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Abstract

The transportation sector is a primary focus for Artificial Intelligence (AI) innovation
because of ongoing technological progress. The sector faces growing challenges due to
urbanization and congestion. Cities are considering electric and Autonomous Vehicles
(AVs) to be promising future solutions because of their potential to enhance efficiency and
reduce emissions, thereby helping us to achieve sustainability goals and drive the digital
transformation. However, adopting these technologies requires evaluating their real-world
deployment readiness. This research is motivated by the need to address this gap. The
research develops and validates a smart framework through a technology readiness as-
sessment methodology to evaluate AV readiness, combining rule-based reasoning with a
weighted scoring and threshold-based classification model, along with Large Language
Model (LLM) analysis. PESTEL and SWOT analyses were conducted to understand the
current state of AV readiness in Saudi Arabia. The system was validated against a bench-
mark dataset derived from published sources of expert assessments across 20 countries.
The system achieved a 97.1% agreement rate and a 0.44 Mean Absolute Error (MAE). The
robustness of the weighted aggregation model was demonstrated through a Monte Carlo
simulation, achieving a 92.1% stability rate when dealing with uncertain conditions. The
framework proved its real-world value through a Saudi Arabian case study with an overall
predicted TRL at 7–8, identifying social acceptance and regulation as a priority for devel-
opment. These findings will advance AI adoption in the transport sector by providing a
multidimensional framework to evaluate the readiness for deploying AVs.

Keywords: Autonomous Vehicles (AVs); Artificial Intelligence; smart mobility; Technology
Readiness Level (TRL); Technology Readiness Assessment (TRA)

1. Introduction
Smart cities have become a worldwide priority for urban development. The imple-

mentation of smart city technologies has created better urban management systems and
improved citizen engagement [1]. Multiple countries have worked to achieve the complete
benefits of smart city technologies. The combination of Artificial Intelligence (AI) with
Internet of Things (IoT) and Big Data has enhanced sustainable urban development [2]. The
establishment of smart cities creates business opportunities, which generate employment
and economic development [1,3]. The development of smart cities in Saudi Arabia serves as
a strategic initiative that supports Vision 2030 goals to improve life quality and support eco-
nomic growth through the development of smart infrastructure, which includes building
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energy networks, water management systems, and transportation networks. Smart cities
achieve their targets through the implementation of several essential components, including
smart transportation development. The implementation of smart transportation systems
depends on sensors, electronics, computers, communication systems, and management
strategies. These advancements result in improved traffic movement, reduced travel times,
and lower fuel usage [4]. Autonomous Vehicles (AVs) represent a significant progress in
intelligent transportation system [4]. AVs, known as self-driving cars, are vehicles that use
advanced technologies to navigate roads independently without human intervention [4–6].
The vehicles operate through sensor systems, software, and AI technology to navigate
roads, handle traffic situations, and perform driving tasks [4].

This research is motivated by the global push toward smart cities and smart mobility
systems. AVs present promising solutions with their potential to reduce accidents, reduce
transport emissions, and facilitate sustainable digital transformation. The global adoption
of AVs is advancing, with distinct approaches in various regions, including China, the
United States, the European Union, Germany, and Japan. The implementation of AVs
throughout Saudi smart cities supports Vision 2030 goals because it delivers better life qual-
ity. This research addresses a specific gap in the adoption of AVs, as countries worldwide
work to integrate this technology into their urban mobility and public transport sectors.
The digital transformation of Saudi Arabia through Vision 2030 depends on the integration
of AV technology to build a safer, more efficient, and sustainable future mobility system.
However, this transition is hindered by multifaceted challenges, including infrastructure
development, regulatory frameworks, and public acceptance. A comprehensive framework
is needed to assess the readiness of AVs. A technology readiness assessment framework
can play a pivotal role in bridging these gaps by offering a holistic approach that integrates
infrastructure, technological, regulatory, data, and public acceptance dimensions. By pro-
viding this comprehensive analysis, it enables informed decision-making for successful
AV adoption aligned with long-term sustainability goals. This framework is designed for
urban planners and policymakers to support critical decisions regarding infrastructure and
technology investment, regulatory planning, and strategic prioritization for AV integration.
This research focuses on assessing readiness for highly automated vehicles within the
domain of shared and public transport, excluding other sectors such as freight and delivery.
This focus ensures a targeted and relevant analysis of the critical dimensions necessary
for integrating AVs into future mobility systems. For this research, Saudi readiness for
AVs is operationally defined as a profile composed of five key dimensions: infrastructure,
technological, regulatory, data, and public acceptance. These five dimensions were sys-
tematically derived to ensure that all critical factors influencing AV deployment in the
Saudi context were captured. The overall state of readiness is further characterized by a
specific Technology Readiness Level (TRL) band, indicating the ecosystem’s preparedness
for a given phase of AV maturity, from testing to full-scale deployment. The smart assess-
ment also provides a structured assessment process that moves readiness evaluation from
expert-based subjective judgment to a more scalable, transparent, and consistent approach.
The findings also aim to support the adoption of AVs in Saudi Arabia’s transport sector,
supporting the future goals of Vision 2030, which emphasizes technological innovation and
sustainability in national development.

Existing readiness assessments tend to rely on a single data type, such as technical
indicators, policy reviews, or market statistics, or apply black box scoring rules that obscure
how qualitative evidence is translated into readiness ratings. This limits their usefulness
for national policy design because decision-makers cannot trace recommendations back to
the underlying evidence or assess the relative contributions of technical, regulatory, and
social factors. In the context of Saudi Arabia—a country pursuing rapid digitalization,
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large-scale infrastructure projects, and ambitious mobility initiatives—there is a clear need
for a transparent, multi-dimensional readiness framework tailored to the national context
and capable of integrating expert judgments, policy documents, and empirical data.

This research responds to that need by proposing and applying a reproducible,
mixed-methods readiness assessment for AV adoption in Saudi Arabia. The framework
integrates five complementary dimensions and converts coded qualitative and quan-
titative evidence into dimension scores and an overall readiness index using explicit,
confidence-adjusted scoring rules. We apply the method to an evidence base composed
of expert interviews, surveys, policy and technical documents, and published case stud-
ies, and we document a traceability matrix that links each readiness rating back to its
evidence sources.

This research aims to develop and apply a transparent, reproducible readiness assess-
ment model for AV adoption in Saudi Arabia by integrating qualitative and quantitative
evidence across infrastructure, technology, data connectivity, regulatory policy, and societal
market dimensions. The study further seeks to generate a cross-dimensional profile of
readiness that not only identifies the overall level of preparedness, but also the specific
strengths, gaps, and interdependencies shaping deployment feasibility. In doing so, the
paper contributes a policy-relevant framework that can support evidence-based decision-
making, regulatory planning, and future readiness monitoring in Saudi Arabia and other
comparable national contexts.

The research questions include the following:

• RQ1: What is the current state of readiness for implementing AVs in Saudi Arabia?
• RQ2: How can a technology readiness assessment framework be developed to evaluate

and improve Saudi Arabia’s readiness for adopting AV?
• RQ3: How can the reliability and robustness of the developed framework be evaluated?

The remainder of the paper is structured as follows: Section 2 reviews related work
on AV readiness and identifies the methodological gaps addressed by this study. Section 3
details the research methodology, including data collection, data analysis, framework devel-
opment, and system validation. Section 4 reports the assessment results and cross-country
comparability analysis. Section 5 discusses policy implications and provides prioritized
recommendations. Section 6 concludes with limitations and future research directions.

