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Urban air mobility (UAM) is increasingly being recognised as a promising response to the challenges of rapid
urban expansion and its negative externalities. While technological advancements in vertical take-off and
landing (VTOL) aircraft have accelerated development in this space, the widespread adoption of UAM services
hinges on societal acceptance driven by public perceptions. Understanding these perceptions, especially their
variation across regions and over time, is critical for developing policies to maximise their adoption rate.
This study leverages a large-scale and long-term Twitter dataset to discern the spatio-temporal evolution of
public perceptions towards UAM. To this end, we employed a combination of machine learning (ML) and
a large language model (LLM) for performing sentiment classification. Subsequently, sentiment polarities are
integrated with time series analysis, indicating the prevalence of positive perception for most of the last decade,
while detecting the effect of various real-world events. In terms of spatial K-means clustering results, it reveals
four clusters of countries with distinct characteristics. For example, people in countries like the USA and
Australia are observed to be highly opinionated towards UAM, while public discourse in Germany and India is
more neutral. Finally, dynamic topic modelling coupled with an LLM-based representation uncovers underlying
themes of public discourse. Topic model findings underline three major global themes: (1) industry innovation
and testing, (2) unmanned aviation systems, and (3) mobility benefits. Furthermore, we identified in some
cases that local themes driven by specific incidents have a more substantial effect in shaping the preferences
than the generic global ones. The paper hence contributes to the literature by providing the first global-level
dynamic spatio-temporal assessment of future UAM services. The insights are expected to offer valuable policy
guidance for policymakers, regulators, and industry stakeholders aiming to improve the public acceptance of
UAM technologies and consequently the uptake.

1. Introduction and motivation

Over half of the global population already resides in urban areas,
and the United Nations forecasts a substantial rise of this percentage
by 2050, ranging from 50% in low-income countries to 88% in high-
income ones (United Nations, 2018). Unsurprisingly, such rapid urban
expansion has been putting an increasing strain on transport infras-
tructure, exacerbating congestion and, in turn, causing economic in-
efficiencies. In this connection, urban air mobility (UAM) has emerged
as a promising solution whose impact transcends the aviation sector,
revolutionising the mobility systems and redefining urban planning
paradigms (Pons-Prats et al.,, 2022). Although UAM involves both
passenger and cargo transportation, the prevailing consensus from
the UAM service providers indicates that the most viable (and near
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future) application is as an on-demand, shared or exclusive use, inter
or intra-city air-passenger service (commonly known as flying taxi or
air taxi and henceforth the terminology UAM denotes the passenger
services only) (Long et al., 2023). On the technology side, the vertical
take-off and landing (VTOL) aircraft, superior to their conventional
counterparts (e.g., helicopter) in electric propulsion and autonomy,
have garnered considerable public attention as the major facilitator
of passenger UAM operation (Cohen et al., 2021). Consequently, the
public attention would be the most critical precursor determining the
social acceptance of UAM services and encompasses both enthusiasm
and apprehension, each of which entails a multitude of perceptions
such as service performance (Rothfeld et al., 2021; Samadzad et al.,
2024) and disruption due to UAM operation (Garrow et al., 2025;
Yedavali and Mooberry, 2019). In fact, Pons-Prats et al. (2022) pointed
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out that more than the technological enablers, the societal acceptance
dimension needs to be addressed to facilitate initial UAM adoption.

To systematically assess the public perception, many previous stud-
ies looked at it as a proxy of consumer demand. This led to perception
being linked to a pre-defined set of mode-specific attributes (e.g., travel
time, cost) and individual socio-demographic characteristics coupled
with attitudes and lifestyle. Notwithstanding the relevance of these
studies, the perception drivers for new modes could still be very dif-
ferent from existing ones. More importantly, perceptions are inherently
dynamic, evolving over time and regions (Manca et al., 2023). In par-
ticular, it is speculated that the heterogeneity in the public’s perception
can lead to different willingness to pay, adoption rate, and, conse-
quently, different behaviour towards the new unseen modes around
the globe. Traditionally, attitudinal statements in revealed and stated
preference surveys have been used to capture perceptions towards
innovations and new technologies (Al-Haddad et al., 2020). These,
however, can be limiting for their cross-sectional nature, as well as
sample size and survey bias.

In contrast, the growing number of social media users has made data
extracted from social media platforms an increasingly reliable source to
capture public opinion in a passive manner. This massive data source
could delineate different behavioural aspects of users, which can be
tracked over time to understand the attitudes and perceptions of users
towards certain events, topics, or concepts (Kwon et al., 2024). Further-
more, the global usage of social media platforms has made it possible
to access data from users with different backgrounds in different coun-
tries, which is of particular interest when the heterogeneity among
users might play a role in their attitudes and preferences (Rashidi
et al., 2017). This motivates the current research to develop one of the
first dynamic spatio-temporal assessments of public perception towards
future UAM services.

