2.
This suggests that the observed segment-level differences are not primarily driven by
model stochasticity. However, the differences should still be interpreted as segment-
specific associations between driving behaviour variables and predicted fuel efficiency,
rather than direct causal effects.

5.1.3 Local Explanations for Individual Predictions

To illustrate how individual driving behaviours contribute to specific model pre-
dictions, SHAP waterfall plots were generated for representative observations from
both segments. These examples are used to demonstrate how feature contributions
vary depending on both the operational context (segment) and the selected reference
baseline.

The selected observations were chosen to represent typical driving instances within
each segment, rather than extreme outliers, in order to provide interpretable and
realistic examples of model behaviour. The waterfall plots decompose the predicted
fuel efficiency into additive contributions from individual features relative to the
models expected prediction. Each bar therefore represents the contribution of a
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Table 5.2: Comparison of normalized SHAP feature importance for the most in-
fluential variables under the efficient-driver and fleet-average background datasets.
Values represent mean =+ standard deviation across 20 model runs.

Feature 5XT Eff. 7XT Eff. 5XT Avg. 7XT Avg.

TORQUE_MODE_ 30 0.270 £ 0.003  0.266 £+ 0.001  0.202 £ 0.002  0.188 £ 0.001
DRIVE_SPEED 0.201 £ 0.002 0.217 £ 0.001  0.208 £ 0.002  0.215 %+ 0.001
IDLE IROLL 0.085 £ 0.001  0.076 £ 0.001  0.082 £ 0.001  0.069 £ 0.001

ACC_900_1250_RPM  0.066 + 0.002 0.068 £+ 0.001  0.085 £ 0.001  0.088 %+ 0.001
ACC_1250_1400_RPM 0.068 & 0.002  0.043 £ 0.001  0.068 £ 0.002  0.056 % 0.001

COASTING__DIST 0.043 £ 0.001 0.047 £ 0.001 0.054 £ 0.001  0.058 £+ 0.001
GB_HIGH 0.042 £ 0.001 0.029 £ <0.001 0.040 £ 0.001 0.030 + <0.001
CRUISE_TIME 0.036 £ 0.001 0.031 £ <0.001 0.039 £ 0.001 0.031 £ 0.001
ECOROLL_ACT_DIST 0.021 £ 0.001  0.040 £ 0.001  0.028 + 0.002  0.048 £ 0.001
GB_AUT_ TIME 0.007 £ 0.001  0.020 £ 0.001  0.007 £ 0.001  0.021 £ 0.001

specific feature to the final prediction for that observation.

The figures also allow comparison between the two background datasets used for
SHAP estimation. Figure 5.3 shows the results for an example observation from the
7XT segment, while Figure 5.4 presents the an example from the 5XT segment.
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Figure 5.3: SHAP waterfall plots for a representative observation in the 7XT segment
using (a) fuel-efficient and (b) random observations as background data.

For the 7XT example, the predicted fuel efficiency of the selected observation is lower
when compared to both reference baselines, although the difference is substantially
larger when using the baseline derived from the most fuel-efficient drivers. When
using the efficient-driver baseline, several features contribute negatively to the predic-
tion, most notably TORQUE_MODE_30, followed by variables related to engine load and
acceleration behaviour such as ACC_900_1250_RPM and ACC_1250_1400_RPM. Addi-
tional negative contributions are observed for DRIVE_SPEED and COASTING DIST,
indicating that the driving behaviour for this observation differs from the patterns
observed among the most fuel-efficient drivers.

When using the random background dataset, the relative contributions of some
variables change. In this configuration, features such as ECOROLL_ACT DIST and
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IDLE_IROLL contribute positively to the prediction, indicating that the driver’s be-
haviour performs relatively well compared to the fleet average for these aspects.
However, variables related to engine torque utilisation and acceleration behaviour
still contribute negatively to the prediction. This demonstrates that the choice of
background dataset primarily affects how deviations from a reference behaviour are
interpreted, rather than the underlying direction of the feature contributions.
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PEDAL_TIME —0.08] PEDAL_TIME  —0.07 .
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(a) Fuel-efficient background (b) Random background

Figure 5.4: SHAP waterfall plots for a representative observation in the 5XT segment
using (a) fuel-efficient and (b) random observations as background data.

For the 5XT observation, the overall prediction remains relatively similar under both
background configurations, although the magnitude of individual feature contribu-
tions varies. In this case, the predicted fuel efficiency is higher than the baseline
derived from the most fuel-efficient drivers, indicating that the selected observation
represents a highly efficient driving instance.

In this example, TORQUE_MODE_30 contributes strongly and positively to the pre-
dicted fuel efficiency, indicating favourable engine load behaviour. In contrast, fea-
tures such as DRIVE_SPEED and PEDAL_TIME contribute negatively to the prediction,
suggesting that improvements in speed management and accelerator usage could
potentially increase fuel efficiency further.

To further investigate segment-specific effects, a randomly selected observation from
the 5XT segment was analysed using both the 5XT and 7XT models. This compar-
ison revealed differences in how identical driving behaviour is evaluated depending
on the operational context. The resulting SHAP explanations using the fuel-efficient
baseline are shown in Figure 5.5.
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Figure 5.5: Comparison of SHAP explanations for the same observation when using
segment-specific models.

The results of this example show that the same driving behaviour is interpreted
differently depending on the model used. While some features contribute in a similar
direction, the magnitude and relative importance of contributions differ between the
two models.

To assess whether these differences extend beyond individual examples, the cross-
segment comparison described in Section 4.3.4 was applied to held-out observations
from both segments. The resulting similarity metrics are presented in Tables 5.3
and 5.4.

Table 5.3: Comparison of segment-specific SHAP explanations across held-out ob-
servations using the fuel-efficient background dataset. Values are reported as mean
+ standard deviation unless otherwise stated.

Metric 5XT observations 7XT observations
Prediction difference 0.320 £ 0.172 0.411 £ 0.160
Cosine similarity 0.770 £ 0.206 0.862 £ 0.142
Sign agreement 0.759 £+ 0.093 0.713 £ 0.078
Same strongest positive contributor 0.375 0.556

Same strongest negative contributor 0.656 0.806

The results presented in Table 5.3 indicate that the segment-specific models fre-
quently produce different predictions and SHAP explanations for the same driving
observations. The average prediction differences between the models are apparent
for both observation sets, suggesting that the estimated fuel efficiency depends not
only on the observed driving behaviour itself but also on the operational context
represented by the segment-specific models.

At the same time, the cosine similarity and sign agreement metrics indicate that
the overall explanation patterns remain partially consistent across models. In many
cases, the models identify similar general behavioural trends, even if the magnitude
of the feature contributions differs. This suggests that certain behavioural effects
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generalise across segments, while the relative importance of these effects remains
context-dependent.

The agreement analysis of the strongest contributing features further highlights this
behaviour. The models more frequently agree on the strongest negative contributor
than on the strongest positive contributor, particularly for the 7XT observations.
This may indicate that inefficient driving patterns are more consistently identified
across operational contexts, whereas efficient driving behaviour appears to be more
segment-specific.

Table 5.4: Feature-level comparison of SHAP contributions between the 5XT and
7XT models across held-out observations using the fuel-efficient background dataset.
Reported p-values correspond to paired t-tests with false discovery rate correction.