2. Literature Review
Several frameworks exist for evaluating the maturity of emerging technologies, includ-

ing the Technology Readiness Level (TRL), Technology Readiness Index (TRI), Technology
Readiness Assessment (TRA), Autonomous Vehicles Readiness Index (AVRI), and other
tailored assessment frameworks specifically designed for AVs.

The TRL serves as a standard method to evaluate how ready a particular technology
is for its intended use in end products and systems. NASA created this scale during
the 1970s and established it as a formal standard in 1989 to evaluate spacecraft design
readiness. The original definition used seven levels, but NASA adopted the nine-level
scale during the 1990s, which has become the standard for assessment [7]. Organizations,
together with companies and governments, use this framework to evaluate technological
development at a basic level and reach TRL 9 for the most advanced stage. The evaluation
process for technology maturity stages: The achievement of TRL 5 requirements does not
automatically advance the technology to the next level [8]. The TRL framework for AVs
focuses on establishing standards and best practices because the regulatory framework
for AVs continues to evolve [9]. The study [10] applied the TRL framework to evaluate
AV readiness and demonstrated that theoretical progress exceeds current implementation
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capabilities. The study found that the worldwide objective for AV integration exceeds the
current state of readiness for actual deployment.

The TRI functions as a diagnostic instrument that evaluates people’s readiness to
use new technological systems [11]. The assessment tool evaluates people’s behavioral
responses through four essential categories, including their positive views about tech-
nology, their readiness to try new things, their discomfort levels, and their security wor-
ries about technology reliability and effects. The original TRI contained 36 assessment
items, but the TRI 2.0 version reduced the number to 16 items. The TRI 2.0 version uses
technology-agnostic terminology that makes it suitable for academic research and practical
implementation [11]. The study [12] employed TRI to identify which elements affect user
system adoption. The TRI system assesses technology readiness through four separate
evaluation criteria, including optimism, inventiveness,discomfort, and insecurity.

The TRAs provide a structured and evidence-based method to assess Critical Tech-
nology Element (CTE) development readiness in acquisition programs through the use of
TRLs as defined metrics [13–15]. The main objective of a TRA involves technology infu-
sion through continuous and consistent evaluation processes throughout the technology
lifecycle [15]. Risk management depends heavily on TRAs to handle the challenges that
come with acquiring advanced technologies such as AVs [15]. The quality of the framework
depends on its credibility, objectivity, reliability, and usefulness [13]. The framework pro-
vides an unbiased evaluation of technology development stages, which helps organizations
make better choices about implementing new technologies [14].

The TRA process evaluates technologies based on particular requirements, which
determine how far along a technology has progressed at its current TRL [15]. The evaluation
process requires reassessment of all previously validated technologies that were developed
for particular settings before their deployment in new operational environments [15]. The
five-step process of the development of a high-quality TRA, which starts with creating a
TRA plan and choosing team members, followed by CTE identification & assessment, then
TRA report preparation, and finally using the report results [13].

The AVRI, developed by KPMG, is a reference that combines a comprehensive set of
28 factors across the AV ecosystem. These factors are combined into a score that prioritizes
countries’ readiness for automated vehicles. The AVRI, first established in 2018 [16] pro-
vided an initial comprehensive framework for assessing AV readiness. Subsequent editions
in 2019 [17] and 2020 [18] have continued to refine and expand the scope of the index.
The index assesses readiness through multiple dimensions, such as policy & legislation,
technology & innovation, infrastructure, and consumer acceptance [18]. The AVRI has not
been updated since 2020, which restricts its ability to accurately represent recent progress
in AV readiness.

Recent studies have utilized the AVRI to evaluate industry readiness for AV deploy-
ment. The study [19] leveraged the AVRI to investigate the infrastructure readiness for
AV technology. It identified critical factors such as road quality, 5G coverage, and Vehicle-
to-Everything (V2X) technology. While focusing on infrastructure, the study may have
overlooked other essential aspects, including consumer acceptance, regulatory frameworks,
and technological advancements, which are equally crucial for successful AV implemen-
tation. Similarly, the study [20] utilized the AVRI to assess the readiness for transport
automation. This study relies on comparisons with other countries based on the KPMG
report, but it may not have fully captured the unique socio-economic and cultural factors in-
fluencing AV adoption. Another study [21] proposes a framework based on benchmarking
with the AVRI, using it as a tool for assessing readiness levels for AVs. The study empha-
sizes the need for collaboration, clear roles, and effective data management to facilitate the
successful adoption of AV technology.

https://doi.org/10.3390/computers15080494

https://doi.org/10.3390/computers15080494


Computers 2026, 15, 494 5 of 24

The study by Ho et al. proposes a conceptual framework that analyzes the impacts
of psychological factors, such as perceived safety and trust, as well as external factors,
including public health, technology, legislative issues, and built environment perspectives.
The researchers highlight that psychological elements are crucial in AV acceptance [22].
Another study by Sitinjak et al. uses a multi-faceted approach to provide a comprehensive
assessment of readiness for AV integration that considers regulatory, infrastructural, and
public perception aspects. The study emphasizes the need for robust safety regulations and
infrastructure improvements to support AV adoption. However, its qualitative approach
limits the generalizability of the findings to the broader population [23].

Lim et al. propose a framework focusing on four key areas: policy & legislation,
infrastructure, technology, and public acceptance. The paper insists on developing a
comprehensive framework that considers the various aspects of AV technology and its
adoption [24]. On the other hand, Westerman et al. explore land use planning for AV
integration, noting the lack of existing land-use planning strategies for AVs. They use
a framework to assess and manage risks related to fully integrating AVs, measuring the
level of intervention across four categories: fix, adaptation, transformation, and innovation.
However, the study indicates a lack of existing policies or examples of risk management
strategies to address the impacts of transitioning to AVs [25].

Jiang et al. employ the Analytic Hierarchy Process (AHP) to assess city readiness
for CAVs. The study evaluated readiness across infrastructure, citizens, and policies &
regulations. AHP provides a structured approach to decision-making by breaking down
complex criteria into a hierarchical structure, allowing stakeholders to assess the relative
importance of various readiness criteria through pairwise comparisons. However, the
number of criteria that can be evaluated using the AHP is limited. The study emphasizes
the lack of established frameworks and criteria to measure city readiness for CAVs [26].

The TRA system provides a complete assessment of technological readiness through
its evaluation of operational condition [15]. The TRA system provides better results for
complex real-world applications because it matches technological development to particu-
lar requirements [14]. The TRA system requires supporting data for operation, but it fails
to evaluate essential design aspects, including reliability and safety [13]. The TRL system
shows hardware and software development stages in operational settings, yet it does not
account for human factors and environmental conditions [27]. The TRI system evaluates
individual readiness for new technology adoption through assessments of optimism and
discomfort levels [11]. However, the evaluation system fails to assess technical and en-
vironmental aspects that affect technology deployment. The AVRI framework evaluates
national readiness for AV adoption through assessments of policy frameworks as well as
technological and infrastructural capabilities [18]. However, the AVRI framework might
struggle to handle detailed national regulations and social effects that occur when AVs
enter public use. The TRA system stands out because it uses a detailed method to check
technology readiness against particular needs in appropriate settings [15]. Our research
adopted the TRA framework because it provides a complete method to evaluate new
technology readiness, particularly for early adoption of AVs.