In the present study, we collected a long-term geo-tagged Twitter
dataset pertaining to UAM-related discussions. Such a tweet corpus,
despite potential non-representativeness issues, enables us to capture
both spatial and temporal heterogeneity in the evolution of public
sentiments. Non-geotagged tweet datasets, albeit potentially having less
bias, were excluded due to the missing spatial dimension of the senti-
ments. Hence, the analyses and findings are expected to advance the
state-of-the-art knowledge in two distinct dimensions. Firstly, assessing
the spatio-temporal heterogeneity in UAM-related sentiment polarities
leveraging large language models (BERT) and machine learning (ML)
classifiers, which can provide an understanding of potential global mar-
kets. Secondly, identifying the latent public discourse themes through
a large language model (LLM)-based topic representation (BERTopic
with OpenAl) and subsequently visualising the dynamicity. This can
be useful to detect several policy levers (motivators and deterrents)
and their relative effects within and across regions, leading to context-
specific decision-making. To the best of our knowledge, this is the
first of its kind in the transportation context, particularly for analysing
perception towards futuristic alternatives.

The rest of this paper is structured as follows: Section 2 presents a
summary of relevant studies in the literature, followed by Section 3
explaining the data collection and filtering, along with providing a
preliminary description. Section 4 delineates the procedures employed
for data analysis, encompassing data cleansing, annotation, and finally
employing sentiment analysis techniques. Section 5 presents sentiment
classification results and further examines the temporal and geographi-
cal heterogeneity. Subsequently, the aggregated results of the dynamic
topic model across the regions have been presented. Finally, Section 6
offers comprehensive policy insights derived from the topic model
findings, and future research directions are discussed in Section 7.

2. Literature review and research contribution

UAM technologies are associated with various uncertainties and
challenges that extend beyond technical performance. In particular,
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public acceptance has been identified as a critical barrier and may con-
stitute the principal impediment to the widespread deployment of UAM
systems in urban environments (Straubinger et al., 2020). Therefore,
in this section, we critically examine and assess the previous studies
exploring potential UAM demand. Notably, most of these studies have
been done in the context of the USA and Europe, while the datasets
are largely cross-sectional, especially for survey-based ones (Long et al.,
2023; Garrow et al., 2021). Drawing on differences in data sources and
methodological approaches, existing demand assessment techniques
can be broadly classified into two strands: firstly, public acceptance
studies relying on survey-based assessment of individual perception,
and secondly, global market studies based on macro-level economic
and travel datasets. The public acceptance studies attempt to understand
UAM adoption proclivity from the perspective of revealed and/or stated
preferences, existing travel behaviour, perceptions, attitudes, and socio-
demographic characteristics. Understandably, these studies are more
granular in nature, though often are unable to shed light on evolving
perception and differences across regions. In contrast, the macro-level
market studies are inherently adaptable across various temporal and
spatial contexts, but lack a nuanced understanding of public expec-
tations of such emerging travel modes, posing the risk of inaccurate
demand estimation.

2.1. Public acceptance studies

Given that Urban Air Mobility is still in its infancy, public accep-
tance studies predominantly relied on either stated-preference (SP) or
opinion survey methods as critical tools for capturing prospective user
behaviour and attitudes towards UAM services. SP survey approach
elicits respondents’ choices among hypothetical travel alternatives and
their perceptions regarding key attributes, which are otherwise not well
captured in high-level market studies. A critical examination of the
previous studies reveals that user preferences are assumed to be shaped
primarily by two overarching dimensions: trip-specific factors, such as
expected travel time and service accessibility, and alternative-related
perception, including notions of safety, noise exposure, excitement, and
potential visual intrusion. The dual insights provided by SP surveys —
capturing both choice behaviour and attitudinal dimensions — have
therefore been valuable in characterising potential early adopters of
UAM services.

Several studies conducted by academics, consulting firms, and vehi-
cle manufacturers have sought to assess the importance of the above-
mentioned factors on public adoption readiness (See Table 1). For
example, Al-Haddad et al. (2020) in their multi-country study (Europe,
USA, South America, and the Middle East; N=221), observed safety as
the most critical attribute governing UAM adoption, followed by trip
cost, time, service reliability, and operation characteristics. Also, the
data and ethical concerns (fear of cybersecurity, data theft by third
parties, and job loss) observed to have a negative influence on UAM
adoption. At the same time, the authors highlighted the impact of
cultural paradigms through the proxy of survey language; however,
their inferences were limited to Germany only because of a sample
representation issue. Pons-Prats et al. (2022) performed a qualitative
review to point out several perception attributes (e.g., safety, noise,
privacy, visual disruption) and trip-related factors (e.g., travel time,
cost, last-mile connectivity) as critical public acceptance determinants
in addition to technologies and implementation issues (e.g., airspace
integration, low-altitude flights). Furthermore, they argued in favour
of exploring the evolution of perception in the context of new and im-
proved transportation services (e.g., autonomous vehicles, high-speed
rails, mobility as a service). Another study done by Haan et al. (2021)
attempted to measure the air taxi demand across 40 cities in the USA
(N=1405) and observed that nearly one-third of air taxi demand is con-
centrated in three cities. Moreover, their findings also highlighted that
uptake propensity depends on spatial factors such as existing ground
infrastructure and congestion levels. Garrow et al. (2025) conducted
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Table 1

