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Modern vehicles are equipped with On-Board Diagnostics (OBD-ll) systems that
continuously generate data on engine performance, emissions, and driving behaviour.
However, most OBD-Il applications present diagnostic information in technical formats
intended for automotive professionals, limiting interpretability for non-technical
drivers. As a result, fault codes and warning alerts are often misunderstood or ignored,
leading to delayed maintenance, unsafe driving practices, and increased vehicle
ownership costs. This study proposes SmartCarMate, a GPT-based cross-platform
applied computing system designed to enhance the accessibility and interpretability of
OBD-Il diagnostics while promoting safer driving behaviour. The system integrates real-
time OBD-II data acquisition via a Bluetooth adapter with an Al-assisted interpretation
layer that translates fault codes and sensor readings into human-readable explanations
accompanied by prioritised action guidance. Additional features include driving
behaviour analysis, trip tracking, maintenance reminders, and safety-oriented
feedback to support preventive vehicle care. SmartCarMate was implemented as a
cross-platform mobile application using the Flutter framework and evaluated through
User Acceptance Testing involving drivers with varying automotive knowledge.
Evaluation methods included task-based testing and a five-point Likert-scale
questionnaire assessing usability, clarity, trust, and intention to continue use. Results
indicate consistently high user acceptance (i > 3.9), improved understanding of
diagnostic alerts, and increased confidence in maintenance decisions, demonstrating
that Al-assisted interpretation enhances usability and decision support in vehicle
health monitoring systems.

1. Introduction

Recent advances in vehicle sensing and connectivity have accelerated the adoption of On-Board
Diagnostics (OBD-Il) systems, enabling continuous monitoring of engine performance, emissions, and
driving behaviour. Concurrently, artificial intelligence (Al) and machine learning (ML) models have
been widely integrated with OBD-Il data for applications such as predictive maintenance, eco-driving
optimisation, behavioural classification, and risk detection [1-5]. These studies demonstrate
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substantial technical progress, particularly in algorithmic accuracy, anomaly detection, and predictive
modelling, confirming OBD-Il telemetry as a robust data foundation for intelligent vehicle systems.

However, the dominant orientation of these systems remains analytical rather than interpretive.
Prior work primarily evaluates improvements in classification performance, prediction accuracy, or
optimisation metrics [1-5], with limited attention to how diagnostic outputs are understood and
acted upon by non-technical drivers. In practice, many OBD-Il applications expose raw fault codes,
parameter dashboards, or numerical risk scores that presuppose automotive literacy. While such
outputs may satisfy technical evaluation criteria, they do not necessarily support informed decision-
making among everyday vehicle users. The result is a persistent gap between data availability and
actionable understanding, where drivers receive alerts without sufficient contextual explanation of
severity, urgency, or recommended next steps.

Recent surveys explicitly recognise this limitation. Studies have called for explainable Al (XAl)
mechanisms that can translate predictive outputs into interpretable guidance [6], while others
advocate integrating generative Al techniques to contextualise vehicle diagnostics in natural
language [7]. Although some mobile OBD platforms incorporate reminder systems or simplified
descriptions [8-9], these implementations typically remain rule-based or notification-driven and do
not provide adaptive, prioritised reasoning about risk and maintenance decisions. Moreover,
emerging work on large language models (LLMs) highlights their capacity to synthesise structured
data into conversational explanations [6-7]. Yet, empirical implementations of such models within
real-time OBD-Il systems remain scarce.

This imbalance between predictive intelligence and interpretive usability represents a critical
research gap. While significant effort has been devoted to improving algorithmic detection and
scoring mechanisms, comparatively little work has operationalised generative Al as a real-time
interpretive interface that bridges technical diagnostics and everyday driver comprehension.
Addressing this gap is particularly important in contexts where unsafe driving behaviour and delayed
maintenance contribute to accident risks and public safety concerns [2, 5, 10].