5XT observations 7XT observations

Feature 5XT model 7XT model Abs. diff Dadj 5XT model 7XT model Abs. diff Dadj

TORQUE_MODE 30 -0.110 -0.259 0.166 5.16 x 1071© -0.169 -0.393 0.224 323 x 1072
DRIVE_SPEED -0.058 0.023 0.097 1.93 x 1076 -0.000 0.095 0.105 1.65 x 10710
IDLE_IROLL 0.013 -0.006 0.020 4.29 x 1077 -0.012 -0.033 0.023 8.28 x 1076
ACC_900_1250_RPM -0.105 -0.025 0.083 4.56 x 10713 -0.083 -0.002 0.081 5.30 x 10717
ACC_1250_1400_RPM -0.046 0.016 0.062 6.47 x 10717 -0.054 -0.011 0.045 5.44 x 10710
COASTING__DIST -0.038 -0.022 0.040 0.049 -0.025 -0.008 0.026 2.80 x 1074
GB_HIGH -0.031 -0.018 0.014 2.81 x 1073 -0.035 -0.031 0.015 0.322

CRUISE TIME -0.009 -0.003 0.018 0.159 0.016 0.039 0.027 211 x 1076
ECOROLL__ACT_DIST -0.004 -0.022 0.028 5.03 x 1073 -0.007 -0.036 0.034 8.35 x 1078
GB_AUT TIME -0.002 -0.011 0.010 4.50 x 10~° -0.002 -0.017 0.017 5.36 x 1076

The feature-level comparison presented in Table 5.4 further demonstrates that sev-
eral important driving behaviour variables are interpreted differently by the two
segment-specific models. Features such as TORQUE_MODE_30, DRIVE_SPEED, and
ACC_900_1250_RPM exhibit statistically significant differences in SHAP contribution
across both observation sets.

These results indicate that the relationship between driving behaviour variables
and fuel efficiency is context-dependent. While the models share several common
behavioural patterns, the differences observed in both prediction outputs and SHAP
explanations indicate that segment-specific modelling provides additional contextual
information that would not be captured by a single global model.

5.2 Prototype Results

This section presents the results from the prototype application. First, we provide
an illustrative example of the system’s pipeline in action. This includes presenting
the SHAP prediction waterfall plots used to identify key driving features, followed
by a direct comparison of the generated coaching feedback both without and with
the utilization of RAG. Finally, we compare the coaching feedback without and with
the utilization of a memory layer.

5.2.1 Feedback Generation Comparison

Provided below are the predicted results of a single truck from the 5XT segment
when compared against the random average (Figure 5.6a) and efficient drivers (Fig-
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ure 5.6b). Because the truck performs below average (2.325 km/L vs. an average of
2.34 km/L), it will be compared against the random average. Looking more closely
at Figure 5.6a, we can see that the driver’s most positive aspect is their utilization
of TORQUE_MODE_30, or Maximum Torque Time. The driver’s most negative feature,
however, is ACC_900_1250_RPM. These are the two primary features the coach will
highlight.
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TORQUE_MODE_30 +0.1
TORQUE_MODE_30 -0.14
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Figure 5.6: Comparison of SHAP explanations for the same truck observation when
comparing against (a) random average and (b) efficient baseline

To compare the effect of the retrieval mechanism, the generated feedback for this spe-
cific scenario was evaluated under two conditions. The baseline response, generated
without utilizing RAG, can be seen in Figure 5.7a. The corresponding response gen-
erated utilizing the full RAG pipeline is presented in Figure 5.7b. Both generated
responses identify and highlight the positive and negative features derived from
the SHAP analysis, praising the maximum torque time (TORQUE_MODE_30) while
identifying the specific acceleration range as an area for improvement. However, a
comparison of the output shows qualitative differences in how feedback is delivered.

When generating a response without the utilization of RAG (Figure 5.7a), the model
relies on its pre-trained internal knowledge base. The resulting feedback is theoret-
ically correct regarding general eco-driving principles. For example, it recommends
“smoother, controlled acceleration” to maintain the optimal engine speed. However,
the advice remains broad. Since the model lacks access to domain-specific docu-
mentation, the instructions are generic and lack concrete operational steps. The
feedback is factually sound from a general driving standpoint, but it does not in-
struct the user on how to utilize the vehicle’s specific hardware to achieve the desired
outcome.

Comparatively, the response generated utilizing the RAG pipeline (Figure 5.7b)
shows a integration of domain-specific context. While addressing the same under-
lying SHAP features, the RAG model translates the general need for improved
acceleration into hardware-specific instructions. It advises the driver to utilize the
“I-Shift automated mode with E or E+ shifting strategies,” warns against the use of
the fuel-intensive “P-mode,” and suggests monitoring the “turbo charge gauge” to
optimize gear shifts.
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Overall, the primary difference between the two outputs is the transition from generic
advice to technical instruction. The addition of RAG enables the system to ground
its feedback in the actual operational context of the truck, utilizing specific Volvo
terminology to guide the driver’s direct interaction with the vehicle’s systems.

11:05 Q

Volvo Chat Assistant

& Voice >

Hello, I am your Volvo assistant! | am
here to give you feedback on recent
driving, and how you can improve upon
it! If you have any questions related to
your specific truck, feel free to ask!
How can | help you today?

Hello, how was my driving?

Hello! Your recent driving shows some
strengths, especially in maintaining
maximum torque time, which is great
for efficient power use. However, your
acceleration at 900-1250 RPM is below
average, meaning you spend less time
accelerating in the optimal engine
speed range. Increasing this can
improve fuel efficiency by keeping the
engine in its most effective power band
during acceleration. Focus on
smoother, controlled acceleration to
stay within that RPM range more often.
With some attention here, you can
quickly move from below average to
average performance. Keep up the
good work and let's aim for that
improvement together!

Can you give me more detailed
feedback on how to improve?
[Type message... j >

(a) Feedback output when not utilizing RAG

11:08 ©

Volvo Chat Assistant

Hello, I am your Volvo assistant! | am
here to give you feedback on recent
driving, and how you can improve upon
it! If you have any questions related to
your specific truck, feel free to ask!
How can | help you today?

Hello, how was my driving?

Hello! Your driving showed good use of
maximum torque time, which is a
strength. However, your overall
performance is below average, mainly
due to low acceleration time in the
900-1250 RPM range. Increasing your
engine time in this RPM band during
acceleration, especially when climbing,
will improve fuel efficiency. Try using
the |-Shift automated mode with E or E+
shifting strategies to keep steady revs
in the green band and avoid P-mode,
which increases fuel consumption.
Also, monitor the turbo charge gauge to
find a smooth throttle position for
efficient gear shifts. Focusing on these
adjustments will help bring your driving
up to an average, more economical
level. Keep practicing—you’re on the
right track!

[Type message... j >

(b) Feedback output when utilizing RAG

Figure 5.7: Comparison of feedback when not utilizing and utilizing RAG

5.2.2 Memory Layer Demonstration

This section demonstrates how the persistent semantic memory layer is exposed
through the interface and used during feedback generation. In addition to gener-
ating responses from telemetry-derived SHAP explanations and retrieved domain
knowledge, the prototype allows stored user-specific information to influence the
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generated feedback.

Figure 5.8 shows the same driving scenario under three interface states. Figure 5.8a
shows the generated response without access to the memory layer, Figure 5.8b shows
the corresponding response when stored memory items are included in the prompt,
and Figure 5.8c shows the settings view where these memory items are presented to
the user.

Comparing the two generated responses illustrates how these memory items affect
the output. Without memory, the assistant provides relevant feedback based on the
same driving scenario, but the response is generic in presentation. This example
demonstrates how the memory layer contributes to personalization in the prototype.
The stored information does not replace the telemetry-based coaching context or the
domain knowledge retrieved through RAG; instead, it modifies how the generated
feedback is framed and delivered. In this way, the prototype supports persistent user
modelling while also giving the driver visibility and control over the information used
for personalization.
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Volvo Chat Assistant Volvo Chat Assistant &< Settings

— General settings
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Hello, | am your Volvo assistant! | am
here to give you feedback on recent
driving, and how you can improve upon it!
If you have any questions related to your
specific truck, feel free to ask! How can |
help you today?