Summary of selected previous studies on public acceptance of UAM services.
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Study

Data source

Sample size

Spatial coverage

Time Period

Methodology

Key findings

Garrow et al.
(2025)

Al-Haddad et al.
(2020)

Samadzad et al.
(2024)

Yedavali and
Mooberry (2019)

Internet-based
opinion survey

SP survey
(convenience
sample)

SP survey

Online opinion
survey

2499 individuals

221 individuals

3 separate case
studies with
sample sizes
214, 323, and
239

1540 individuals

5 USA cities

Europe, USA,
South America,
and Middle East

Multiple cities in
Iran

Los Angeles,
Mexico City,

April-June 2018

July-September

2018

June-July 2022

NA

Factor analysis
and cluster
analysis

Factor analysis
and choice
model

Factor analysis

« Enthusiasm and concern emerge as two key
perception levers influencing eVTOL adoption.

« Cluster analysis revealed that adoption likelihood
differs based on individual travel behaviour, which
is shaped by the supply of transport infrastructure.
« Safety was perceived as the most important
factor, followed by trip cost, trip duration, service
reliability and operation characteristics.

« Culture impacts perception, as German
respondents expressed a lower interest in early
adoption and a higher scepticism.

« UAM demand depends on trip purpose and

New Zealand
and Switzerland

Wisk (2021) Online interview NA
and focus group

survey

30 DMAs in USA NA

and choice geographical contexts, with the most viable
model operation segment being inter-city business trips.
« Individual attitudes to existing transport modes
affect their perception towards UAM services.
Descriptive « Public perception relates to five factors: safety,
analysis noise, equity, visual pollution and privacy.
« In addition to individual perception (particularly
safety) and lifestyle attitudes, high-level
operational factors influence public perception.
Descriptive « Public perception varies depending on regional
analysis factors such as city size and commute duration.

« The excitement for UAM services in terms of
variety-seeking and fun could play a key role in
facilitating early adoption.

a follow-up study across five cities in the USA (N=2499), where the
authors performed a latent segmentation of the potential UAM market
based on individual socio-demographics, existing travel habits, and
UAM-related enthusiasm and concerns. Notably, concerns surrounding
eVTOL technology are primarily rooted in public scepticism regarding
the safety of UAM and the potential risks associated with battery-
operated aircraft. Nevertheless, they indicated that their results might
not be generalisable beyond the regional boundary, subject to over-
sampling (high income respondents) bias, and do not capture change
in perception over time, which are critical for entirely hypothetical
alternatives. Straubinger et al. (2021) argued that UAM service charac-
teristics have a significantly higher decisive impact on corresponding
mode choice and welfare effect as compared to the existing urban
structure. Utilising a survey administered by Uber to residents of two
USA cities (N=2419), Song et al. (2024) developed a latent class model
to examine travel behaviour. Their findings revealed significant dif-
ferences in adoption based on two individual variety-seeking natures,
i.e., novelty-seeking and alternation, with the higher degree of the
former leading to a greater likelihood of switching to UAM modes
from existing ones. Samadzad et al. (2024) employed an online SP
survey (N=776) to explore UAM demand and value of time for three
different trip purposes (business, airport access, and tourism) and geo-
graphical contexts in Iran. Their results not only indicated the role of
individual perceptions (e.g., interest in novel technologies) and UAM-
specific concerns (e.g., safety and privacy) but also underlined how
travel-related attitudes (e.g., preference for one’s own car) influence
one’s opinion. Finally, Sadrani et al. (2025) employed an expert survey
(N=18) in Germany and the USA to conclude that barriers to UAM
adoption significantly differ across regions. In Germany, there are
concerns regarding price affordability, investment uncertainty, and user
acceptance, while in the USA, primary challenges relate to airspace
utilisation, technical operations, and safety issues.