Accordingly, this study aims to design and evaluate SmartCarMate, a GPT-based applied
computing system that integrates real-time OBD-Il sensing with natural-language diagnostic
interpretation and driving behaviour feedback. Unlike prior systems that emphasise analytics alone,
the proposed system prioritises interpretability and decision support for non-expert users. The
significance of this work lies in demonstrating that user-centred, generative-Al-driven diagnostic
interfaces can enhance usability, trust, and decision confidence, thereby advancing intelligent vehicle
systems from data-reporting tools toward actionable decision-support companions.

This study contributes to the literature in three ways. First, it operationalises GPT-based
generative Al as an interpretive layer for OBD-II diagnostics within a functional mobile system.
Second, it proposes a unified architecture integrating sensing, behavioural analysis, and contextual
explanation in a cross-platform application. Third, it provides empirical evidence through structured
User Acceptance Testing that interpretability-oriented design significantly improves perceived
usefulness and user acceptance in early-stage deployment.

The remainder of this paper is organised as follows: Section 2 reviews related work; Section 3
presents the system architecture and methodology; Section 4 reports evaluation results; Section 5
discusses theoretical and practical implications; and Section 6 concludes with future research
directions.
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2. Related Work

Research on OBD-lI-based vehicle systems has expanded rapidly due to advances in embedded
sensing, mobile platforms, and machine learning. Although these studies differ in technical focus,
they can be analytically organised into three streams: (i) fault and vehicle health monitoring, (ii)
driving behaviour and eco-driving analytics, and (iii) remote or loT-based diagnostic platforms. While
each stream advances analytical capability, comparatively less attention has been given to
interpretability and decision support for non-technical drivers.

2.1 Fault and Vehicle Health Monitoring Systems

Rimpas et al., [3] developed a real-time vehicle monitoring framework that collects engine
parameters and diagnostic trouble codes (DTCs) for fault classification using machine learning. Their
contribution lies in improving detection accuracy and demonstrating the feasibility of cloud-assisted
vehicle diagnostics. Similarly, Malekian et al., [11] proposed a smartphone-based vehicle monitoring
architecture that integrates OBD-Il data transmission with cloud storage, emphasising data
accessibility and remote analytics. Sawant and Mane [12] focused on low-cost embedded OBD-II
monitoring systems for continuous vehicle health assessment, while NS et al., [13] designed a mobile
application capable of displaying real-time sensor values and DTC outputs.

Although these studies strengthen system connectivity and detection performance, they
primarily display raw parameters, fault codes, or brief textual alerts. Iskandar et al., [9] incorporated
reminder mechanisms into a mobile OBD platform to support maintenance scheduling, yet the
system relies on rule-based notifications without contextual explanation of fault severity. Nguyen et
al., [8] extended this approach by integrating recommendation modules. However, the
recommendations remain predefined and do not provide adaptive reasoning about urgency or risk
trade-offs.

A comparison across these systems reveals a consistent emphasis on fault detection, data
streaming, and alert generation. Interpretive explanation, specifically the translation of DTCs into
prioritised, context-aware guidance, remains limited. As a result, technical completeness does not
necessarily translate into user comprehension.

2.2 Driving Behaviour and Eco-Driving Systems

Driving behaviour analytics represents another major research stream. Michailidis et al., [1]
applied machine learning to classify driving styles and assess sustainability-related indicators,
demonstrating high classification accuracy. Kumar and Jain [2] focused on predictive maintenance
modelling using behavioural signals extracted from OBD-II data, showing improved early detection
of abnormal vehicle conditions. Yen et al., [4] examined eco-driving optimisation through behavioural
data analysis, while Peppes et al., [5] investigated risk detection mechanisms based on vehicular
telemetry. Malik and Nandal [10] further linked behavioural patterns with accident risk prediction.

These studies collectively advance predictive intelligence by refining behavioural classification
models and optimisation techniques. However, user interaction is typically restricted to dashboards,
performance scores, or efficiency metrics. For example, while Kumar and Jain [2] demonstrate
predictive precision, the study does not address how predicted risks are explained to drivers.
Similarly, Yen et al., [4] provide behavioural efficiency insights but offer limited discussion of
interpretive feedback mechanisms.
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Thus, although driving analytics research significantly improves model performance, it does not
systematically address how drivers interpret and act upon these analytical outputs. The cognitive gap
between behavioural scoring and actionable guidance remains underexplored.