Previous studies have shown that frameworks developed to assess AV readiness
often focus on specific aspects such as infrastructure, technology, or public acceptance.
These frameworks fail to fully address the complexity of AV readiness. Studies using
frameworks such as AVRI address technical and infrastructure readiness, but often overlook
public acceptance, socio-economic factors, and regulatory frameworks, all of which are
key to successful AV adoption [19–21]. This observation highlights a clear gap in existing
approaches, emphasizing the need for a comprehensive framework. Building on this
identified gap, the development of an AV framework seeks to provide a more nuanced and
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comprehensive approach to assessing AV readiness in the Saudi Arabia. The framework
aims to integrate multiple dimensions into a unified model, ensuring that all critical factors
influencing AV deployment are systematically considered.

3. Methods
This research uses a mixed-methods approach, integrating quantitative and qualitative

data to assess Saudi Arabia’s readiness for AV technology implementation. The methodol-
ogy, as shown in Figure 1, includes data collection, data analysis, framework development,
and evaluation. Data was gathered from multiple sources, including expert interviews,
policy and technical documents, and case studies. We also drew upon a mixed-methods
public survey conducted in our previous research [28], which captured public opinion
on AV technology. The present research continues the analysis using the same data. Our
analysis combined thematic analysis of qualitative data with statistical and regression
techniques for quantitative data. Also, Political, Economic, Socio-cultural, Technological,
Environmental and Legal (PESTEL) and Strengths, Weaknesses, Opportunities, and Threats
(SWOT) analyses were conducted. These insights directly informed the development of a
multi-dimensional TRA framework, structured around five core dimensions: Infrastructure,
Technology, Data & Connectivity, Regulatory & Policy, and Societal & Market readiness. The
selection of these five dimensions was not arbitrary. It was derived using a structured TRA
process informed by the preceding PESTEL and SWOT analyses, the interview findings, and
the literature on AV readiness frameworks. These sources consistently highlighted the five
dimensions as the most critical factors of AV deployment in the Saudi context. We therefore
retained only the dimensions that were repeatedly supported across the evidence base and
that were directly relevant to near-term AV implementation. This approach ensured that
the framework remained both context-sensitive and aligned with the main operational and
policy factors influencing readiness. In this way, the five dimensional framework reflects
a synthesis of evidence rather than an expert-imposed list of factors. Also, build a smart
framework tool that utilizes rule-based expert reasoning, a weighted scoring mechanism
with crisp thresholds, and Large Language Model (LLM)-based document analysis. The
evaluation and assessment of the system involve validation using a literature-based dataset
and Monte Carlo simulation to assess system performance, reliability, and robustness.

Figure 1. Flowchart of methodology.

3.1. Data Collection

Semi-structured interviews enhance the understanding of individual experiences, en-
abling participants to share their unique perspectives [29]. Semi-structured interviews were
used with key stakeholders from different sectors related to AVs, including government sec-
tor, academic institutions, transportation and logistics, independent experts, and members
of the Centre for the Fourth Industrial Revolution (C4IR). Experts were selected with 4–10
years of experience to ensure they had strong operational and strategic knowledge in the
AV sector. This approach facilitated our understanding of the current state of AV technology
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adoption in Saudi Arabia. This method was necessary to capture qualitative insights and
expert judgments that are not available in the published literature. Government policy
papers, technical reports, and white papers were thoroughly reviewed. These documents
provided detailed information concerning the present and future advancements in AV
technologies. The information was used to conduct a comprehensive review, revealing
the multifaceted implications of AVs across various domains. Documents were selected
based on their relevance to national and regional AV strategies, technological standards,
and infrastructure planning. Analyzing pilot projects, case studies, and workshops was
necessary to bridge the gap between theoretical models and real-world implementation.
Projects and cases were selected to represent a diverse range of implementations relevant
to the Saudi context and the global best practices. The review of these projects utilized
publicly available reports, official evaluations, and published case study data. The research
reviewed international peer-reviewed journals and academic papers to assess AVs readiness
in different countries. The literature search was conducted across major academic databases
like Scopus and Web of Science, using keywords related to AV readiness, technology as-
sessment, and autonomous public transportation. This systematic review helped build the
research’s theoretical foundation and compare its findings with global research. We used a
mixed-methods public survey from our previous research [28] to capture public perceptions
of AVs in Saudi Arabia. This approach measures both quantifiable attitude trends and their
underlying causes, providing a comprehensive view of AV readiness acceptance.

3.2. Data Analysis

Thematic analysis is a widely utilized approach for examining qualitative data [30].
The standard procedure includes familiarization with the data, generating initial codes,
identifying themes, reviewing and refining themes, and producing a final report [31].
This method is recognized for its flexibility and its capacity to yield in-depth contextual
insights into real-world phenomena, such as individual beliefs, perspectives, and experi-
ences [32]. Thematic analysis was applied to data obtained from expert interviews. Two
semi-structured interviews were conducted at different times with key stakeholders in the
field. All participants (n = 7) were interviewed via video call. We acknowledge this sample
size as a clear limitation for statistical generalization. The first interview was a group
interview with six stakeholders, while the second interview was an individual interview
with one stakeholder. Each interviews were conducted as one session with an average
duration of one hour. The interview structure were designed with explicit consideration
for the demanding schedules of domain experts. While acknowledging that the influence
of groups and time constraints represent a potential limitation for the depth of knowledge,
this factor was carefully considered during the subsequent analysis and interpretation of
the findings. The interview data were analyzed using NVivo, a qualitative analysis software
that facilitates systematic coding and organization of qualitative data. The interview data
were coded by two independent coders with experience in qualitative analysis and technol-
ogy assessment. Both coders used the same predefined codebook to assign statements to
the five readiness dimensions and their associated factors. After the initial coding round,
inter-coder agreement was checked by comparing the assigned codes across all excerpts,
and disagreements were resolved through discussion until consensus was reached. When
consensus could not be reached immediately, the coding decision was reviewed against the
original transcript, the code definition, and the study’s readiness criteria before a final joint
decision was made. This procedure was used to improve consistency, reduce subjective bias,
and ensure that the mapping from evidence to readiness dimensions remained transparent
and reproducible. The quantitative statistical and regression techniques used to analyze
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the survey data were performed in our previous research [28]. Additionally, PESTEL and
SWOT analyses were conducted to provide a broader contextual understanding.

3.3. Evidence Integration and Quantification Procedure

This research adopted a structured mixed-methods procedure to convert qualitative
and quantitative evidence into a transparent readiness assessment framework. The evi-
dence integration process followed a sequence of collection, screening, coding, scoring,
weighting, and aggregation. Each source of evidence was mapped to one of five readiness
dimensions using a predefined codebook. The coded items were then converted into
ordinal scores, adjusted for evidence confidence, and aggregated into dimension-level and
overall readiness scores. The final dimension and overall scores were translated into TRL
value using predefined threshold rules.

Evidence integration workflow:

1. Collect evidence from interviews, surveys, PESTEL, SWOT, the literature, and expert
judgments.

2. Screen and clean the material to remove irrelevant, duplicate, or unsupported statements.
3. Code each item into one of the five readiness dimensions using a predefined codebook.
4. Convert coded items into scores using a fixed ordinal scale, such as 0 = absent,

1 = partial, and 2 = strong evidence.
5. Assign confidence levels to reflect how strong, consistent, and traceable each piece of

evidence is.
6. Aggregate factor scores into dimension scores using weighted averages.
7. Combine dimension scores into an overall readiness index.
8. Map the final index to the corresponding TRL or readiness band using prede-

fined thresholds.
9. Validate the result by checking expert agreement, evidence traceability, and consis-

tency across sources.

The evidence base consisted of semi-structured expert interviews, survey findings,
PESTEL and SWOT analyses, policy and technical documents, the published literature,
and domain expert judgments. These sources were first screened, coded, and mapped to
five predefined readiness dimensions: Infrastructure, Technology, Data & Connectivity,
Regulatory & Policy, and Societal & Market readiness.