On the industry/ regulator/ policymaker side, the European Union
Aviation Safety Agency (EASA) conducted an online poll with par-
ticipants (N= 3690) from six European cities to find safety, noise,
and security as top-most concerns. At the same time, Europeans are
observed to show a greater interest in drone delivery services (about

64%) compared to passenger transport services (49%) (EASA, 2021).
Airbus did a market survey (N=1540) to evaluate public opinions
of UAM services among inhabitants of the USA, Mexico City, New
Zealand, and Switzerland. Apart from individual socio-demographics
and travel habits, the public perception was found to be linked with
not only hypothetical ride-experiences (e.g., safety, privacy) but also
with broad operation (e.g., noise and visual pollution due to high
frequency and low altitude flights) (Yedavali and Mooberry, 2019).
The other consumer interest study by Wisk (2021) suggested nearly
99% of respondents find air-taxi extremely or somewhat appealing,
with 95% of them at least somewhat likely to use the same. While
these very high numbers are possibly due to the sample being entirely
high-income individuals, the study provides a preliminary assessment
of interest amongst the target user group. Moreover, it also pointed
out the role of emotional needs (e.g., uniqueness, luxury) in addition
to the trip-specific and alternative-related perceptions. Upon reviewing
the factors and methodology employed in the studies mentioned above,
the following research gaps could be identified:

» The studies largely suffer from a priori assumptions regarding
the set of influencing factors governed by research requirements,
instead of being open-ended and flexible. This can restrict identi-
fying region-specific factors, and more importantly, fail to assess
their evolution over time.

Most surveys to date have been carried out in developed nations
and regions (particularly in the USA), which has resulted in a
notable lack of studies focused on developing countries.
Intuitively, the sample sizes for most of the studies are limited,
making their inferences less applicable to broader socio-economic
strata. While the findings are relevant for the initial assessment of
the consumer base, wider adoption requires a method to discern
public opinion on a larger scale.

In this regard, recent perception studies, although not specifically
conducted within the UAM domain, have leveraged diverse types
of social media datasets, such as tweets (Ding et al., 2021; Wang
et al., 2022), Reddit comments (Bakalos et al., 2020), Facebook com-
ments (Chen et al., 2021), and YouTube comments (Li et al., 2018).
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Table 2

Summary of selected previous studies on global UAM market operation.
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Study Data source Spatial coverage Time Period Methods Variables Major findings
Becker et al. Undirected air Global (4435 Projection year: Gravity model Independent variables: airfare, « The study identified 26
(2018) passenger cities) 2042 and base GDP, PPP, distance and potential markets for the

Robinson et al.
(2018)

Wai et al. (2021)

NEXA Advisors

(2019)

Hamilton (2018)

demand data
(ADD)

Uber Elevate and
FAA obstacle
database

Grab and
Singapore
Tourism Board

ArcGIS

USA census,
BTS, FAA
environment
design tool

Miami, USA

Singapore

Global (74
cities)

USA

year: 2012

2023-2045

Geo-density
analysis

Fare-time

analysis

Interactive

dashboard

Interactive
dashboard

population; Binary variables:
language, tourism attraction,
intercontinental connection,
capital region

Independent variables: urban
sprawl and density, water bodies,
transport network, population
income, industry, congestion,
existing airports, climate

Independent variables: travel
time, cost, dustance

Independent variables: city
demographics, infrastructure
costs, vehicle and supply chain,
demand assumptions, regulatory
and community constraints

Independent variables:
population, density, existing
transport network and congestion,
climate, urban infrastructure

inter-urban mobility system,
divided into two major
sub-groups based on business
activities and congestion level.

« The study identified 9517
potential airpark locations and
discussed the implications of
higher geodensity on
infrastructure requirements.

« The study suggested that the
longer the trip, the more skewed
the fare-time ratio is.

« The study developed outputs
related to business potential,
direct and indirect economic
impact, and tax revenues related
to UAM operation.

« The study identified safety
concerns and unmanned
operations as major deterrents for
UAM adoption.

« UAM adoption faces
infrastructure barriers and market
competition, which vary across
geographic regions.

Nevertheless, none of these studies simultaneously examines the tem-
poral and geographical heterogeneity. Furthermore, the limitations of
their dataset size (limited to a few countries and/or a few years)
significantly restrict the depth of analysis. Not to mention, this could
substantially hinder the comprehension of the differential impacts of
public discourse themes across diverse spatio-temporal epochs, thereby
hindering the contextualisation of policy interventions.

2.2. Global market operation studies

Global market operation studies look into identifying regions and
assessing infrastructure capacity for initial operation, as well as focus-
ing on predicting UAM market penetration, which is often dependent
on the former component. Table 2 summarises the existing literature
on UAM market operation across prospective cities and regions. For
instance, Becker et al. (2018) applied a gravity model to forecast in-
terurban air passenger demand for 2042, incorporating socioeconomic
indicators to identify potential UAM (including UAM) markets. The
study by Robinson et al. (2018) delineated prospective cities utilis-
ing qualitative criteria, including urban sprawl, population density,
availability of water bodies, existing airports, affluence, presence of
high-tech industries, ground transportation congestion, transportation
patterns, and climatic conditions. In another study done in the Asian
context (Singapore), Wai et al. (2021) assessed preliminary feasibil-
ity for UAM demand and subsequently evaluated the advantages for
tourists based on the fare-distance-time trade-off. Apart from the aca-
demic studies, several commercial entities have also been involved
in similar predictive analysis. For example, NEXA Advisors (2019)
developed a comprehensive demand model for multiple UAM use cases
based on a diverse set of inputs such as population size and density,
gross domestic product (GDP) per capita, socio-demographics, levels of
commercial and business aviation activity, and the presence of Fortune
1000 companies to inform demand projections. KPMG (Mayor and
Anderson, 2019) projected UAM demand by incorporating variables
such as city-level GDP and GDP growth, population size and growth
rates, population density, forecasted income distribution, patterns of