2.3 Remote and loT-Based Diagnostic Platforms

loT-based vehicle diagnostics extend OBD-II capabilities through cloud integration and remote
access. Malekian et al.,, [11] introduced an loT architecture for continuous vehicle monitoring,
supporting fleet-level diagnostics. Jeong et al., [14] implemented a remote vehicle monitoring system
for maintenance professionals, focusing on system reliability and data transmission efficiency.
Hadraoui et al., [15] proposed a cloud-assisted vehicle diagnostic framework designed for large-scale
fleet management.

These systems demonstrate strong scalability and connectivity. However, their interfaces are
tailored primarily for technicians or fleet managers rather than private drivers. Reports generated by
such platforms typically assume technical expertise, limiting usability for everyday vehicle owners.
Consequently, while loT integration enhances system reach, it does not inherently improve
interpretability for lay users.

Table 1 summarises how current OBD-Il systems map to user needs across these three focus
areas, highlighting a consistent emphasis on data collection, connectivity, and machine-learning
accuracy rather than interpretability or everyday decision support.

Table 1
Comparison of existing OBD-Il systems capabilities and user experience
Focus Area Typical Capabilities User Experience Key Limitations Representative

Studies
Fault and vehicle Real-time OBD-Il  Rawvaluesandfault Requires technical [3],[8], [9], [11-13]
health monitoring data acquisition; codes; basic alerts knowledge; limited

DTC reading; cloud orreminders explanation of

upload; smartphone severity or urgency

display
Driving behaviour Classification of Dashboards, scores, Limited explanation [1-5], [10]
and eco-driving driving style; harsh  or generic tips of why behaviours

event detection; are risky or how to

fuel and emission improve

optimisation using

ML/DL
Remote and loT- loT gateways; cloud Interfaces designed Not suitable for lay [8], [11], [13-15]
based diagnostics analytics; remote for experts or fleet drivers; lacks

access for fleets or managers decision support

technicians

Across these three research streams, existing work consistently prioritises data acquisition,
predictive modelling, and connectivity infrastructure. Fault monitoring studies optimise detection
mechanisms [3], behavioural analytics research improves classification accuracy [1], and loT systems
strengthen remote diagnostics [11]. However, few studies operationalise generative or explainable
Al mechanisms capable of translating technical diagnostics into prioritised, human-readable decision
guidance.

Recent surveys explicitly call for this transition. More et al., [6] argue that explainable Al should
be integrated into vehicle diagnostics to improve user trust. Shirole et al., [7] propose generative Al
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approaches to contextualise technical outputs in natural language. Yet, empirical implementations
within real-time OBD-II mobile systems remain limited.

Therefore, the literature reveals a clear imbalance: predictive intelligence in OBD-Il systems is
well developed, but interpretive decision support for non-technical drivers is insufficiently addressed.
The system proposed in this study differs from prior work by positioning generative Al as an
interpretive layer rather than as a predictive engine. By integrating real-time sensing with natural-
language explanation and prioritised action guidance, SmartCarMate directly addresses the
documented gap between technical analytics and everyday driver decision-making.

3. Methodology

This study adopted the Waterfall Software Development Life Cycle (SDLC) as a structured and
sequential methodology for the development of SmartCarMate. The Waterfall model is widely
recognised as a linear SDLC that progresses through clearly defined phases, including requirements
analysis, design, implementation, testing, and deployment, with each phase completed before the
next begins [16-17]. Prior studies indicate that Waterfall is particularly suitable for systems with well-
defined and stable requirements, and for applications where documentation, validation, and
traceability are critical to ensure reliability and reproducibility [16-18].

In applied computing domains involving sensor-based and data-driven systems, such as vehicle
diagnostics and monitoring applications, the structured nature of Waterfall supports precise data
handling, controlled system integration, and systematic verification [16, 18, 19]. Automotive and
OBD-Il diagnostic systems have previously employed iterative or structured Waterfall-style lifecycles
to manage requirement definition, sensor integration, and validation in a disciplined manner [20].
These characteristics align with SmartCarMate’s objectives, where core functionalities, such as OBD-
Il data acquisition, Al-assisted diagnostic interpretation, and driving behaviour feedback are
identifiable at an early stage and require rigorous validation due to their safety-relevant context.