Qualitative data from interviews and documents were analyzed using a structured
content-analysis procedure to identify readiness-related statements, recurring constructs,
and context-specific indicators. Each extracted statement was then assigned to one or more
readiness dimensions using a predefined codebook. To ensure consistency, only statements
that directly reflected operational capability, policy maturity, implementation feasibility,
user acceptance, or data governance were retained as scoring evidence. Ambiguous state-
ments were excluded from the quantitative layer and retained only as supporting context.

To enable quantification, each factor within a readiness dimension was converted into
an ordinal maturity score using a three-level scale: 0 = absent or not evidenced, 1 = partially
evidenced or emerging, and 2 = clearly evidenced or mature. Where quantitative survey
results were available, their outcomes were normalized to the same scale before integration.
When multiple evidence sources supported the same factor, the factor score was computed
as the mean of the source-specific scores, adjusted by an evidence-confidence coefficient
reflecting source agreement, data completeness, and expert verification. This confidence-
weighted averaging served as the explicit mechanism for resolving contradictions between
sources: rather than selecting one source over another, disagreeing sources were combined
in proportion to their confidence weighting, so no single conflicting source could dominate
the final score.
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Dimension scores were calculated as weighted aggregates of the factor scores within
each dimension. Equal weights were applied to factors unless a factor was judged to have
disproportionate importance based on expert consensus and repeated support across the
literature. The general formula used is

Dj =
∑n

i=1 wixij

∑n
i=1 wi

(1)

where Dj is the score of dimension j, xij is the score of factor i within that dimension, and
wi is the assigned weight of factor i. The overall readiness score was then derived from the
weighted average of the five dimension scores:

R =
∑5

j=1 WjDj

∑5
j=1 Wj

(2)

where R is the overall readiness score and Wj is the weight of dimension j. In the base
model, equal dimension weights were used to preserve methodological neutrality and to
avoid overemphasizing any single domain.

To translate readiness scores into TRL values, crisp thresholds were defined a priori.
Each dimension score and the overall readiness index were classified into maturity
bands aligned with the TRL logic used in technology assessment. Higher scores indi-
cated stronger evidence of implementation preparedness, while lower scores reflected
conceptual, experimental, or fragmented readiness. Where evidence was inconsistent
or incomplete, a confidence adjustment was applied to prevent overstating readiness.
This adjustment reduced the final score proportionally to the degree of uncertainty and
evidence disagreement.

A traceability matrix, shown in Table 1, was maintained throughout the analysis to
document the source of each coded item, its assigned factor, the relevant readiness dimen-
sion, the score applied, and the rationale for the decision. This audit trail allowed for direct
tracing from raw evidence to final readiness classification and supported transparency,
reproducibility, and methodological accountability. The final scoring model was reviewed
by domain experts to ensure that the interpretation of evidence remained grounded in
the Saudi AV context and aligned with established readiness assessment principles. The
complete dataset comprises 2 semi-structured interviews, 1 survey with 208 respondents
from Saudi Arabia [28], 1 PESTEL analysis, 1 SWOT analysis, 53 peer-reviewed literature
sources, and 20 government policy papers, technical reports, and white papers. All data
were collected between October 2024 and December 2025. All secondary sources are cited
in the reference list; primary interview and survey data are proprietary to the authors’
research and not publicly available due to participant confidentiality.

The following are the scoring rules:

• Score 0 = no evidence, weak evidence, or only conceptual mention.
• Score 1 = partial, emerging, or inconsistent evidence.
• Score 2 = clear, repeated, and verifiable evidence.
• Confidence adjustment = applied when sources conflict, data are incomplete, or expert

consensus is weak.
• Final TRL = determined from the weighted readiness index using predefined thresholds.
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Table 1. Evidence to readiness scoring matrix.

Source
Type

Evidence Item Coded Factor Readiness
Dimension

Raw
Score
(0–2)

Weight Confidence
Level

Confidence
Coeffi-
cient

Adjusted
Score

Justification

Interview
Expert state-
ment on V2X
pilots

V2X implemen-
tation

Infrastructure
readiness

2 1.0 High 1.0 2.0 Direct opera-
tional evidence

Survey Public trust in
AVs User acceptance Societal Market

readiness
1 1.0 Medium 0.8 0.8 Positive but not

mature

PESTEL
Regulatory
sandbox refer-
ence

Policy flexibility Regulatory Pol-
icy readiness

1 1.0 High 1.0 1.0 Formal policy
support exists

SWOT
Weak data-
sharing capac-
ity

Data gover-
nance gap

Data Connectiv-
ity readiness

0 1.0 High 1.0 0.0
Clear weakness
in evidence
base

Literature Controlled test-
ing reported Prototype vali-

dation
Technology
readiness

2 1.0 High 1.0 2.0
Repeated in
peer-reviewed
studies

LLM is used as a supporting coding assistant with human-in-the-loop verification,
while the actual readiness score is computed by explicit equations and fixed rules. For
evidence confidence, we use

x′ij = xij × cij (3)

where x′ij is the adjusted factor score and cij is the confidence coefficient, for example, 1.0
for high confidence, 0.8 for medium confidence, and 0.6 for low confidence.

While TRLs have been extremely successful in areas such as aerospace and the defense
sector, their straightforward application in the domain of AVs is constrained by multiple
limiting factors. One important limiting factor is system complexity. AVs are not merely a
technology, but a combination of various subsystems. Therefore, the readiness assessment
must include the maturity of each subsystem and the reliability of its integration as well [9].
To reflect this multi-system nature of AV readiness while retaining continuity with the clas-
sical TRL vocabulary, this study adopts a modified TRL scale [8] comprising eight readiness
bands, applied consistently across all five readiness dimensions (shown in Table 2).

Table 2. Readiness score to TRL mapping using the modified TRL scale (adopted from [8]).

Readiness Score Range TRL Interpretation Description

0.000–0.124 TRL 1–2 Basic principles observed
0.125–0.249 TRL 2–3 Technology concept formulated
0.250–0.374 TRL 3–4 Proof of concept
0.375–0.499 TRL 4–5 Component validation in laboratory
0.500–0.624 TRL 5–6 Technology validated in relevant environment
0.625–0.749 TRL 6–7 System demonstrated in relevant environment
0.750–0.874 TRL 7–8 System demonstrated in operational environment
0.875–1.000 TRL 8–9 System proven through deployment

3.4. Multi-Dimensional TRA Analysis

The TRA dimensions of the framework are: Infrastructure readiness, which includes
availability of infrastructure, 5G and spectrum policy, V2X activity, Saudi Highway
Code (SHC) 801 codification, and Electric Vehicle Infrastructure Company (EVIQ) charg-
ing expansion; Technology readiness, involving real-world controlled testing beyond
prototypes, local industrial roadmaps, and addressing gaps in safety cases; Data &
Connectivity readiness, which focuses on connectivity infrastructure, developing data
governance frameworks, and establishing cross-border data flow and liability backbone;
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Regulatory & Policy readiness, which encompasses regulatory sandboxes, policy visions
for AVs, ongoing AV pilots, and frameworks for licensing, liability, and insurance at
the national level; and Societal & Market readiness, which assesses early-stage public
readiness, positive trends in acceptance, trust-building pilots, outreach and surveys, and
identifies clear near-term use cases.

3.5. Cross-Country Comparability and Framework Novelty

The Saudi Arabian evidence base is partly comparable with other countries, but
not directly equivalent in all respects. It is comparable at the level of broad readiness
dimensions, because the same framework evaluates infrastructure, technology, data
connectivity, regulation, and societal market conditions across cases. However, it is
not fully comparable at the level of raw indicators, because countries differ in data
availability, policy maturity, urban form, pilot project scale, traffic conditions, digital
infrastructure, and public acceptance patterns.