wealth concentration, and the availability of existing ground transport
services. In a technical brief to NASA, Booz Allen Hamilton selected the
focus urban areas based on attributes like surface traffic congestion,
weather conditions, existing infrastructure and transport, legal and
regulatory issues, and airline demand (Hamilton, 2018). As mentioned
earlier, a few studies have also developed travel demand frameworks to
predict the market penetration of UAM. For example, Haan et al. (2021)
developed a UAM choice model to forecast the volume of prospective
commuters, leveraging a composite dataset that integrated cell phone
mobility data with census information as inputs for calibration. Another
study by Balac et al. (2019) developed an agent-based framework utilis-
ing household travel survey data and census data, while the framework
demonstrated demand sensitivity with technological and operational
factors.

Upon reviewing the factors and methodology employed in the stud-
ies mentioned above, the following research gaps could be identified:

+ There is a lack of consensus regarding the selection of key vari-
ables influencing UAM demand, which leads to the inclusion of a
diverse set of factors, and in most cases, an incomplete set.

» Most of the market operation studies, if not all, potentially over-
look the importance of public acceptance (e.g., excitement, safety,
noise, privacy), perceived benefits (e.g., time saving, accessibility)
and regulatory constraints.

+ Calibrated choice models based on existing mode dataset (e.g.,
taxi) make strict assumptions, which might lead to erroneous pro-
jection of UAM demand. Also, these models are sometimes tightly
hinged on a specific geographic region and therefore unable to
appreciate spatial heterogeneity.

In summary, both the public acceptance and market operation
studies suggest that the adoption of UAM services is influenced by sev-
eral context-specific factors, while the set of factors also varies across
studies from different regions. Although both findings can benefit the
UAM community separately, they either miss out on the characteri-
sation of socio-cultural underpinnings or the evolution over time and
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Fig. 1. Number of geo-tagged tweets across study countries during 2010-2021.

region. Acknowledging that both aspects are of utmost importance, the
present study employs a (large-scale) data-driven exploratory approach
to decipher sentiment polarities and the causal latent themes of public
discourse in a joint manner.

3. Data

The Twitter data used in the research has been extracted based
on specific keywords, location (if available), and timestamp using the
Academic Research Twitter API (Application Programming Interface).
Given that Twitter functions as a forum for the general public, we used
terms used by the general public (e.g., flying car, flying taxi, air taxi,
and air mobility) in addition to technical terms (e.g., UAM, VTOL, eV-
TOL). In total, twenty-three keywords were used: flying taxi, flying car,
flying vehicle, air taxi, advanced air mobility (AAM), aerial rideshare,
urban air mobility (UAM), Urban Aeronautics, eVTOL, VTOL, flying
ambulance, Urban Air Port, autonomous aircraft, autonomous plane,
unmanned aircraft, unmanned aerial vehicle, Joby Aviation, Lilium Jet,
Volocopter, VoloCity, CityHawk, CityAirBus, and Uber Air. Initially,
we collected 16,701 tweets from twenty (20) countries; however, we
removed countries with fewer than 300 qualified tweets. Finally, we
filtered 15,442 English-language geo-tagged tweets from six (6) nations
of interest (United States (US), United Kingdom (GB), Canada (CA),
Germany (DE), India (IN), and Australia (AU)). Notably, the number of
tweets about UAM peaked between 2017-18 and decreased afterwards,
which has been discussed in Section 5 at a more granular level, along
with possible stimulators (both positive and negative) events. Fig. 1
illustrates the distribution of retrieved tweets by country over the years.
The chart indicates that tweets from accounts in the United States
(10,539) constitute the largest share, followed by those from the United
Kingdom (2513) and Canada (936). It is worth mentioning that the
decline in the number of tweets could be a compounded effect of
dwindling interest (or fading away of initial excitement) in UAM and
an overall decrease in the number of active Twitter users.

4. Methodology

The present study explores two key dimensions of the public percep-
tion related to UAM- polarity and underlying themes. Therefore, it was
necessary to concurrently employ both sentiment analysis and topic
modelling methodologies. Evidently, natural language processing (NLP)

techniques, including various machine learning (ML) models and large
language models (LLMs), are most appropriate for both objectives. This
section elucidates the step-by-step methodological approach (See Fig.
2) adopted by the current study.