3.1 Methodology Phases

The Waterfall SDLC adopted in this study consists of sequential phases of requirements analysis,
planning and design, implementation, testing, and deployment. Each phase was executed with
explicit deliverables that informed subsequent stages, ensuring systematic progression from problem
analysis to system validation [17, 19].

3.1.1 Requirements Analysis

The requirements analysis phase examined common vehicle maintenance routines and identified
limitations of existing OBD-Il mobile applications. This involved analysing routine practices such as
engine oil maintenance, coolant temperature monitoring, battery health assessment, and driving
behaviour analysis to understand safety and maintenance concerns typically overlooked by non-
technical drivers. In parallel, widely used OBD-Il applications, including Torque Pro, Car Scanner, and
OBD Fusion, were reviewed to assess their functionality, usability, and explanatory limitations. This
process enabled the identification of functional gaps, particularly in interpretable diagnostics, Al-
assisted driving behaviour feedback, and predictive maintenance support. Consistent with structured
SDLC practices, the findings were consolidated into a validated set of functional and non-functional
requirements to guide subsequent development stages [16, 17, 19].
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3.1.2 Planning and Design

During the planning and design phases, the validated requirements were translated into system
architecture specifications, interface layouts, and operational workflows. The design focused on
supporting users with varying levels of automotive knowledge by combining simplified visual
indicators for casual drivers with access to more detailed diagnostic information for experienced
users. Interface mock-ups and technical diagrams, including use case, activity, sequence, and data
flow diagrams, were developed to model system interactions, data exchange, and module
responsibilities. Structured design artefacts are commonly recommended for data-driven and Al-
assisted systems to support verification and controlled integration [16, 18].

3.1.3 Implementation

The implementation phase developed SmartCarMate as a cross-platform mobile application
integrated with an ELM327 OBD-II Bluetooth adapter. Core system modules included real-time OBD-
Il data acquisition, vehicle parameter visualisation, Al-assisted diagnostic interpretation, driving
behaviour analysis, maintenance reminders, and safety-oriented feedback. Modules were
implemented incrementally based on approved design artefacts and integrated into a unified system
to ensure consistency and real-time performance.

3.1.4 Testing and Deployment

Finally, the testing and deployment phases focused on validating system functionality and
operational reliability. The system underwent staged verification, beginning with controlled testing
using OBD-Il simulation tools, followed by real-world validation using ELM327 adapters connected to
production vehicles. The application was subsequently deployed to a limited group of users for
practical evaluation, enabling feedback-driven refinement prior to broader use. This phased
validation approach reflects established practices in sensor-based and vehicle diagnostic systems,
where controlled testing is essential to ensure dependable operation [18].

3.2 Evaluation Procedure

The SmartCarMate system was evaluated using UAT conducted through an online questionnaire,
a method commonly employed to assess operational readiness, usability, and user satisfaction in
mobile and web-based systems [21-22]. Online survey-based UAT is widely used in transport and
vehicle-related technology studies to capture acceptance and usage intention across heterogeneous
driver populations, particularly in early validation stages [23-25].

The evaluation instrument employed a five-point Likert scale (1 = Strongly Disagree, 5 = Strongly
Agree) to measure user perceptions of the system. Likert-scale questionnaires are a standard
approach for assessing usability, perceived usefulness, and ease of use in mobile, vehicular, and
human—machine interaction studies, including those grounded in the Technology Acceptance Model
(TAM), and usability evaluation frameworks [23, 24, 26, 27]. Early-stage system evaluations
frequently rely on structured electronic surveys with modest sample sizes to assess feasibility and
perceived value prior to large-scale deployment [26-28].

Evaluation items were organised into five dimensions, specifically interface design, information
quality and feedback clarity, ease of use and navigation, driving safety and readability, and overall
satisfaction and intention to continue use. These dimensions closely correspond to widely adopted
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constructs such as usability, usefulness, satisfaction, and acceptance in mobile application [26, 27,
29]. In the context of driver—vehicle interaction and automotive applications, perceived usefulness,
interface usability, and user satisfaction are consistently identified as key determinants of acceptance
and continued use [23, 24, 25, 30].