Hi! How was my driving?

Hi! Your driving performance was above
average—great job on that! You showed
excellent use of maximum torque time,
which helps keep the engine in its most
efficient power range. To further improve
fuel efficiency, focusing on increasing
acceleration within the 900-1250 RPM
range would be beneficial. This means
aiming to climb hills and accelerate
smoothly while keeping the engine
revolutions steady in that green band,
which saves fuel and reduces wear.
Using the I-Shift in automated mode with
E-mode strategy can help maintain this
optimal range. Keep up the good work,
and with a bit of focus on this area, your
fuel economy will improve even more!

driving, and how you can improve upon it!
If you have any questions related to your
specific truck, feel free to ask! How can |

help you today?
Hi! How was my driving?

Hi Ben! Your recent trip performance was
above average—great job, keep it up!
Here are some key points:

- Your maximum torque time is a strong
point, showing good use of the engine’s
power.

- One area to focus on is increasing your
acceleration time within the 900-1250
RPM range.

- Staying within this RPM range during
acceleration helps the engine work
efficiently and reduces fuel consumption.
- Try using the I-Shift in automated mode
and find a gentle pedal position to climb
smoothly while keeping RPMs steady in
this range.

- Keep practicing with the turbo charge
gauge visible to better feel the driveline
characteristics.

You're on the right track, and with a bit
more focus here, your fuel efficiency will
improve even more!
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(a) Response without memory.  (b) Response with memory.  (c) Stored memory items in the

settings interface.

Figure 5.8: Prototype demonstration of the semantic memory layer. The left image
shows a response generated without memory, the middle image shows the corre-
sponding response with semantic memory, and the right image shows the stored
memory items available in the settings interface.
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5.3 Results from Expert Evaluation Questionnaire

This section presents the results from the expert evaluated questionnaire described
in Section 4.8, which constituted the primary evaluation method for the developed
artefact. The results include both quantitative assessments and qualitative feedback
regarding the generated eco-driving responses, personalization and the overall per-
ception of the conversational Al coach. A summary of the participant backgrounds
and expertise is presented in Table 5.5.

Table 5.5: Summary of participant background information.

Characteristic Summary
Number of participants 5 for Part 1, of which 4 also answered Part 2
Professional backgrounds Data Engineering, Data Analytics and Application

Engineering, Business Development, UX Strategy,
and End User Function Ownership

Professional experience Majority of participants had more than 6 years of
professional experience
Eco-driving familiarity Participants reported moderate to very high famil-

iarity with eco-driving and fuel-efficient driving

Experience with eco-driving  All participants reported between 3-9 years of ex-
perience related to eco-driving

Formal eco-driving education 3 out of 5 participants had received formal eco-
driving education or training

AT tool usage All participants reported using Al-based tools such
as ChatGPT, Claude, Copilot, or Gemini on a
weekly or daily basis

General attitude toward Al Participants mostly expressed positive attitudes
toward Al and reported being comfortable using
Al tools in their work

5.3.1 Results from Part 1

The first section of the questionnaire evaluated the impact of the RAG pipeline on
the quality of the generated coaching feedback. Respondents were presented with
10 driving scenarios (five generated with the RAG pipeline and five without) and
asked to evaluate the system’s responses based on the six criteria defined previously
in Table 4.9. Evaluations were conducted using a 5-point Likert scale, ranging from
1 (“Strongly Disagree”) to 5 (“Strongly Agree”). The aggregated mean scores for
these evaluations are presented in Table 5.6.

The baseline LLM (Without RAG) yielded slightly higher overall scores among
the experts. As seen in Table 5.6, the non-RAG approach outperformed the RAG
pipeline in three of the six metrics (Usability, Tone, and Specificity), resulting in
a higher overall average (3.78 vs. 3.72). The RAG pipeline showed slight improve-
ments only in Actionability and Relevance, while Clarity remained tied between the
two approaches.
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Table 5.6: Updated expert evaluation scores comparing generated feedback with and
without utilizing RAG.

Metric Without RAG With RAG
Usability 3.65 +£0.57 3.48 +0.47
Actionability 3.58 £0.51 3.68 +0.36
Tone 4.21 £0.1 4.08 £0.28
Clarity 3.66 +£0.28 3.66 +0.26
Relevance 3.66 £0.58 3.69 £0.52
Specificity 3.94 +0.39 3.74 +£0.32
Average 3.78 £0.18  3.72 £0.22

Analysing the free-form text responses provided context for these quantitative re-
sults. Initial trends indicated that while the RAG pipeline successfully generated
detailed, hardware-specific advice, it often suffered from information overload. This
caused the feedback to be perceived as overly dense and confusing when compared
to the baseline LLM. Furthermore, respondents noted that the RAG-generated feed-
back occasionally contained contradictory instructions, an issue that would likely
confuse a driver in a real-world scenario. Most notably, there were instances where
the information retrieved and presented by the RAG system was factually inaccu-
rate.

Finally, the qualitative feedback for Part 1 highlighted a disconnect regarding the
presentation of the feature to improve upon. Respondents were unsure of what
the specific features actually meant. Consequently, when the RAG system pro-
vided highly specific, technical advice based on these poorly understood features,
respondents often perceived the feedback as unclear or irrelevant to actual driving
behaviour.

5.3.2 Results from Part 2

The second part of the questionnaire evaluated the effect of contextual memory and
personalization on the perceived quality of the generated responses. Participants
compared pairs of responses corresponding to the same driving scenario, where one
response incorporated contextual or historical driver information while the other did
not. The participants then selected which response they preferred overall, as well
as which response they perceived as more tailored to the driver.

The results from the A/B evaluation are summarized in Table 5.7. Overall, the
results indicate that incorporating contextual memory and personalization generally
improved the perceived quality and contextual adaptation of the generated feedback.
In five out of six scenarios, the personalized response was preferred overall by the
majority of participants.

However, the impact of personalization varied between scenarios. Several scenarios
resulted in "No significant difference" responses regarding perceived personalization,
suggesting that some contextual adaptations were either too subtle to substantially
affect the perceived response quality, or that the baseline responses were already
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Table 5.7: Summary of A/B evaluation results for personalization scenarios. Sce-
narios 1-3 tested previous coaching memory, while scenarios 4-6 tested the semantic
memory layer.

Personalized Preferred  Perceived as  No significant

Scenario response overall — more tailored difference
1 B 4/4 3/4 1/4

2 A 3/4 2/4 2/4

3 A 3/4 2/4 1/4

4 A 3/4 2/4 1/4

5 B 1/4 1/4 1/4

6 B 4/4 4/4 0

sufficiently contextualized without the additional memory information.

One notable exception was Scenario 5, where the personalized response was only
preferred by one participant. A respondent specifically commented that the person-
alized response contained technically questionable advice regarding low-rev acceler-
ation behaviour (Quote: “Option B says to avoid low-rev acceleration. I consider
low-revs as 900-1250rpm, and this is exactly what he is doing right.”). This suggests
that personalization alone does not necessarily improve perceived response quality
if the incorporated contextual information introduces ambiguity or conflicts with
domain-specific expectations.

Taken together, the results suggest that contextual memory and personalization
mechanisms can improve the perceived appropriateness and contextual adaptation
of conversational eco-driving feedback. At the same time, the findings indicate
that contextual personalization does not automatically improve perceived response
quality, but rather depends on whether the additional context is perceived as relevant
and technically sound.