For that reason, comparisons should not be made using final readiness scores alone.
Instead, the analysis should compare the underlying conditions that generated those
scores, as captured by the specific factors scored within each dimension of the framework.
For example, in the regulatory dimension, the relevant evidence includes the maturity
of regulatory sandbox mechanisms, the extent to which national AV policy vision has
been codified into formally enacted legal frameworks, the scale and strategic scope of
ongoing pilot projects, and the development stage of a comprehensive national framework
addressing licensing, liability, and insurance. In the infrastructural dimension, the dataset
should reflect the deployment stage of V2X communication technology, the adequacy
of physical infrastructure for AV operation, the development of 5G connectivity and
dedicated spectrum allocation, the formal codification of relevant national standards (such
as SHC 801), and the progress of electric vehicle charging infrastructure expansion.

This means that two countries may produce similar readiness scores while still being
different in substance. One country may score highly because of strong policy alignment
but limited pilot deployment, while another may score moderately because of advanced
testing infrastructure but weak governance or lower public acceptance. The framework
treats readiness as a multi-dimensional profile rather than a single ordinal ranking, which
makes the interpretation more policy-relevant than a simple score comparison.

Methodologically, the framework differs from many existing readiness assessment
approaches in three ways. First, it integrates qualitative and quantitative evidence within a
single transparent scoring pipeline rather than relying only on expert judgment or only on
numerical indicators. Second, it applies confidence-adjusted scoring, so weak or partially
supported evidence does not carry the same weight as direct and verifiable evidence. Third,
it preserves traceability through a source-to-score audit trail, allowing readers to see how
each piece of evidence contributed to the final readiness result.

This approach is especially important when assessing Saudi Arabia because the na-
tional context includes rapid digital transformation, evolving regulatory structures, and
uneven maturity across technical and social domains. A framework that simply compares
final scores would miss these differences.

In comparison with conventional technology readiness or maturity models, the present
framework is broader and more context-sensitive. Traditional models often emphasize tech-
nological development stages, whereas this study also incorporates regulatory readiness,
data governance, and societal acceptance as equal determinants of deployment feasibil-
ity. As a result, the framework is better suited to national policy planning, cross-country
benchmarking, and regulatory prioritization.
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3.6. System Architecture

Figure 2 presents a framework for a hybrid expert system that integrates rule-based
reasoning, a weighted scoring model with threshold-based classification, and LLM support
for document analysis and rule generation. In the mandatory workflow, Users complete
multi-dimensional questionnaires. The system then calculates a TRL score using existing
rules and the weighted scoring mechanism. In the optional workflow, users can upload
a SWOT or PESTEL file, or both, which the LLM analyzes to propose new rules for the
knowledge base. The LLM extracts candidate rule specifications, such as factor weights,
thresholds, or new indicators, and presents them in a structured list to the human reviewer,
who accepts, modifies, or rejects each proposal. Only accepted rules are committed to the
knowledge base, after which the TRL is automatically recalculated. The TRL is recalculated
after each approved update. A human-in-the-loop validation step determines which LLM
proposed rules are accepted into the production knowledge base.

Figure 2. Framework architecture.

3.7. System Validation Approach

The system was validated using literature-based datasets and Monte Carlo simulations.
The literature-based validation dataset utilizes academic and industry sources, including
KPMG AVRI [16,17], the MDPI AV implementation in developing countries [33], and the
Tenet AV Readiness Ranking [34]. The research also used the analysis of the current state
in Saudi Arabia in the dataset. These sources evaluate 20 regions, each assessed across
multiple dimensions of AV readiness using established frameworks. The compilation
of validation cases necessitated a systematic alignment of source assessments with the
present research five dimensional framework. Each source utilized distinct conceptual
frameworks: KPMG structured its assessments around policy, technology, infrastructure,
and consumer acceptance [16,17], MDPI focused on physical and digital infrastructure
and societal perceptions of AV [33], and Tenet’s evaluations concentrated on infrastructure
provision metrics [34]. The alignment process involved systematic mapping of source
assessment dimensions into the research framework’s five dimensions.

The Monte Carlo simulation was designed to stress-test the system’s stability and
robustness by evaluating its performance across thousands of randomly generated assess-
ment scenarios [35,36]. A multistep validation process using Monte Carlo simulations
confirms system accuracy by testing performance across a variety of conditions with differ-
ent parameter combinations [37,38]. Monte Carlo simulation was chosen as the validation
method because it is the only practical way to assess complex, non-linear systems when
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analytical solutions are not possible. It also generates sampling distributions that show
system behavior across all possible input conditions [39]. The process employs stratified
sampling to ensure balanced distribution across all five readiness dimensions and three
maturity levels. The simulation was configured with 500 default scenarios and response
consistency across the defined Nascent, Developing, and Mature input states. A fixed
random seed (42) was used to ensure reproducibility. For each simulation run, random
maturity levels are generated for each input factor across all five dimensions. The overall
readiness score is then recomputed for each scenario using the same weighted aggregation
procedure described in Section 3.3. This approach generates a distribution of possible
readiness outcomes, enabling us to assess the stability and sensitivity of the framework to
variations in input maturity levels.

3.8. Validation Metrics and Success Criteria

The validation framework employs multiple complementary metrics to assess system
performance across different dimensions of accuracy and reliability. The literature agree-
ment rate measures how well system predictions align with established expert benchmarks
from the published literature. For this assessment, we define an agreement rate greater than
80% as the threshold for high system accuracy. The ±1 TRL band represents a reasonable
tolerance reflecting the inherent uncertainty in readiness assessment while still ensuring
magnitudes remain reliable for decision-making.

Agreement Rate =
Num of Predictions Within ± 1 TRL of Literature

Total Predictions
(4)

The Mean Absolute Error (MAE) metric provides complementary information to
the agreement rate by quantifying the average magnitude of prediction errors across
all validation cases. This metric proves particularly useful for identifying systematic
biases in system performance. We establish a MAE of ≤ 1.0 as the benchmark for
good performance in this system. For MAE calculation, each TRL band is converted
to its numeric midpoint. Both the system’s predicted band and the expert-assigned
ground-truth band are converted accordingly.

MAE =
1

Num of Predictions
× ∑ |Predicted TRL − Actual Ground Truth| (5)

The Root Mean Square Error (RMSE) metric emphasizes larger errors while remaining
less sensitive to outliers compared to maximum error metrics. This metric is particularly
useful for identifying problematic variability in prediction accuracy, with some subset of
cases generating substantially larger errors than typical predictions:

RMSE =

√
1

Num of Predictions
× ∑(Predicted TRL − Actual Ground Truth)2 (6)

The Stability Rate measures internal consistency and boundary behavior when pro-
cessing randomly generated input combinations with systematic perturbations, validating
operational reliability. This metric validates that the system behaves reliably at decision
boundaries and does not produce erratic responses to small input variations. We define a
Stability Rate of ≥ 90% as indicative of production readiness.

Stability Rate =
Number of Stable Scenarios

Total Scenarios
× 100 (7)

Model validation was conducted using benchmark cases from the literature and pub-
lished AV readiness references, together with controlled perturbation testing. The proposed
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framework was applied to selected cases representing different readiness conditions, and
the resulting TRL outputs were compared with expected or expert-derived benchmark TRL
levels reported in the source studies. In addition, a Monte Carlo simulation was used to test
the robustness of the weighted scoring model under random variation in factor weights
and evidence-confidence values. The validation results indicated that the model produced
stable outputs across repeated runs and remained sensitive to meaningful changes in the
input structure without generating inconsistent TRL classifications. This supports the
reliability and practical applicability of the proposed readiness assessment framework.