In addition to quantitative Likert-scale items, the questionnaire included open-ended questions
to capture qualitative user feedback. The inclusion of qualitative responses is recommended in
usability and acceptance studies to triangulate quantitative results and provide contextual insights,
particularly for safety-related and context-dependent applications such as in-vehicle systems [26, 28,
29, 30].

Collected data were analysed using descriptive statistics, with results presented as response
distributions and summary measures. Descriptive analysis is commonly adopted in formative and
early-stage validation of mobile and transport technologies, where the objective is to assess
feasibility, usability, and perceived usefulness rather than to conduct hypothesis-driven statistical
testing [26, 29, 30].

The structured SDLC artefacts and evaluation protocol described in this section are intended to
support reproducibility and adaptation in similar applied computing systems involving sensor-based
diagnostics and Al-assisted interpretation.

4. Results and Discussion
4.1 The Proposed System Interface

This section presents SmartCarMate’s user interface, which was designed to support real-time
vehicle monitoring while minimising cognitive load, particularly during driving scenarios. Key design
principles include simplified visual indicators, clear textual labels, and Al-assisted explanatory panels
to translate technical diagnostics into human-readable guidance.

Figure 1 illustrates the main SmartCarMate user interface, illustrating three key interaction
components designed to support real-time vehicle monitoring and decision support. The real-time
vehicle health dashboard displays essential OBD-Il parameters such as speed, RPM, coolant
temperature, and battery voltage using simplified visual layouts. The vehicle health alert interface
highlights abnormal readings and warning conditions to draw immediate user attention. The
diagnostic explanation interface provides natural-language interpretation of detected issues
together with prioritised action guidance. Together, these interfaces support the system’s objective
of improving interpretability while minimising cognitive load during driving scenarios.
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Fig. 1. SmartCarMate user interface: (a) Real-time vehicle health dashboard
with OBD-Il key parameters; (b) Vehicle health alert highlighting abnormal
readings; (c) Al-assisted diagnostic explanation interface

4.2 Participant Profile

UAT was conducted with 20 respondents, selected to reflect the intended user population of
everyday drivers with varying levels of driving experience and vehicle familiarity. The demographic
characteristics of the respondents are summarised in Table 2. The sample was evenly distributed by
gender (50% male, 50% female), reducing gender-related response bias. Most respondents were
aged 21-30 years (60%), with representation from older age groups, providing reasonable age
diversity. Importantly, 75% of participants reported that they regularly drive or own a car, indicating
that the evaluation feedback is grounded in real-world driving experience rather than hypothetical
use. Driving experience ranged from less than one year to more than six years, with both novice (40%)
and experienced drivers (30% with more than six years) represented.

Table 2
Demographic data
Category Number of Respondents  Percentage (%)
Gender Male 10 50
Female 10 50
Age Below 20 0 0
21-30 12 60
31-35 3 15
36-40 3 15
Above 40 3 10
Driving Status Regularly drives a car 15 75
Does not regularly driveacar 5 25
Years of Driving Experience  Less than a year 8 40
1-5years 6 30
More than 6 years 6 30
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4.3 Usability, Information Quality and User Acceptance

Overall user perceptions of SmartCarMate were evaluated across five dimensions, such as
usefulness, ease of use, information quality, driving safety, and satisfaction. Mean Likert scores (p)
were calculated for each dimension to provide a concise and interpretable summary of user
acceptance. Higher p values indicate stronger agreement and more positive user perception.

Table 3 summarises the mean scores and their interpretations. All evaluated dimensions achieved
mean scores above p = 3.9, indicating consistently positive user perception across functional and
experiential aspects of the system. Satisfaction (1 = 4.12) and usefulness (1 = 4.09) emerged as the
strongest dimensions, while ease of use (1 = 3.92), although still positive, showed comparatively
greater scope for improvement.