5.3.3 Qualitative Findings

In addition to the quantitative evaluation, respondents were given the opportunity
to provide qualitative feedback in free text throughout the questionnaire. This
included both optional comments after each presented scenario, as well as more
general reflection questions at the end of the survey. This section summarizes the
main recurring themes identified from the qualitative responses.

A recurring theme across the qualitative responses was the importance of concise and
more easily scannable feedback. Multiple participants noted that the generated re-
sponses were often overly verbose and contained too much explanatory text. Several
respondents suggested using bullet points, shorter summaries or clearer separation
of information in order to improve the readability.

Another recurring theme concerned the importance of technically grounded and
context-aware coaching advice. Several respondents highlighted that certain driving
behaviours, such as coasting, I-Roll usage, cruise control and average speed, are
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highly dependent on operational context and may not always be universally bene-
ficial or harmful. Participants emphasized that overly simplified recommendations
could become misleading if important contextual factors, such as road topology, legal
speed limitations, traffic conditions or vehicle configuration are not considered.

Several participants also expressed concerns regarding the use of technical terminol-
ogy and overly detailed explanations in the generated feedback. Concepts such as “I-
Roll” and “green band directions” were described as potentially confusing for drivers
unfamiliar with the underlying vehicle systems. Multiple respondents suggested that
more general and intuitive explanations would improve comprehensibility and prac-
tical usefulness. For example, one respondent said “Mixing I-Roll, Coasting and
Momentum concepts seems to introduce more complexity than real improvement..”.

Despite the identified limitations, the overall perception of the prototype was pos-
itive. Several respondents described the concept as promising and highlighted its
potential practical usefulness in real-world eco-driving applications. One participant
described the system as “an excellent step towards using Al for driving tips..” while
another stated that they “belicve there is a real-world application to what you are
developing.”.
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Discussion

This chapter discusses the findings presented in the previous chapter in relation to
the research goals of the thesis by revisiting the research questions and reflecting on
how the results contribute to answering them. The chapter then considers broader
ethical and environmental implications of using Al-based driver coaching in a heavy-
duty transport context. Finally, potential directions for future work are outlined.

6.1 Research goals

In this section, the results are brought together and discussed in relation to the
research questions. Each question is revisited and answered based on the findings
presented in the previous chapter. Table 6.1 provides a quick overview of the find-

ings.

Research
Question

Findings

RQL

RQ2

RQ3

Fuel efficiency is influenced by a core set of driving be-
haviour variables across both analysed segments, particularly
TORQUE_MODE_30 and DRIVE_SPEED, while the relative impor-
tance and interpretation of some additional variables vary
moderately depending on operational context.

Context-aware eco-driving feedback can be derived by trans-
lating local SHAP explanations into driver-facing advice, us-
ing segment-specific models, reference baselines, and user-
specific conversational context to adapt the feedback.

A framework combining telemetry-derived explanations, an
LLM, conversational history, and a semantic memory layer
can enable conversational and partially personalized eco-
driving feedback, although the current RAG implementation
did not consistently improve factual grounding.

Table 6.1: Summary of the research questions and their corresponding findings.
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6.1.1 RQ1

Which driving behaviour variables most strongly influence fuel efficiency in different
operational segments of heavy-duty truck fleet data?

The results show that several driving behaviour variables consistently exhibit a
strong influence on fuel efficiency across both analysed segments. In particular, the
variables TORQUE_MODE 30 and DRIVE_SPEED are among the most influential features
in both the 5XT and 7XT segments. This indicates that how the engine is utilised
and the speed at which the vehicle is operated play a central role in determining
fuel efficiency across both operational, which is to be expected.

In addition to these common drivers, the analysis reveals segment-specific differ-
ences in the relative importance of other variables. In the 5XT segment, features
related to engine speed intervals and gearbox usage, such as ACC_1250 1400 RPM
and GB_HIGH, as well as variables related to idle and cruising behaviour, show higher
importance. In contrast, the 7XT segment places greater emphasis on features associ-
ated with coasting and automated driving behaviour, including ECOROLL_ACT DIST,
GB_AUT_TIME, and SVC_BRAKE.

These differences are consistent across both background datasets used for SHAP
estimation and across repeated model runs, indicating that they are not primar-
ily driven by model stochasticity or the choice of reference distribution. Further-
more, local explanation analysis demonstrates that identical driving behaviour can
be evaluated differently depending on the segment-specific model used, reinforcing
the conclusion that the relationship between driving behaviour and fuel efficiency is
context-dependent.

However, these differences should be interpreted with some caution. Since the two
analysed segments were not based on the same engine configuration, the observed
differences between the H5XT and 7XT models may reflect differences in vehicle
configuration, rather than operational segment effects alone. This means that the
results should be interpreted as segment-specific associations in the analysed data,
rather than as isolated effects of the segment definitions themselves.

In addition, the magnitude of the observed segment-specific differences is generally
moderate rather than substantial. Many of the most influential variables remain
highly important across both segments, and the overall feature importance rank-
ings are broadly similar. One possible explanation for this is that the analysed
segments are relatively broad and may not fully capture finer-grained operational
differences between vehicles. As a result, some context-specific behavioural patterns
may be averaged out within each segment, limiting the extent to which more distinct
segment-specific effects can be observed.

The findings suggest that while a core set of driving behaviours influences fuel effi-
ciency across all segments, the relative importance and interpretation of these be-
haviours vary to some extent depending on the operational context. This supports
the use of segment-specific models to capture contextual differences, while also indi-
cating that further refinement of segment definitions or the inclusion of additional
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contextual variables could reveal more pronounced differences in how driving be-
haviour influences fuel efficiency.

6.1.2 RQ2

What context-aware eco-driving feedback can be derived from driving behaviour in-
sights related to fuel efficiency?

The results show that telemetry-based driving behaviour insights can be translated
into eco-driving feedback by identifying which variables contribute positively or nega-
tively to predicted fuel efficiency for a specific observation. Local SHAP explanations
provide the basis for this translation, as they indicate both which driving behaviour
variables are most influential and whether each variable increases or decreases the
predicted fuel efficiency relative to a selected reference baseline. This enables feed-
back to be generated from the driver’s observed behaviour rather than from generic
eco-driving principles alone.

The context-aware aspect of the feedback is supported in several ways. First, the use
of segment-specific models allows feedback to be adapted to the operational context
represented by each segment. The cross-segment explanation comparison shown in
Section 5.1.3 showed that the same observations can receive different predictions and
SHAP attributions depending on the segment-specific model used. This indicates
that the interpretation of a driving behaviour is not entirely global, but depends
partly on the operational context.

In addition, the use of different SHAP background datasets enables different feed-
back framings. The fleet-average background allows the driver to be compared
against typical behaviour within the segment, which is useful for identifying be-
haviours that are better or worse than the average. The fuel-efficient background pro-
vides a more aspirational reference point by comparing the driver to high-performing
observations.

Furthermore, the prototype supports additional personalisation through conversa-
tional context and the memory layer. This makes it possible to adapt feedback not
only to the current telemetry-based explanation, but also to previously stated driver
preferences, constraints or earlier coaching interactions. For example, if a driver has
previously expressed a preference for receiving feedback in bullet-point format, this
information can be used to adjust how future feedback is structured. In this sense,
context-aware feedback is not limited to the operational segment, but also includes
user-specific and conversational context.