4.1. Data processing and annotation

As a basic prerequisite, we executed a sequence of pre-processing
procedures on the unstructured Twitter content, comprising data clean-
ing, tokenisation, stop-word elimination, and stemming and lemmatisa-
tion (Anderson et al., 2024). Notably, the first step, i.e., data cleaning,
is critical to ensure success in assessing polarity (classification) as well
as retaining meaningfulness (topic) of tweets. It involved four primary
tasks: eliminating special characters and punctuation, converting text
to lowercase, removing excess spaces, expanding abbreviations, and
finally deleting hyperlinks and mentions.

The next immediate step was to perform data annotation. This
phase saw 1000 randomly selected tweets annotated individually by
three experts, reaching a moderate agreement level (Fleiss Kappa =
0.56) (Landis and Koch, 1977). It is worth noting that the aforemen-
tioned level of agreement is deemed acceptable, as a certain degree
of annotation disagreement is expected when addressing hypothetical
alternatives (Zapf et al., 2016). More importantly, this level of variation
is not expected to significantly impact the performance of the language
models developed in subsequent stages. Nevertheless, the initial an-
notated dataset was found to be imbalanced, i.e., a higher number
of neutral (350) and off-topic (285) tweets relative to the other two
categories (160 negative and 205 positive tweets). Importantly, such
imbalances might lead to biased classification models, predominantly
favouring the majority category while underperforming on the minority
category (He and Ma, 2013). In the present study, we employed the
back-translation method that generates supplementary instances of the
minority class by translating the original text into another language
and subsequently translating it back into the original language. This
procedure may lead to nuanced differences in the text, facilitating an
expansion of the minority class while maintaining the sentiment of the
text (See Taheri et al. (2024) for details). Additionally, it contributed
to the enhancement of the training data, which is essential given the
limited size of the annotated dataset. The final dataset consisted of
1365 tweets, an increase from the 1000 tweets prior to the augmenta-
tion process. In the following subsections, we have presented the model
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Step 1:
Scope definition and
Collection of Tweets

Filtering tweets based on language,
keyword and geo-tag criteria

Filtering countries based on tweet
count threshold (n=300)

Step 2:
v Data preparation

Step 3:
~v Understanding polarity of

?

i Data cleaning Tokenization Stop-word Stemmlrllg a.nd ]
i removal Lemmatization
T T { Sentiment analysis ] """""""""""""

public sentiments

Machine learning (ML) and J

[ Analysis of sentiment ]

I.  Support Vector Machine (ML model) I

I
i [ Transformer-based language models
:. II. BERT (transformer-based model) 1L

Temporal (Time series)
Geographical (K-means clustering)

Step 4:
~,  Identification of major
themes of public discourse

__________________________ Topic based
[ engagement analysis
i Context based
! categorisation

Content analysis with
Large language model (LLM)

Fig. 2. Methodology flowchart.

outcomes only for the augmented (or balanced) dataset for brevity, as
it outperformed the classification model with imbalanced data on every
testing instance.

4.2. Sentiment analysis

Sentiment analysis involves systematically extracting and quantify-
ing emotions, opinions, or attitudes from text or speech. By categorising
expressions as positive, negative, or neutral, it offers an approxima-
tion of the sentiment conveyed (Qi and Shabrina, 2023). This section
provides a brief overview and key methodological differences of the
machine learning (ML) and large language model (LLM) techniques
utilised in the present study.

4.2.1. Machine learning model

Machine learning models can be effectively trained on annotated
datasets to automatically determine the sentiment expressed in tweets,
typically classifying them into positive, negative, neutral, and off-
topic categories. A range of well-established algorithms are commonly
employed for this task, including Support Vector Machines (SVM),
Random Forest (RF), and Naive Bayes (NB). These models learn to
recognise patterns in textual features that correlate with different sen-
timent labels, making them suitable for large-scale analysis of social
media data like Twitter. Among the three aforementioned ML tech-
niques, we observed SVM to be the most superior one, and therefore,
in the rest of the paper, we have solely focused on it for the sake
of brevity. It is worth noting that SVM is a supervised learning al-
gorithm widely used for classification tasks. It operates by finding an

optimal hyperplane — either linear or non-linear — that best separates
data points belonging to different classes, whether binary or multi-
class (Hearst et al., 1998). The objective of SVM is to maximise the
margin, defined as the distance between the hyperplane and the nearest
data points from each class, referred to as support vectors. This opti-
mal separation is known as the maximum margin hyperplane, which
effectively partitions the dataset into distinct classes. In our study,
we experimented with various regularisation parameters to strike an
optimal balance between margin size, which reflects generalisation
capability, and classification accuracy. A consistent train (80%) and test
(20%) split of the dataset was maintained throughout.