Table 3

Mean user acceptance scores by category

Category Mean Score (1)  Interpretation

Usefulness 4.09 High perceived usefulness in understanding vehicle condition and actions
Ease of Use 3.92 Generally easy to use, with minor onboarding, or navigation friction
Information Quality 4.04 Clear and understandable diagnostic explanations

Driving Safety 4.00 Acceptable readability and low perceived distraction

Satisfaction 4.12 Strong overall satisfaction and acceptance

To facilitate cross-dimensional comparison, Figure 2 presents a visual summary of the mean
scores. The figure highlights that satisfaction, usefulness, and information quality form the strongest
acceptance cluster, while ease of use remains slightly lower yet still within a positive range.

Usefulness
5

Satisfaction A ' Ease of Use

Driving Safety Information Quality

Fig. 2. Mean user acceptance scores across usability, information
quality, driving safety, and satisfaction dimension
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4.3.1 Interface design and ease of use

Interface-related evaluation items indicate strong positive perceptions of SmartCarMate’s visual
design and interaction flow. Respondents largely agreed that the app’s purpose is clear, the layout is
clean and visually consistent, and icons and labels are intuitive. These findings align with the high
overall ease-of-use score (i = 3.92) reported in Table 3.

However, the presence of neutral responses across several ease-of-use items suggests that first-
time users may experience minor initial learning friction. While most respondents were able to locate
key features such as trip history, diagnostic records, and settings, the results indicate that additional
onboarding mechanisms, such as guided walkthroughs or contextual prompts, could further reduce
early cognitive load without altering core functionality. The positive ease-of-use and information
quality scores (1 = 3.92 and u = 4.04) are consistent with the interface design illustrated in Figure 1,
which emphasises simplified visual presentation and contextual diagnostic explanation.

4.3.2 Information quality and diagnostic feedback

Information quality achieved a strong mean score (i = 4.04), reflecting positive user perception
of both dashboard clarity and diagnostic explanation effectiveness. Respondents indicated that core
vehicle parameters, including speed, RPM, coolant temperature, and battery voltage, are presented
in an understandable format.

Notably, the diagnostic explanations received high agreement ratings, demonstrating the
system’s ability to translate technical OBD-II fault codes into meaningful, human-readable guidance.
Users also reported that suggested actions accompanying warnings or fault codes were clear and
helpful, indicating that SmartCarMate supports informed decision-making rather than merely
presenting alerts or raw data. Trust in the accuracy of displayed readings was similarly high,
reinforcing confidence in the system’s monitoring capabilities and supporting its suitability for real-
world use.

4.3.3 Maintenance support and connectivity

Perceptions of maintenance reminders were positive but more mixed compared to other
dimensions. While users recognised the value of preventive maintenance support, the relatively
lower agreement levels suggest that improvements in reminder timing, wording, or personalisation
could enhance perceived usefulness.

Connectivity-related feedback further reflects the practical challenges of sensor-based mobile
systems. Initial OBD-Il connection was generally rated positively. However, reconnection experiences
showed greater variability. This variability is likely attributable to differences in Bluetooth conditions,
device compatibility, or vehicle states, highlighting the importance of robust reconnection logic and
clearer connection-status feedback in real-world deployments.

4.3.4 Driving safety, satisfaction, and intention to use

Driving safety achieved a mean score of i =4.00, indicating that users generally perceive the app
as readable and non-distracting during driving. This outcome is particularly significant for in-vehicle
applications, where excessive cognitive load or visual complexity can compromise safety.

Overall satisfaction recorded the highest mean score (i = 4.12), and intention to continue using
the app was similarly high. These results suggest that SmartCarMate is perceived as a practical and
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valuable tool rather than a one-time novelty. High satisfaction and continued-use intention indicate
strong potential for real-world adoption, provided that identified usability refinements are
addressed.

4.4 Discussion

The evaluation results provide empirical evidence that SmartCarMate effectively addresses a key
limitation identified in prior OBD-IlI-based vehicle diagnostic systems, which is the disconnect
between technically rich diagnostic data and everyday driver understanding. Unlike conventional
OBD-Il applications that primarily expose raw values, fault codes, or numerical scores, SmartCarMate
demonstrates that Al-assisted interpretive explanations can significantly enhance user trust,
comprehension, and acceptance, even at an early deployment stage.