However, the results also indicate that the level of context-awareness achieved
through the current segmentation is limited. The differences between the 5XT and
7XT segments were present but generally moderate, and many of the most influen-
tial variables remained important across both segments. One possible explanation is
that the analysed segments capture broad operational categories rather than more
detailed driving contexts. As a result, variations related to for example route profile,
vehicle load or driving environment may be partly averaged out within each segment,
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reducing the specificity of the feedback that can be derived from segment-level ex-
planations.

A possible extension would therefore be to construct SHAP explanations using
more fine-grained reference groups, such as cluster-combination-specific background
datasets, rather than relying only on segment-level explainers. This would allow the
same trained model to generate explanations relative to a more specific operational
context, potentially making the resulting feedback more context-sensitive without
requiring separate Light GBM models for every small cluster. Such an approach
could help bridge the gap between broad segment-level modelling and more specific
driver coaching.

6.1.3 RQ3

What framework can enable the delivery of factually grounded and personalized eco-
driving feedback in a conversational Al prototype?

The results from the questionnaire indicate that a framework combining telemetry-
derived driving insights, an LLM and conversational memory mechanisms can enable
the delivery of conversational and partially personalized eco-driving feedback in a
conversational Al prototype. The generated responses were generally perceived as
understandable and relevant to a certain extent by the participating experts. In par-
ticular, the incorporation of previous coaching history was often perceived positively
and tended to improve the contextual adaptation of the generated feedback.

The semantic memory layer produced more mixed results. While some personalized
responses were perceived as more tailored and context-aware, other scenarios showed
little perceived difference, and in one case the personalized response was clearly dis-
favoured due to technically questionable advice. This suggests that personalization
alone is insufficient unless the incorporated contextual information remains relevant
and technically grounded.

Regarding factual grounding, the current RAG implementation did not consistently
improve the generated feedback. Although the intention was to provide more de-
tailed and technically precise coaching advice, the experts generally preferred the
responses generated without RAG. The retrieved context occasionally introduced
overly specific or confusing recommendations, which negatively affected the per-
ceived quality of the responses.

From the start of the project, our hypothesis was that with the help of RAG, we
would be able to retrieve more specific and detailed driving tips, which would make it
easier for drivers to improve. Instead, the experts ultimately preferred the feedback
generated solely by the LLM. We believe, upon reviewing the outputs, that when
relying on the LLM, the system converses in broad terms. That is, it rarely goes
into specific details, but as a result, it also avoids digging too deep and responding
factually incorrectly. In contrast, the RAG implementation became overly specific
and detailed, which made it confusing and lowered its scores. Therefore, based on
the current implementation of the artefact, relying solely on the LLM proved to be
the more reliable choice.
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We believe this contrast with our hypothesis is due to the fact that the manuals used
for the RAG database were rather irrelevant to our specific context. Relying on a
vehicle manual from 2012 (which was mostly detailed regarding vehicle infotainment)
and two driver manuals that are at least four years old and not necessarily directed
at our target audience meant the generated feedback occasionally became disjointed.
The limited size of the retrieved chunks also meant that some context was lost in how
the model formulated its answers. For example, when a driver needed to improve
their acceleration, the system often grounded its advice in acceleration techniques
for driving on hills, which was a different context from what some of the evaluated
trucks were actually experiencing. It essentially provided information for a scenario
that was not applicable to the specific case.

Finally, we underestimated the importance of the interface. We repeatedly received
feedback that the responses felt like a “wall of text” that was hard to interpret,
which likely lowered the prototype’s clarity and overall scores. This indicates that
the system prompts regarding the structure of the generated text must be adjusted.
For example, almost all respondents preferred bullet points or some form of general
overview.

6.2 Ethical and Environmental Considerations

There are several ethical and environmental considerations that must be addressed
to understand the broader impact if an actual implementation were to be deployed
to the public. An ethical and safety aspect is the unreliability of LLMs in terms
of the risk of hallucinations, which is discussed in Section 3.4.2. While we actively
tried to limit this risk in this project, both through instructional constraints in the
prompt and with the addition of RAG, it is difficult to guarantee the elimination of
inaccurate output. In this particular context, hallucinations could lead to misleading
or dangerous coaching advice. If the system misinterprets vehicle telemetry, it could
put the driver at risk and reduce trust in the system. Rigorous testing of the RAG
retrieval and relevant sources must be conducted to achieve reliable results.

In addition to the ethical implications of a potential deployment, ethical consider-
ations were also relevant during the execution of this study. The vehicle telemetry
data used in the project was provided by Volvo Group and remains the property
of the company. Access to the data was granted solely for the purpose of conduct-
ing this thesis and was limited to the authors. The data was stored and processed
using company-approved infrastructure and did not contain personally identifiable
information about individual drivers.

Furthermore, the questionnaire participants were informed about the purpose of
the study, how their responses would be used, and that participation was voluntary.
Informed consent was obtained from all participants prior to participation. A copy
of the consent form is provided in Appendix D.

In a real-world deployment, the continuous monitoring of a driver would also raise
privacy and surveillance concerns. While commercial truck drivers are often already
subject to logistical tracking by their fleet operators, introducing an application that
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continuously evaluates and critiques driving performance creates a new dimension of
surveillance. Intrusive monitoring could lead to increased stress and a deterioration
of workplace trust. Furthermore, the conversational nature of the application intro-
duces data security risks. Drivers interacting with the LLM coach might disclose
sensitive personal or professional information within the chat. If a data breach were
to occur either within the application’s own infrastructure or through vulnerabilities
in the underlying language model, this confidential data could be exposed.

Finally, if an application like this were to be deployed, it would introduce a potential
environmental paradox. The overarching goal of the coaching system is to instruct
drivers on eco-friendly techniques to minimize fuel consumption and, ultimately,
reduce emissions. However, the LLM powering the chatbot consumes substantial
amounts of electricity, possibly from non-renewable sources, and requires significant
water for server cooling. This raises questions regarding the system’s net environ-
mental impact: if the emissions generated by operating the application exceed or
are on par with the emissions saved through improved driving behaviour, the system
would effectively worsen overall environmental outcomes. To ensure a net-positive
impact, one must consider model selection, prioritizing smaller and more efficient
models over larger ones. Furthermore, it is essential to verify that the hardware is
hosted in data centres powered by renewable energy and situated in regions where
water consumption does not strain local ecosystems or populations.

6.3 Future Work

There are several aspects that can be changed or improved upon if one wants to
continue with this work. Overall, we believe that for an actual implementation, the
underlying data, external knowledge base and features must be changed. First and
foremost, the data must be changed from aggregated truck data to specific driver
data. Since the utilized data is from an individual truck, which may be operated by
multiple people, and not an individual driver, the provided feedback in its current
form will likely be diluted. Secondly, the manuals for the RAG knowledge base must
be changed to newer and more relevant ones. Thoroughly reviewed manuals must
be chosen, so engineers are comfortable that the retrieved excerpts are relevant and
correct. An increased size of chunks could be implemented, which might improve
the context of the retrieved feedback. Thirdly, the associated features have to be
refined and evaluated by domain experts. A clear understanding of what a driver
can actually influence during their driving has to be established. Finally, relation-
ships between the selected features should be modelled more explicitly. Discussions
with domain experts indicated that some variables are closely connected, meaning
that changes in one variable may influence another. Future implementations should
therefore include constraints or rules that account for these dependencies, so that
the generated feedback does not treat related variables as independent coaching
targets.

Apart from the underlying data, there are several other aspects that can improve
the work in the future. An interesting aspect is to further explore the utilization
of even narrower or more specific segments. As previously mentioned, the segments
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are generally quite broad in terms of their cluster types, where for example they
encompass a wide range of vehicle speeds and slope profiles. By comparing drivers
against a highly specific clustering combination, rather than a broad segment, one
could likely retrieve even more contextual and relevant information. Initial testing
at the end of the project gave promising results, but was nothing that could be fully
investigated. To further improve specificity, one could include further context, such
as customer context. One could specify more precisely what kind of environments
or type of haulage a specific driver or customer operates in.