4.2.2. Large language models

Bidirectional Encoder Representations from Transformers (BERT) is
a state-of-the-art language model designed to pre-train deep bidirec-
tional representations using both Masked Language Modelling (MLM)
and Next Sentence Prediction (NSP) tasks (Devlin et al., 2018). It is
the bidirectional nature that allows the model to jointly consider both
left and right context in all layers, enhancing its ability to understand
the meaning and nuances of language. BERT is based solely on the
encoder component of the transformer architecture, which enables it
to effectively capture long-range dependencies in text (Vaswani et al.,
2017). Fine-tuning BERT involves appending task-specific layers, such
as those trained on the annotated dataset, and further training the
model on labelled data tailored to a specific application (UAM-specific
tweets in our case). This process typically requires only a relatively
small dataset, making it well-suited for scenarios involving limited
manually annotated data. Moreover, once fine-tuned, the model can
also be used to generate predictions on new texts. In this study, BERT



E. Bhaduri and C.F. Choudhury

was chosen as a representative large architecture, largely due to its
accessible implementation libraries and strong community support at
the time of model development.

4.3. Topic modelling

BERTopic initially generates document embeddings utilising a pre-
trained language model (including LLMs), thereby maintaining seman-
tic links. Subsequently, it diminishes the dimensionality of embeddings
(e.g., UMAP) and categorises analogous articles into discrete subjects
(e.g., HDBSCAN). BERTopic utilises a class-based TF-IDF methodol-
ogy to enhance topic representation and ensure coherence. Moreover,
BERTopic enables dynamic modelling by ascertaining topic represen-
tation at each time point without requiring several executions of the
complete model (Grootendorst, 2022). In the current study, we ini-
tially applied a comprehensive BERTopic model to the entire corpus
without temporal disaggregation, utilising the global representation of
the primary subjects that may be discerned at different time intervals.
Following that, the c-TF-IDF representation is calculated for each topic
and time interval, resulting in unique subject representations at each
time step and, in turn, creating a dynamic topic model. It is worth
noting that we leveraged LLM (OpenAl) capabilities for both gener-
ating the embedding model (text-embedding-3-small) and creating the
representation model (GPT-4-Turbo).

5. Results and analysis

This section begins by presenting the results of the sentiment clas-
sification and topic modelling exercises. It largely clarifies the efficacy
of diverse machine learning and language models while emphasising
the impact of augmenting an expert-annotated dataset. Subsequently, it
presents key insights pertaining to the heterogeneity in sentiment polar-
ities across countries and elucidates the clustering process to categorise
them accordingly. Finally, cluster-specific dynamic BERTopic model
outputs are presented, aiding in understanding the temporal evolution
of topics over the study period.

5.1. Sentiment classification

As mentioned previously, we employed two distinct approaches (ML
and LLM) to perform the sentiment analysis: SVM (Support Vector
Machine) and BERT (Bidirectional Encoder Representations from Trans-
formers). The following metrics are being evaluated: (1) Precision for
a specific class is defined as the ratio of true positives relative to the
sum of true and false positives; (2) Recall represents the ratio of true
positives to the sum of true positives and false negatives; (3) F1 score
is calculated as the harmonic mean of precision and recall; and (4)
Accuracy indicates the proportion of correctly classified instances out
of the total number of instances in the dataset.

Table 3 illustrates the performance outcomes of SVM and BERT,
wherein we trained and/or fine-tuned with 80% and tested with 20%
of the respective annotation datasets. Among these models, the BERT
model (accuracy 0.751) was observed to perform significantly better
than its ML counterpart (accuracy 0.725). Notably, a mostly similar
performance pattern was observed across the other two evaluation
metrics (precision, recall, and F1-score). At the same time, we found
BERT to produce a more balanced production accuracy relative to
SVM across four sentiment classes (See Fig. 3). Furthermore, we also
performed a non-parametric test, i.e., Wilcoxon signed-rank test, on
five-fold cross-validation results, to analyse whether the differences
between BERT and SVM evaluation metrics are statistically significant
or not. The test results suggested BERT is a significantly better model
(at 0.10 significance level) than SVM, regardless of which metric (F1
scores for each class, accuracy, and weighted average) is used. The
superior performance of BERT can be attributed to its deep contextual
understanding of language, which allows it to capture subtle semantic
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Table 3

SVM and BERT model results.
Index Precision Recall Fl-score Support
SVM classification model
Negative 0.794 0.725 0.758 69
Neutral 0.667 0.828 0.738 58
Positive 0.708 0.829 0.764 82
Off-topic 0.762 0.500 0.604 64
Accuracy 0.725
Macro avg 0.733 0.720 0.716 273
Weighted avg 0.734 0.725 0.719 273
BERT classification model
Negative 0.864 0.760 0.809 75
Neutral 0.781 0.792 0.786 72
Positive 0.654 0.823 0.729 62
Off-topic 0.714 0.625 0.667 64
Accuracy 0.751
Macro avg 0.753 0.750 0.747 273
Weighted avg 0.759 0.751 0.751 273

Note — The best values of the performance metrics have been bold-faced.

nuances and relationships between words, even in short and informal
texts like tweets. Unlike traditional ML models that rely on sparse,
high-dimensional representations, BERT leverages pre-trained large em-
beddings that are highly effective in managing the variability, noise,
and non-standardised language often present in social media content.
Therefore, for all the subsequent analyses, we employed the BERT
model on our whole tweet corpus to find the sentiment polarity across
various time points and geographical regions.