The strongest performance was observed in satisfaction (u = 4.12) and usefulness (u = 4.09),
indicating that users recognise tangible benefits in understanding vehicle condition and responding
appropriately to warnings. This finding is particularly important given that many existing OBD-II
applications fail to provide sufficient contextual guidance for non-technical drivers.

Similarly, the high information quality score (1 = 4.04) reinforces the effectiveness of the Al
interpretive layer in translating complex OBD-Il data into understandable insights. These results
support emerging applied computing perspectives that emphasise explainable and human-centred
Al, particularly in safety-relevant domains such as vehicle diagnostics.

Although ease of use remained positive (1 = 3.92), its comparatively lower score highlights a
common design trade-off in multifunctional mobile systems. The findings suggest that while the
system is generally learnable, additional onboarding support could further enhance early user
experience without compromising system capability.

Connectivity-related variability further illustrates the challenges inherent in real-time, sensor-
based applications that depend on external hardware and wireless communication. This underscores
the importance of resilient error handling and transparent system feedback in applied computing
systems deployed in heterogeneous environments.

Overall, the findings demonstrate that SmartCarMate’s contribution lies not in data acquisition
alone, but in the integration of interpretive mechanisms with real-time OBD-Il monitoring to support
user understanding, trust, and sustained use. The results confirm that interpretability, clarity, and
actionable feedback are critical determinants of acceptance in vehicle diagnostic applications and
that systems designed with these principles can achieve high user satisfaction even in early-stage
evaluations.

From a broader applied computing perspective, these findings suggest that interpretability-
oriented Al design may be as critical as analytical accuracy in achieving user trust and sustained
adoption in safety-critical, data-intensive systems.

5. Conclusion and Future Work

This study presents SmartCarMate, a GPT-based applied computing system that integrates real-
time OBD-Il diagnostics with natural language interpretation, shifting vehicle monitoring from data-
centric reporting toward user-centric decision support. Unlike conventional OBD-II applications that
prioritise raw data presentation or technician-oriented fault codes, SmartCarMate focuses on
interpretability and actionable guidance for everyday drivers. The evaluation results demonstrate
that this design philosophy is both technically feasible and well-received by users.
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User Acceptance Testing results indicate consistently positive perceptions across all evaluated
dimensions, with mean scores exceeding i = 3.9 in every category. Overall satisfaction achieved the
highest score (1 = 4.12), reflecting strong acceptance and validating the system’s practical relevance.
This outcome suggests that users perceive SmartCarMate as a meaningful aid rather than a novelty
tool, supporting its potential for sustained real-world use. Future work corresponding to this
dimension will focus on longitudinal field studies to assess continued engagement, habit formation,
and behavioural impact over extended usage periods.

The usefulness dimension (i = 4.09) confirms that users value SmartCarMate’s ability to support
understanding of vehicle condition and appropriate responses to warnings. This result directly
validates the core contribution of the system, which is Al-driven interpretability. Future
enhancements will aim to expand this capability by incorporating context-aware explanations, such
as tailoring diagnostic advice based on driving history, vehicle age, or environmental conditions,
thereby increasing perceived relevance and personalisation.

The strong performance in information quality (1 = 4.04) demonstrates that Al-assisted diagnostic
explanations effectively bridge the gap between technical OBD-Il data and layperson understanding.
Building on this strength, future work will explore adaptive explanation levels, allowing users to
switch between simplified and advanced diagnostic narratives, as well as integrating visual
explanation aids to further enhance comprehension.

Although ease of use achieved a positive score (i = 3.92), it was the lowest among the evaluated
dimensions, highlighting a clear opportunity for refinement. Future improvements will therefore
prioritise first-time user onboarding, including guided walkthroughs, contextual tooltips, and
progressive feature disclosure. These enhancements are expected to reduce initial cognitive load and
improve early-stage usability without altering the system’s core functionality.

The driving safety dimension (1 = 4.00) indicates that SmartCarMate is generally perceived as
readable and non-distracting during driving. This finding is critical for in-vehicle applications and
supports the suitability of the system for real-time monitoring scenarios. Future work will focus on
driving-mode optimisation, such as adaptive alert timing, simplified interfaces during motion, and
optional voice-based feedback, to further minimise distraction while maintaining situational
awareness.