Finally, an alternative approach for future research is to shift the target audience of
the application from the individual truck driver to the fleet owner. While fleet owners
are not always the ones physically driving, they bear the financial responsibility for
the vehicles, maintenance and fuel. Consequently, they often possess the strongest
interest in reducing operational costs. Redirecting the system’s feedback toward fleet
managers would equip them with the insights needed to monitor individual drivers
and deliver targeted coaching. This approach could facilitate more structured and
systematic follow-up routines, which may prove more effective than placing the entire
burden of performance improvement solely on the individual driver.
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Feature Appendix

A.1 Feature context JSON

{

"DRIVE_SPEED": {

"name": "Average driving speed",
"description": "Average vehicle speed during periods when the truck is
moving."
3,
"IDLE_IROLL": {
"name": "Idle I-Roll operation",
"description": "Proportion of total driving time spent in a low engine

speed and low torque state associated with very low engine load
conditions that may occur during rolling or I-Roll operation"

s

"ECOROLL_ACT_DIST": {

"name": "Eco-Roll activated distance",

"description": "Percentage of total driven distance during which the
Eco-Roll function is active. Eco-Roll disengages the driveline and
allows the truck to roll freely in order to reduce power losses and
save energy."},

"ECOROLL_ENA_DIST": {

"name": "Eco-Roll enabled distance",

"description": "Percentage of total driven distance during which the
Eco-Roll system was enabled. Eco-Roll becomes enabled when the driver
activates the Eco-Roll function, allowing the system to disengage the
driveline when conditions permit."},

"SVC_BRAKE": {

"name": "Service brake activations",

"description": "Number of service brake activations per 100 km. The
counter increases each time the brake pedal is actuated." },

"GB_MAN_TIME": {
"name": "Manual gear mode time",
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"description": "Percentage of total driving time during which the
gearbox is operated in manual mode using the gear lever or control
buttons." },

"GB_AUT_TIME": {

"name": "Automatic gear mode time",

"description": "Percentage of total driving time during which the
gearbox operates in automatic mode." },

"COASTING_DIST": {

"name": "Coasting distance",

"description": "Percentage of total driven distance during which the
vehicle is coasting. Coasting occurs when the vehicle is moving
without fuel being injected into the engine."},

"COASTING_SPEED": {

"name": "Average coasting speed",

"description": "Average vehicle speed during periods when the vehicle
is coasting (with no fuel injection)."},

"IDLE_TIME": {

"name": "Idling time",

"description": "Percentage of total time during which the vehicle is
stationary while the engine is running and no auxiliary equipment (PTO
) is active."},

"TORQUE_MODE_3": {

"name": "Engine torque mode 3",

"description": "Percentage of total driving time during which the
engine operates in a specific engine speed and torque operating range
defined by the engine control system. Values are normalized between 0
and 100, representing the share of total engine operating time spent
in this mode."},

"TORQUE_MODE_30": {

"name": "Maximum torque time",

"description": "Percentage of total driving time during which the
engine operated at the maximum torque the engine can deliver. Values
are normalized between O and 100, representing the share of total
engine operating time spent in this mode."},

"ACC_900_1250_RPM": {

"name": "Acceleration at 900-1250 RPM",

"description": "Percentage of total driving time where the engine
operates in the 900-1250 RPM range while producing torque. This
represents periods of acceleration or load where the engine speed is
relatively low. Values are normalized between O and 100, representing
the share of total engine operating time spent in this range."},
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"ACC_1250_1400_RPM": {

"name": "Acceleration at 1250-1400 RPM",

"description": "Percentage of total driving time where the engine
operates in the 1250-1400 RPM range while producing torque. This
represents periods of acceleration where the engine runs at a
moderately higher speed. Values are normalized between 0 and 100,
representing the share of total engine operating time spent in this
range."},

"PEDAL_TIME": {

"name": "Time with accelerator pedal engaged",

"description": "Percentage of total driving time where the accelerator
pedal is actively pressed, representing the share of the trip during
which the driver maintains throttle input."},

"GB_HIGH": {
"name": "High gear usage",
"description": "Percentage of total driving distance during which the

gearbox operates in the high range. The high range represents the
higher gear ratios of the transmission that are typically used at
higher vehicle speeds."},

"BRAKE_MODE_ACT": {

"name": "Brake mode activations",

"description": "Number of times the driver activates the brake program
3,

"BRAKE_TIME": {

"name": "Braking time",

"description": "Percentage of total driving time during which the

vehicle is braking."},

"CRUISE_TIME": {

"name": "Cruising time",

"description": "Percentage of total driving time during which cruise
control is active. Cruise control maintains the vehicle speed
automatically without continuous accelerator pedal input."},

"POWER_MODE_TIME": {

"name": "Performance drive mode time",

"description": "Percentage of total driving time during which the
vehicle operates in Performance drive mode. This mode prioritizes
vehicle responsiveness and engine power over fuel efficiency." },

"DRIVING_MODE_E_DIST": {

"name": "Economy drive mode distance",

"description": "Percentage of total driving distance during which the
vehicle operates in Economy drive mode. In this mode the vehicle
prioritizes fuel efficiency by optimizing engine response, gear

ITT
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shifting behaviour and predictive functions such as I-See." 1},

"MAX_ENG_SPEED": {

"name": "Maximum engine overspeed",

"description": "Maximum recorded engine speed (in RPM) during engine
overspeed conditions. Engine overspeed occurs when the engine operates
above its intended speed range."},

"KICKDOWN_MODE_TIME": {

"name": "Kickdown mode usage time",

"description": "Percentage of total driving time during which kickdown
mode is active. Kickdown is triggered when the accelerator pedal is
fully pressed, causing the transmission to downshift and the engine to
deliver power."},

"KICKDOWN_MODE_ACT": {

"name": "Kickdown activations",

"description": "Number of times kickdown mode is activated during
driving. Kickdown is triggered when the accelerator pedal is fully
pressed, causing the transmission to downshift for maximum engine

power."}

IV
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B.1 Prompt

101

102 system_prompt = (

103 "You are a memory extraction component for a driver coaching
assistant.\n"

104 "Your job: decide if the user's message contains stable
information worth remembering for future personalization.\n"

105 "Only extract: preferences, goals, constraints, or stable
context.\n"

106 "A user may have MULTIPLE constraints over time; do not assume
there is only one.\n"

107 "If the user states their name, extract it using key='name'.\n
n

108 "You must use only valid mtype/key combinations.\n"

109 "Only extract a field if it is explicitly stated or strongly
implied.\n"

110 "Do NOT guess or infer missing information.\n"

111 "If a field is not present, DO NOT create an item for it.\n"

112 "Do NOT include placeholder values such as 'null', 'none', or
'unknown'.\n"

113 "Do NOT store transient mood, greetings, or sensitive personal
data.\n"

114 "Output MUST be valid JSON only (no markdown, no extra text)."