4. Results
4.1. Overview of the Framework Application

The assessment methodology uses multiple evaluation methods to assess AV readiness
through five essential dimensions, including Infrastructure readiness, Technology readiness,
Data & Connectivity readiness, Regulatory & Policy readiness, and Societal & Market
readiness. Each dimension is assessed independently using a standardized questionnaire
tool designed to capture the maturity level of specific factors in that dimension.

The assessment tool uses a three-point Likert scale to measure readiness levels for each
factor within its dimensions. The scale starts at one (Nascent), showing the beginning of
development with no significant advancement, then proceeds to two (Developing), indicat-
ing moderate progress with partial deployment and pilot programs getting underway, and
ends at three (Mature), indicating fully operational systems that have achieved widespread
deployment. The selected ordinal scale follows industry-standard TRL frameworks while
remaining easy for domain experts and policy stakeholders to understand. TRL provides a
systematic metric for assessing technology maturity on a scale from TRL 1 (basic principles)
to TRL 9 (proven system). For AV applications, we adopt and modify the scale to align
with AV-specific terminology and development stages.

For each dimension, specialized questionnaires target the factors most relevant to that
domain’s contribution to the overall AV readiness. For instance, the Infrastructure readiness
dimension evaluates five factors: V2X communication maturity, physical infrastructure
adequacy, 5G connectivity advancement, standards codification (SHC 801), and EV charging
infrastructure progress.

The questions were validated using the content validity method with two subject
matter experts rating the relevance of each item on a four-point Likert scale, in which
“1 = Not Relevant; 2 = Somewhat Relevant; 3 = Quite Relevant; and 4 = Highly Relevant.
The overall average was 98% (S-CVI = 0.98), which is an acceptance of validity based
on [40,41].

The overall TRL assessment is calculated by combining individual dimension assess-
ments, where each one receives its weight from confidence scores. The scoring system uses
a weighted average approach, which assigns values to each factor within its dimension.
The system applies equal weight to all factors. The completeness of responses within each
dimension, together with the consistency of maturity levels across factors, determines the
accuracy of confidence scores. The system performs calculations for each of the five dimen-
sions by multiplying the numeric TRL values by their confidence scores, then dividing the
results by the overall confidence weight. The system generates a TRL score based on the
weights, which determines the correct TRL band.

The assessment process faces major uncertainty that arises, as stakeholders may
provide inaccurate ratings for particular factors, which prevents them from providing
reliable ratings for certain factors. The system uses a hierarchical fallback system to manage
situations where assessments remain inaccurate. The knowledge engine requires more
data than is available to perform rule-based reasoning. The system shown in Figure 3
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uses a pattern-matching and similarity-based method to estimate missing values, drawing
from answered factors and similar cases found in the validation database. The assessment
process continues without interruption through this method, which shows the confidence
level for each assessment dimension.

Figure 3. Hybrid expert system decision workflow.

4.2. Data Presentation

The dataset exhibits significant geographic diversity, comprising 34 case studies from
20 nations, shown in Figure 4. This includes seven European countries, six from the Asia-
Pacific region, four from the Americas, two from the Middle East, and one from Africa. It is
important to note that five case studies are drawn from Saudi Arabia, three case studies
from Singapore, the United States, and the United Arab Emirates, and two case studies from
the Netherlands, Sweden, Germany, and Japan, providing a more in-depth perspective
from these specific contexts.

Figure 4. Geographic diversity of the dataset [16,17,33,34].
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The dataset is well-distributed across the full spectrum of TRLs. Five cases represent
TRL 8-9, primarily from developed nations with mature AV ecosystems and regulatory
frameworks. Eight cases represent TRL 7-8, reflecting a system with demonstrated capa-
bility in relevant environments. Eleven cases represent TRL 6-7, indicating substantial
development underway with positive validation results. Three cases represent TRL 5-6,
reflecting mid-stage development and partial validation. Seven cases represent TRL 4-5
or lower, representing nascent-stage development. This distribution provides adequate
validation data across all TRL ranges.

The number of cases analyzed for each readiness dimension as following: Infrastruc-
ture readiness was the most frequently assessed dimension, comprising 25.8% of the total
cases (n = 8), followed closely by Technology and Data & Connectivity readiness, both at
20% (n = 7). In contrast, Regulatory & Policy and Societal & Market readiness were assessed
less frequently, each representing 17.1% of cases (n = 6).

4.3. Literature-Based Results

The validation results of the literature-based validation demonstrate that, as shown in
Figure 5, a strong linear correlation is observed between the system’s predictions and the
expected TRL values from the literature. The model achieves a low MAE of 0.44 TRL levels.
This indicates an average error of less than half a TRL level. Analysis by dimension shows
the system achieves high agreement with literature benchmarks >80% for Infrastructure,
Technology, Regulatory, and Data & Connectivity dimensions. The Societal & Market
dimensions show more variable agreement.

Figure 5. Literature-based validation analysis. Note: Point color indicates prediction error magnitude
on a green-to-red scale: green/dark green = low error; yellow = moderate error; red/dark red =
largest deviations. Red dashed line denotes perfect agreement.

4.4. Case Study Finding: AVs in Saudi Arabia

The results, shown in Figure 6, demonstrate the system’s ability to generate a nuanced
readiness profile for Saudi Arabia and pinpoint specific strengths and weaknesses. The
system’s overall predicted TRL for Saudi Arabia’s AV readiness was 7-8. A comparison
plot shows a close alignment between the predicted and expected TRL derived from the
literature. Saudi Arabia’s TRL levels are most advanced in the Technology, Infrastructure,
and Data & Connectivity dimensions. To make the cross-country comparison explicit,
Saudi Arabia was benchmarked against the strongest country observed in each readiness
dimension rather than against a single overall leader. Singapore served as the benchmark
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for Infrastructure, Data & Connectivity, and Regulatory dimensions, the United States for
Technology dimension, and Sweden for the Societal & Market dimension. This dimension-
by-dimension comparison was used to identify where Saudi Arabia is already approaching
leading international performance and where the largest gaps remain. The comparison
also shows that Saudi Arabia is relatively advanced in Technology, Infrastructure, and
Data & Connectivity dimensions, while regulatory maturity and societal acceptance still
lag behind the top-performing countries. This approach provides a more meaningful
comparison than a single aggregate ranking, as the AV readiness develops unevenly across
dimensions. This comparison validates the system’s ability to generate strategic insights
through cross-national comparison.

Figure 6. Comparative analysis with leader countries. Note: Light green/dark green= Saudi Ara-
bia (expected/predicted); light blue/dark blue = best-performing country from the literature (ex-
pected/predicted). A color legend is also provided in the top-left corner of the figure.

4.5. Model Validation and Reliability

The robustness of the final aggregation and classification procedure was evaluated
using a Monte Carlo simulation. Two validation approaches were used: extended simula-
tion tested performance across 500 random scenarios, and deterministic validation tested
stability by introducing small input changes. These confirmed that the system performed
well and remained stable. To evaluate the overall system behavior, 500 random scenarios
were generated across all five readiness dimensions. This exploration characterized the
system’s prediction patterns, confidence levels, and reasoning methods across diverse
input configurations. The system achieved 88.3% average confidence across all scenarios.
To assess production readiness, 5000 scenarios were subjected to systematic perturbation
testing. Each factor was incrementally adjusted to measure output sensitivity and boundary
stability. The system achieved a 92.1% stability rate.