Finally, variability observed in maintenance reminders and OBD-Il reconnection experiences
highlights technical challenges inherent to sensor-based mobile systems. Future development will
address these issues through improved Bluetooth reconnection logic, clearer connection-state
feedback, and customisable maintenance reminder schedules aligned with user preferences and
vehicle usage patterns.

In summary, SmartCarMate demonstrates a novel applied computing contribution by combining
GPT-based interpretive intelligence with real-time vehicle diagnostics to enhance accessibility, safety,
and user trust. The strong empirical results, together with clearly identified improvement pathways
mapped to evaluation outcomes, position SmartCarMate as a scalable and impactful solution with
significant potential for further research, deployment, and commercialisation. Beyond the specific
implementation, this work contributes a transferable design principle for applied computing systems
in safety-critical domains, specifically, interpretability and explanatory support are primary
determinants of user trust, acceptance and sustained use.
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Appendix

Table A1
Detailed user acceptance testing results

Category Questions strongly Disagree Neutral Agree

Strongly
Disagree Agree

Usefulness

Q1: The app helps me understand my vehicle’s

0, [0 0, 0, 0,
current condition. 0(0%) 0(0%) 4(20%) 6(30%) 10 (50%)
Q2: 1 underst.and what actions to take when a 0(0%) 0(0%) 6(30%) 6(30%) 8(40%)
fault or warning appears.

Q3: The app helps me interpret diagnostic fault

0 (09 0 (09 6 (309 6 (30%) 8 (409
codes (DTCs). (0%) 0(0%) 6(30%) 6(30%) 8 (40%)

Q4: The app improves my awareness of vehicle

0, 0, 0, 0, 0,
maintenance needs. 0(0%) 0(0%) 7(35%) 7(35%) 6(30%)
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Strongly
Disagree

Strongly

Category Questions Agree

Disagree Neutral Agree

Q5: The trip summaries help me understand my

[0 [0 [) 0, )
driving behaviour. 0(0%) 0(0%) 7(35%) 6(30%) 7(35%)

Ease-of-Use Q1: The app was easy to learn to use. 0(0%) 0(0%) 8(40%) 6 (30%) 6(30%)
Q2: | could easily find the features | needed. 0(0%) 0(0%) 10(50%) 5 (25%) 5 (25%)
Q3: The app navigation is clear and logical. 0(0%) 0(0%) 6(30%) 7(35%) 7(35%)
Q4: Connecting the app to the OBD device was 0(0%) 0(0%) 6(30%) 6(30%) 8(40%)
easy
Q5: Reconnecting to the OBD device was smooth. 0(0%) 0(0%) 9(45%) 6(30%) 5 (25%)
Information Q1: The main dashboard information is easy to o o 0 0 o
Quality understand. 0(0%) 0(0%) 5(25%) 7(35%) 8 (40%)

Q2: The DTC explanations are clear and

0, [0 0, 0, 0,
understandable. 0(0%) 0(0%) 6(30%) 6(30%) 8 (40%)
Q3: The suggested actions provided by the app 0(0%) 0(0%) 6(30%) 6(30%) 8(40%)
are helpful.

FC)zlé;:nlr\::f:lgntenance reminders are useful for service 0(0%) 0(0%) O(45%) 6(30%) 5(25%)

Q5: | trust the accuracy of the readings shown by 0(0%) 0(0%) 6(30%) 7(35%) 7(35%)

the app.

Driving Safety  Q1: The app screen is readable while driving. 0(0%) 0(0%) 8(40%) 6 (30%) 6(30%)
Q2.: 'Usmg the app does not distract me while 0(0%) 0(0%) 6(30%) 6(30%) 8(40%)
driving.

Satisfaction ;lplp Overall, | am satisfied with the SmartCarMate 0(0%) 0(0%) 6(30%) 6(30%) 8(40%)
Q2: | intend to continue using this app in the 0(0%) 0(0%) 6(30%) 5(25%) 9 (45%)
future.
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