115 )

116

117 user_prompt = (

118 "Extract up to 5 memory items from the conversation context
below.\n"

119 "If there is nothing stable to store, return an empty list.\n\
"

120 "Important:\n"

121 "- Use the previous assistant message only to interpret the
current user message.\n"

122 "- Do NOT store facts stated only by the assistant.\n"

123 "- Only store information that is confirmed, stated, or
clearly implied by the current user message.\n\n"
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"JSON schema:\n"
ll{\nll
' "items": [\n'
n {\nn
' "mtype": "preferencel|goall|constraint|context",\n'
' "key": "verbosityl|tone|format|goal_primary|constraint|
name |driving_context",\n'
' "value": "string",\n'
' "source": "explicit|inferred",\n'
" H\n"
" ] \nll
"F\n\n"
"Key rules:\n"
"- If mtype='preference', key must be one of: verbosity, tone,
format.\n"
"- If mtype='goal', key must be: goal_primary.\n"
"- If mtype='constraint', key must be: constraint.\n"
"- If mtype='context', key must be one of: name,
driving_context.\n"
"- 'clear and concise' or 'more details' are usually
preferences about verbosity, not constraints.\n"
"- Use key='constraint' for every constraint.\n"
"- A message may contain more than one constraint.\n"
"- If the user says their name, store it with key='name'.\n\n"
"Previous assistant message:\n"
f"{previous_assistant_text if previous_assistant_text else '[
none] 'F\n\n"
"Current user message:\n"
f"{text}"
)
payload = {
"messages": [
{"role": "system", "content": system_prompt},
{"role": "user", "content": user_prompt},
1,
"max_tokens": 300,
"temperature": 0.0,
3
b

B.2 Example of stored JSON

VI

{
"driver_1": {
"name": {
"mtype": "context",
Ilkeyll : Ilnamell s
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"value": "Josefine",

"source": "explicit",

"updated_at": "2026-04-28T10:43:38.481003+00:00"
3,
"format": {

"mtype": "preference",

"key": "format",

"value": "bullet points",

"source": "explicit",

"updated_at": "2026-05-06T08:32:34.437765+00:00"
1,

"goal_primary": {
Ilmtypell . ||goalll s
"key": "goal_primary",

"value": "increase acceleration time within the 900-1250 RPM range",

"source": "explicit",

"updated_at": "2026-04-28T07:32:47.428786+00:00"
3,
"verbosity": {

"mtype": "preference",

"key": "verbosity",

"value": "concise and clear",

"source": "explicit",

"updated_at": "2026-05-06T08:50:51.774055+00:00"
}

VII




B. Memory Appendix

VIII



192
193
194

195
196
197

198
199
200
201

202

203
204
205
206
207
208
209

210
211
212
213
214
215

216
217

218
219
220
221
222

Prompt Appendix

<persona>

### ROLE

You are a professional Volvo Truck driver coach specializing in eco-
driving and fuel efficiency.

### OBJECTIVE

Help truck drivers understand their trip performance and improve fuel
efficiency based on their driving behaviour.

Provide clear, constructive, and encouraging coaching.

### GUIDELINES

- Keep responses concise, typically 5-6 sentences. Respond with no more
than 7 sentences.

- If personalization preferences exist (tone, verbosity, format), follow
those instead of the default guideline.

- When relevant, briefly explain why a behaviour affects fuel consumption.

### SCOPE

- You specialize in truck driving behaviour and eco-driving.

- Always respond politely to greetings or small talk.

### TONE

The tone must be trustworthy, approachable, intelligent and positive.'</
persona>

<user_context>

Personalization context for this driver (internal only):

Use this information to adapt tone, wording, and coaching style.

Rules:

- If a driver name is available, you may occasionally address the driver
by name.

- Respect stored preferences (tone, verbosity, format).

- Stored constraints must always be respected and override conflicting
suggestions.

Driver name:

- Kasper

Constraints:

- do not mention idling

</user_context>
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Context for this driver's recent trip:
<driver_telemetry>
<driver_status>
BELOW AVERAGE
Driver performs below average. The tone should be more straightforward and
focus on improving to average level
</driver_status>
<follow_up>
- Previously coached feature: ACC_900_1250_RPM
- Previous period: 2025-04
- Current period: 2025-05
- Status: improved
- Still a current issue: True
Instruction: If the user asks about their recent driving performance,
briefly mention this follow-up first. If the status is improved,
acknowledge the progress. If the status is unchanged or worsened, say
it still needs attention. Then focus mainly on the current period's
feedback.
</follow_up>
<strengths>
- Average driving speed
</strengths>
<areas_for_improvement>
— Acceleration at 900-1250 RPM:
* What it is: Percentage of total driving time where the engine operates
in the 900-1250 RPM range while producing torque. This represents
periods of acceleration or load where the engine speed is relatively
low. Values are normalized between O and 100, representing the share
of total engine operating time spent in this range.
* Coaching Rule: increase

* RAG LOOKUP, PRIORITIZE THIS:

<official_volvo_rules_for_improvement>

--- MANUAL EXCERPT FOR: 'Acceleration at 900-1250 RPM' ---

[score 0.504] somewhere between 900 1500 rpm little bit depending on the
engine size and Euro rating. Currently our engines tend to be better
on the lower part of the green band but sometimes we need horsepower
in order to climb. More horsepower we have on the upper part of the
green band. So the best rule is to try to stay within green band while

climbing. The easiest way to meet this is to stay with the I-Shift in
the automated mode and control the gearbox by foot. Try to find a
pedal position where you can climb with steady revolutions on as high
gear as possible. E-mode should be used in paved road contidions. Use
of P-mode will increase the fuel consumption since the drivetrain is
aiming for maximum power, not for economical climb. 4.3.4.1. Volvo
Trucks Guideline for Climbing Best way to utilise correct gear for
climbing is to use I-Shift in automated mode and E or E+ gear shifting
strategy The most economical way to climb up is to climb with engine
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revolutions on green band and with a gear that is closest possible to
the direct gear Gear 12 on direct drive Gear 11

[score 0.492] 98) For practicing nice and smooth acceleration you can
pick turbo charge gauge to your favourite screen on drivers
information display. Be gentle with the throttle on gears 1-6. Once
you are on the high range 7-12, find a pedal position that is minimum
position to keep turbo charge fully up in the end of the orange part
of gauge. While accelerating, gear shifts should occur in lower part
of green band. To learn the driveline characteristics it is good to
keep the turbo charge gauge visible for at least three weeks on normal

driving. After that you have probably learned, how the driveline
behaves and you can replace it with something else instead. 4.1.1.5.
Chart: Increasing Speed 0 50 km/h, Flat Road These charts are more
for trainer use than to show drivers in training. Although they might
be shown if a question pops up in the training and you can explain the
matter by using the chart. Before showing this information to drivers,
make sure that you know how to read it. Measurements were done in
H&llered Proving Ground which is a testing center for Volvo Cars and
Volvo Group close to

[score 0.485] km/h 100% pedal o 30 80 km/h with resume function of cruise

control Eco3, all o Same as EcoO but now with three Eco-stars o
Three Eco-stars have impact on gear shifting strategy so you can see
the results in consumption both pedal and Cruise control resume.
Manual, Every Gear o Gear shifting sequence 2-5-7-8-9-10-11-12 o Easy
on gears 2 and 5 o Shifting point about 1200 1300 revolutions Manual,

Skip Gears o Gear shifting sequence 2-5-7-9-11-12 o Easy on gears 2
and 5 o Shifting point between 1400 1500 revolutions 4.1.1.7. Chart:
Increasing Speed 0 90 km/h, Flat Road Remarkable with this chart is,
how much more fuel you need to accelerate to 90 km/h than to 80 km/h.
We will talk about impact of speed to fuel consumption in later
chapter but its also good to acknowledge that the cruising speed
chosen will have its impact on accelerating efficiency as well.
Accelerating

</official_volvo_rules_for_improvement>
</areas_for_improvement>
</driver_telemetry>

<constraints>

STRICT_TECHNICAL_REFUSAL:

- You currently have NO access to technical manuals.