To validate the LLM-based document analysis and rule generation module, a con-
trolled test was conducted using Google’s Gemini LLM. The test was designed to simulate
a typical user interaction where external documents are uploaded for analysis. For this
purpose, synthetic test documents (n = 6) were generated based on published literature
sources representing distinct geographic and thematic focuses. The LLM processed these
documents to propose readiness assessments, and the resulting TRL predictions were then
compared against expert-derived benchmarks to evaluate the accuracy and reliability of this
automated workflow. The validation results demonstrate that a clear positive correlation
exists between the system-predicted TRL and the expected TRL values from the literature.
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5. Discussion
This research aimed to develop and validate a comprehensive framework for assessing

AV readiness in Saudi Arabia. The hybrid expert system brought together key factors
into a clear assessment model, which was validated using a benchmark dataset and sim-
ulation inputs. The research not only met its original goals, but also provides a practical
tool for policymakers, industry leaders, and researchers by adding valuable insight to
the technology readiness assessment landscape. The validation results demonstrate the
strong performance of the TRL assessment system. The high predictive accuracy and
consistency across countries validate the system’s robustness across different geographic
contexts. The positively skewed error distribution and low MAE of 0.44 confirm the model’s
reliability. The high agreement (>80%) on key technical and infrastructural dimensions
validates the system’s accuracy on those core conceptual dimensions. The more variable
agreement on the Societal & Market dimension can be attributed to it being assessed on
fewer cases, suggesting a need for more data or highlighting the challenge of standardizing
such assessments.

The results demonstrate the system’s ability to generate a nuanced readiness profile
and pinpoint specific strengths and weaknesses for a country. The analysis reveals a multi-
faceted readiness profile for Saudi Arabia, showing a pattern of strengths and weaknesses.
Saudi Arabia’s AV ecosystem demonstrates a promising but uneven readiness profile, with
an overall TRL of 7-8. This indicates a successful demonstration in controlled environments.
The nation excels in Data & Connectivity readiness (TRL 7-8), driven by world-class 5G
infrastructure. Significant progress is also evident in Infrastructure (TRL 7-8) with robust
physical roads and EV networks, however. Similarly, Technology readiness (TRL 7-8) is
maturing through active robotaxi pilots and major manufacturing investments, yet re-
quires safety validation and expanded operational domains. Regulatory & Policy readiness
(TRL 6-7) is maturing through sandboxes and pilot licenses, but lacks comprehensive
liability and data-sharing standards. The most significant bottleneck is Societal & Market
readiness (TRL 5-6). This research shows that Saudi Arabia has advanced Technology, In-
frastructure, and Data & Connectivity readiness, but its Regulations and Societal readiness
are still catching up. However, developing strong policies and earning public support are
taking longer. This research aligns with previous research in identifying societal acceptance
as a key constraint on the adoption of AVs [10,21].

The system’s operational stability was evaluated using a Monte Carlo simulation,
which generated hundreds of random input combinations to stress-test the internal con-
sistency of the scoring logic. The stability of results provides statistical confidence in the
system’s reliability. The 92.1% stability rate shows that the system predictions are robust
and stable, even with imperfect or conflicting data. Figure 7 shows the distribution of
boundary stability rates across key dimensions, with Regulatory & Policy and Societal &
Market readiness being the most stable and Technology readiness being the least stable.

Regulatory & Policy readiness and Societal & Market readiness exhibited the most
robust internal consistency during simulation. Its highest stability rate of 100% indicates
that the system’s own rules and logic produce highly self-consistent outputs for this
dimension across a wide array of random inputs. Infrastructure readiness demonstrates
strong internal stability, with a 95.9% stability rate; the Data & Connectivity readiness
displayed similar robustness, showing an 83.1% stability rate. This shows that the system’s
method for calculating infrastructure scores is highly stable and repeatable. Technology
readiness reveals the greatest internal sensitivity during stress-testing. The stability rate of
81.7% suggests that the system’s logic for this dimension is more sensitive to specific input
combinations. This indicates that the rules for assessing core technology maturity are the
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most likely to produce variable outputs from similar inputs. This does not mean that the
answers are wrong, but that the system’s internal state is less consistent for this dimension.

Figure 7. Boundary stability by dimension. Note: Boundary stability is the proportion of tested
scenarios for which perturbing any single input factor by ±1 maturity level changes the output
readiness band by no more than two classification levels. A tested scenario is one complete input
profile drawn via stratified sampling. For each scenario, each factor is perturbed individually by
±1 level while the others remain fixed. A scenario is stable if the largest TRL change across all
perturbations is ≤ two levels.

The exploratory validation of the LLM-based document analysis module confirmed
its potential as a viable pathway for future system extensibility. The validation results
demonstrate a strong overall performance for the LLM-supported workflow. The fact that
both analytical frameworks (PESTLE and SWOT) performed within an acceptable band
confirms the versatility and reliability of the underlying LLM-assisted coding approach
for different analytical lenses. The LLM module is used as a supportive text-analysis
component rather than as a standalone source of truth or as the primary computational
engine of the framework. The positive outcomes from this preliminary investigation
suggest that automated interpretation of unstructured texts is a feasible approach for
enhancing the system’s knowledge acquisition capabilities, positioning it as a promising
feature for future development. However, the LLM module outputs may be affected by
bias, ambiguity, and inconsistent interpretation across heterogeneous documents, which is
why human validation remains essential before rule adoption.

The system’s assessments provide a validated benchmark against global leaders and
a strategic profile for Saudi Arabia. As shown in Table 3, its evaluations align closely
with established benchmarks for leading nations: it correctly identifies Singapore’s mature
infrastructure and regulatory readiness (TRL 8-9) and the United States’ advanced Technol-
ogy readiness (TRL 8-9). A notable divergence, shown in Table 4, occurs for Singapore’s
Data & Connectivity, where the system assigns TRL 7-8 against a reported benchmark
in the literature of TRL 8-9. This lower rating may stem from the system’s more conser-
vative evaluation of operational integration, despite major investments in 5G and smart
infrastructure, which are measurable indicators that the literature may weigh differently.
For Sweden’s Societal & Market readiness, the system assigns a higher TRL 8-9 than the
literature (TRL 7-8), likely reflecting strong, measurable indicators of public acceptance and
market maturity that the academic literature may not yet fully capture.
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Table 3. TRL assessment: Saudi Arabia vs global benchmarks.

Dimension Country Expected TRL
(Literature)

Predicted TRL
(System)

Error Confidence
Rate

Infrastructure Readiness Saudi Arabia TRL 6–7 TRL 7–8 1 92.0%
Singapore TRL 8–9 TRL 8–9 0 95.0%

Technology Readiness Saudi Arabia TRL 6–7 TRL 7–8 1 90.7%
United States TRL 8–9 TRL 8–9 0 95.0%

Data & Connectivity Readiness Saudi Arabia TRL 7–8 TRL 7–8 0 90.7%
Singapore TRL 8–9 TRL 7–8 1 95.0%

Regulatory & Policy Readiness Saudi Arabia TRL 6–7 TRL 6–7 0 90.0%
Singapore TRL 8–9 TRL 8–9 0 95.0%

Societal & Market Readiness Saudi Arabia TRL 5–6 TRL 5–6 0 84.0%
Sweden TRL 7–8 TRL 8–9 1 95.0%

Note: Confidence rate reflects the system’s internal certainty in its prediction. Confidence rate
is calculated as 0.95 for exact expert system rule matches, or min (0.95, 0.6 × Completeness + 0.4
× Maturity) otherwise. Completeness is the proportion of answered questions in that dimension.
Maturity is the weighted average score of answered factors, divided by 3 and capped at 1. The
weights (0.6, 0.4) were set heuristically to prioritize evidence completeness over score consistency
and were not empirically calibrated.

For Saudi Arabia, the analysis reveals a targeted development path. The system
assigns a higher TRL 7-8 to Infrastructure and Technology than literature benchmarks (TRL
6-7), likely recognizing major investments in 5G, pilot projects, and industry partnerships.
This suggests Saudi Arabia is catching up with top nations in these areas. However, for
Regulatory and Societal readiness, the system’s scores (TRL 6-7 and 5-6) are the same as
those in the literature, showing that these areas are still the main challenges [10,20–22].
Consequently, advancing toward full commercialization is contingent upon improving
these social and institutional factors.

Table 4. Notable divergences in TRL assessment.

Dimension Country Reason for Divergence

Infrastructure Saudi Arabia The system assigns a higher TRL, reflecting major recent investments in
physical infrastructure.

Technology Saudi Arabia The system assigns a higher TRL, driven by accelerated pilot projects and
strategic industry partnerships.

Data & Connectivity Singapore The system assigns a lower TRL due to its conservative assessment of full
operational integration.

Societal & Market
Readiness

Sweden The system assigns a higher TRL, capturing strong, measurable public
acceptance and market maturity indicators.

The system’s integrated assessment assigns Saudi Arabia an overall TRL of 7-8, indi-
cating that AV technology has been demonstrated in operational environment. The primary
strategic implication is the need to build upon current infrastructural and technological
strengths while urgently addressing regulatory and societal gaps. Leveraging strong con-
nectivity and strategic planning to develop robust regulations and foster public trust is
essential for smooth AV integration, making policy development and public engagement
critical priorities for future progress.

This research developed and validated a technology readiness assessment framework
with LLM-enhanced document analysis that directly addresses the research questions.

https://doi.org/10.3390/computers15080494

https://doi.org/10.3390/computers15080494


Computers 2026, 15, 494 21 of 24

In answer to RQ2, the framework was successfully developed as a hybrid system that
combines structured expert logic with probabilistic LLM analysis under human guidance.
To address RQ3, its reliability and robustness were rigorously evaluated using primary
validation and statistical simulation. The system demonstrated high accuracy, with over
80% agreement with expert benchmarks and a low MAE of 0.44 TRL levels. The system
shows broad usage through its consistent performance across 20 nations from different
economic and geographic regions. The Monte Carlo simulation results show that the
system maintained 92.1% stability when operating under unpredictable situations, while
the confidence average reached 88.8%. Concerning RQ1, the application of this validated
system enables a move from subjective assessments to a detailed evaluation of AV readiness.
For Saudi Arabia, it provides policymakers with evidence-based tools for strategic decisions.
The validated framework provides a consistent system for industry professionals to perform
operational feasibility assessments. For the research community, it demonstrates the efficacy
of a hybrid expert system for complex, multi-dimensional assessments and its potential
applicability to other emerging technologies beyond AVs.

The validation of the readiness assessment framework provides concrete tools to
advance Saudi Arabia’s digital transformation under Vision 2030. The framework directly
enables evidence-based policymaking, moving planning from uncertainty to a data-driven
strategy. This reliable tool offers policymakers a clear, data-driven method to evaluate
readiness and reduce investment risks, directly supporting the Vision’s goals of techno-
logical leadership and a diversified digital economy. Planners and policymakers use the
confirmed strengths in Technology, Infrastructure, and Data & Connectivity dimensions
as a solid foundation for near-term pilot projects and initiatives. For Infrastructure, the
strategy should build upon existing physical assets and ongoing 5G deployment, with an
emphasis on modernizing legacy networks. For Data and Connectivity, it is essential to uti-
lize current connectivity infrastructure while addressing cybersecurity and enhancing data
interoperability. For Technology, the approach should leverage the established industrial
roadmap and prioritize research and development commercialization. At the same time,
the framework directs focused effort toward systematically closing the most critical gaps in
regulatory frameworks and public engagement. For the Regulatory and Policy dimensions,
the strategy should build on a mature national vision while strengthening the completeness
of the framework, the scale of pilot projects, and policy codification. For the Societal and
Market dimensions, the priority is to address the nascent stage of public outreach while
systematically developing public acceptance, readiness growth, trust-building design, and
economic viability through sustained engagement and targeted programs. Together, this in-
tegrated approach ensures that Saudi Arabia’s journey toward leadership in smart mobility
is built on a foundation that is both ambitious and practical.

6. Conclusions
This research addresses the challenge of assessing national readiness for AV integration.

To bridge the gap between theoretical potential and practical deployment, a technology
readiness assessment framework was developed. This research employed a mixed-methods
approach to develop and validate the framework. The framework employs a novel hybrid
architecture that integrates rule-based expert reasoning, a threshold-based scoring model
for handling ambiguous edge cases, and an LLM-based document analysis to ensure both
precision and adaptability. The system achieved 97.1% agreement with the published
literature benchmarks, while the 92.1% stability rate validates its reliability. The application
of this framework to Saudi Arabia provided key empirical findings. The nation operates
at an overall TRL 7-8 level, with the strongest readiness in Infrastructure and Technology.
However, the assessment crucially identified that Regulatory and Societal readiness present
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significant constraints. This outcome underscores the framework’s utility, transforming
subjective evaluation into a structured, evidence-based tool suitable for guiding policy
implementation and highlighting the urgent need for targeted public engagement and
trust-building initiatives alongside continued technological development. This research is
subject to several limitations that warrant consideration. A key limitation is the prelimi-
nary scope of the LLM module’s validation. While its initial performance is encouraging,
this component remains a proof-of-concept, and its robustness across a wider spectrum
of real-world document types and complexities has not yet been fully established. The
accuracy of the assessment is relay on the quality and availability of its data. While these
sources provide valuable insights, they may not fully capture the most recent, non-public
developments within industry and government. The expert interview sample was limited
to seven participants. Although the participants represented multiple sectors relevant to
AV deployment, the sample size limits statistical generalizability and may not fully reflect
the diversity of stakeholder perspectives. Future research should expand participation and
consider Delphi-based consensus methods involving a larger expert panel. Our research is
focused on assessing the general national AV readiness ecosystem and does not attempt to
model the distinct operational, regulatory, or infrastructural requirements unique to each
deployment scenario such as (robotaxi/personal AV and public transport), which remain
outside our scope. It is critical to note the defined scope of the framework. It is designed to
assess technological and systemic readiness, not to evaluate overall program risk, financial
viability, or detailed safety cases. As such, it should be integrated as a complementary tool
within a broader ecosystem of risk management, cost-benefit analysis, and regulatory over-
sight for a fully comprehensive deployment strategy. Future research should build upon
this foundation to enhance the framework’s applicability, robustness, and strategic value.
Future studies should compare different regions to reveal specific elements that influence
AV adoption, thereby creating a comprehensive worldwide understanding of readiness
barriers and potential benefits. The main technical approach focuses on developing the
proof-of-concept LLM module into its final operational state. Building on its promising
initial validation, future work will focus on enhancing its robustness by developing it into
a fundamental self-updating feature that will operate on diverse complex documents from
real-world environments. The system would operate independently to handle the changing
literature, policies, and reports, which would keep its knowledge database up to date.
To maximize the framework’s utility for dynamic decision-making, future efforts should
aim to integrate real-time data streams. Utilizing live data on infrastructure deployment,
regulatory changes, and even public sentiment from social media would make the system
more adaptive and responsive.
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