- You are FORBIDDEN from using your internal training data to answer
mechanical, operational, or technical truck questions.

If asked a technical question, you MUST NOT say 'I think' or 'Maybe'.

MANDATORY RESPONSE: 'I do not have access to the technical manuals right

now.'
</constraints>

XI
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Survey Appendix

D.1 Consent form

Evaluation of an AI-Based Eco-Driving Coaching System

This project is conducted as part of a Masters thesis at Chalmers University of
Technology in collaboration with Volvo Group.

The purpose of the study is to evaluate an Al-based conversational system designed
to provide post-trip eco-driving feedback to truck drivers. Participation involves an-
swering a questionnaire about the systems feedback and performance. The question-
naire takes approximately 60 minutes to complete. Your participation is voluntary,
and you may stop at any time before submitting your responses without providing
a reason. The responses collected will be used for academic research purposes only
and will be reported in an anonymized form as part of the thesis. All data will be
stored securely and will only be accessible to the researchers involved in this project.

By proceeding, you confirm that:
¢ You have read and understood the information above

e You understand that your responses will be used for academic research pur-
poses

e You voluntarily agree to participate in this study
e You may withdraw at any time before submitting your responses
If you have any questions, please contact:

Josefine Karlsson and Kasper Lundberg

D.2 Examples from Questionnaire - Comparing
RAG vs No RAG

Note: The full questionnaire consists of 10 scenarios evaluating different feature
combinations. Because the layout, questions, and Likert scales remain identical
across all scenarios, only one representative template is shown below to illustrate
the testing structure.

XIIT
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Scenario:

The driver shows:
- Bad usage of Acceleration (within 900-1250 RPM range)
- Good usage of maximum torque time

Helle, | am your Volvo assistant! | am
here to give you feedback on recent
driving, and how you can improve upon
it! If you have any questions related to
your specific truck, feel free to ask!
How can | help you today?

Helle! Your driving showed good use of
maximum torque time, which is a
strength, However, your overall
performance is below average, mainly
due to low acceleration time in the
900-1250 RPM range. Increasing your
engine time in this RPM band during
acceleration, especially when climbing,
will improve fuel efficiency. Try using
the I-Shift automated mode with E or E+
shifting strategles to keep steady revs
in the green band and avoid P-mode,
which increases fuel consumption
Also, monitor the turbo charge gauge to
find a smooth throttle position for
efficient gear shifts. Focusing on these
adjustments will help bring your driving
up to an average, more economical
level. Keep practicing—you're on the
right track!

Type message.

adjustments will help bring your driving
up to an average, more economical
level. Keep practicing—you're on the
right track!

Certainly! To improve your fuel
efficlency, focus on increasing
acceleration time within the 900-1250
RPM range. This means aiming to
accelerate with the engine running in
this ‘green band,” which is eptimal for
fuel economy and torgue. Use the |-
Shift in automated mode and choose E
or E+ gear strategies to help maintain
steady engine revolutions durlng climbs
or load. Avoid P-mode because it
targets maximum power rather than
economy, which increases fuel
consumption. Also, watch your turbo
charge gauge: keep the pedal position
where the turbo charge stays at the end
of the orange zone, indicating efficient
acceleration without over-revving
Practicing this for a few weeks helps
you internalize smooth throttle control
and better gear shifts. Small changes
like these will significantly reduce fuel
usage and improve your driving score,

Type message -

Figure D.1: An example of a scenario where RAG is not utilized
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Do the responses from the Al contain inconmect or unsafe advice? *

Please rank the responses an the following aspects:

USEFULNESS - The feedback would help improve the driver's fuel efficiency.

ACTIONABILITY - The feedback provides advicoe that the driver can realistically act upon

TOME - The feedback is presented in a trustworthy, approachable, inteligent and pasitive manner.
CLARITY - The ferdback = clear and easy 1o understand.

RELEVAMCE - The feedback focuses on the driver's actual Esues in the scenario

SPECIFICITY - The feedback provides specific and concrete guidance rather than general ar vague advice

arongly Disagiae Disaoris Miaral Agres Srangly Agree

Anything additional you would ke to comment? (Optional)

Figure D.2: Questions for follow up for each scenario

D.3 Examples from Questionnaire - Comparing
no personalization vs with personalization

Note: The full questionnaire consists of 6 scenarios evaluating different feature com-
binations. Because the layout, questions, and remain identical across all scenarios,
only one representative template is shown below to illustrate the testing structure.
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XVI

Scenario:

The driver shows:

- Poor use of maximum engine torque
- Good average spesd

In the previous coaching session:
The driver had:

- Poor acceleration

- (zood average speed

Please selact the response you believe provides better and more appropriate feedback for the given driver

Hilho, | @ T Yokas ssistant | am
Teere 10 v Fou TeedDack on Mecent
driwing. Bnd Row pou CBN IMprDee wpos it!
i hiwe sy questions 1# sied 10 your
ok, Tl fres b g How can
heedp you hedey?

12 | e i il i Ceed Yol e
of ACT between W0- 1250 APM sines
barst vl by, which is QPEa progIEss
Howerver, pour svaral drang
perloemance ig 83 below aeerage. Jre
ey Bre b 100US 00 b8 reducing your
manimue me—tue pers enbage of
fme the engine runs ot mo mam jongue
Rayrving {he engine oo oftes 51
MACmE e incre e Py
conmumplinn mnd weers The sngne mane
qucily Try ic keep - angire cperaling
willen ilx seesed spol HPRWL = {around
S50 1200 HPM Bar oo ry uning
arunlie scorklon and eecsing
heary koo
il ol s p T BieTH dddpasl
i1 DL FRnEGETNT, FOU Can Mlch an
average of BETIE perTimends Sion

| prefer the

gsponse in A (eft)

| prefer the

esponse in B [right)

Figure D.3: An example of a comparison

Hudho, | &7 yORr Wolen aEEistant! | am

R 10 Qive yOu Teedhack on necem
driwing, ard Baow o CB MQIOYE LDON [T
¢ you havee BTy Guestions relted 10 your
speoific tnack. Teel fea %o wsh! How can |
Reip pa ioday?

Hadbo ol Rttt drreng Stomed &0
FuerBie spesd Tl S giod 10 M BN
§0 yOU'Te 0N the night irack Tee
HOWEVEL PO ST 100 MRICh T
Speratineg the ENQINE 87 MBETILIT 107Gt
which Incresses hiel conaumption
Eecaeme ihe engine nne less eMiciemly
n Thal mode. To imprese. try o keep the
#ngine tevolubnng withn £y geee] 3pot
L] md 3980 o 1 RFM for el
O1IKSE engine—whens Tusl

splirra gmd o Fmewy scoeleralion and
A Pl push max
o Affeaiher
F il s ETioF
v

| consumet
and g pou parfermrasse chike b
EvERgE of Bt Kasp up thi efforn, and
ol 1| i RS SEa3

scenario
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‘Which resporse do you perceive 2= more tailoned to the driver? (Le. more context-aware and/or personalized?) *

Rispansi & et
Respansi B ight]

Ho significant diffananos

Anything additional you would like to commem? (Optional)

Figure D.4: Questions for feedback for comparison scenario

D.4 Questions regarding overall impression

Final thoughts
How did you perceive the feedback overall? Did it feel natural and appropriate? Was there anything specific you liked or disliked?

Enttar your answer

Do yow think this form of feedback would be useful in real-world driving for real drivers? Why or why not?

Enter your answer

What could be improved about the Al Coach?

Enter your answer

Dvo you heve any additional comments or observations you would like to share?

Enttar your answer

Figure D.5: Open ended free form questions for assessing the overall impression
XVII
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