5.2. Spatio-temporal evolution of UAM sentiments

In the post-classification exercise, we attempted to discern the tem-
poral change and spatial heterogeneity in the UAM-related sentiment
polarity. To this end, we utilised time series analysis to achieve the
former task while employing K-means clustering for the latter. Among
various time series analysis methods, we relied on frequency analysis
as it effectively analyses the popularity, sentiment trends, and event
detection related to a specific topic over a longitudinal timeframe.
Apart from obtaining absolute polarity values, we also defined the
sentiment index as the difference between positive and negative tweets,
facilitating a more intuitive understanding of polarity fluctuations.

The time series plot depicts positive, negative and neutral senti-
ments across six study countries (See Fig. 4(a)). Overall, the evolution
trend of UAM-related tweets is distinctly different from the global trend
of Twitter userbase, which grew exponentially from 54 million in 2010
to 305 million in 2015, and then continued to grow (albeit more slowly)
to approximately 396 million by 2021(Turner, 2024). In contrast, the
absolute count of UAM-related tweets indicates a steady increase in
tweet frequency throughout the mid and late-2010s (peaking in 2017),
followed by a consistent decline thereafter, largely attributable to the
fading away of initial excitement rather than an inherent change in the
Twitter user base. Another noteworthy observation is the high number
of neutral tweets (including marketing promotions) during the 2017-20
period, which often overshadowed the actual human-generated ones.
Also, the absolute numbers alone cannot reflect the relative change
in polarity, which is more clearly illustrated by the sentiment index
(see Fig. 4(b)). In addition to that, we have provided a list of major
UAM-related developments to contextualise the major spikes in the
time-series trend. (See Table 4). Notably, these findings align with the
insights generated by the dynamic topic model presented in Section 6.

Broadly speaking, positive sentiments regarding UAM have pre-
vailed over negative ones throughout most of the last decade, although
the polarity has varied considerably across regions and time. For in-
stance, during the early phase (2011-2012), technological demonstra-
tions in both the United States and Germany, such as Joby Aviation’s
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Fig. 3. Confusion matrices for (a) SVM and (b) BERT.
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early eVTOL prototypes and Volocopter’s first manned electric multi-
copter flight, would be expected to generate positive sentiment, and
our study corroborates this predominance of optimism. The subsequent
period (2013-2014) showed a localised dip in positivity, particularly in
Canada, which aligns with expectations given safety concerns surround-
ing the Maverick prototype crash in British Columbia. A resurgence of
positive sentiment during 2015-2016 in the United States and Germany
is consistent with anticipated reactions to heightened institutional en-
gagement, such as NASA’s initiation of structured UAM research and
regulatory interest from European agencies in certifying eVTOL op-
erations. Similarly, Uber’s introduction of its on-demand air mobility
concept (UberAir) would be expected to stimulate public enthusiasm,
which our findings reflect. Conversely, during the same 2015-2016
period, a rise in negative sentiment, particularly evident in the United
Kingdom and Germany, matches anticipated concerns related to drone-
related safety and privacy incidents, as well as potential externalities
such as noise, aerial congestion, and regulatory uncertainty. Finally,
the major surge in overall UAM-related discussion during 2017-2019
coincided with intensified activity in the United States aerospace and
mobility sectors. This spike is consistent with expected reactions to
high-profile events, such as the FAA’s drone regulation, Uber’s Elevate
Summit (2018), and major eVTOL prototype unveilings by companies

like Boeing and Joby Aviation. Overall, these trends in sentiment
align with observations from cross-sectional consumer research studies
conducted by leading manufacturers, underscoring the heterogeneous
and context-sensitive nature of public perception towards emerging
UAM technologies (Wisk, 2021; Yedavali and Mooberry, 2019).
Turning to the spatial (or geographical) heterogeneity in the sen-
timent, we performed clustering with all three polarities (positive,
negative and neutral) as it helps to bring the opinionatedness (or non-
neutrality) dimension. Since off-topic tweets do not add to the under-
standing of sentiment polarity, we exclude them and focus solely on
polarised ones. To this end, we calculated the country-specific nor-
malised® polarity scores (varying between 0 and 1) for all three tweet
sentiments and plotted the same along the X, Y, and Z axes, respec-
tively. For example, the USA, with the highest share of negative tweets
(14.63%) and the second highest share of positive tweets (31.79%)
among the six countries, recorded both positive (0.943) and negative
(1) normalised scores close (or equal) to 1. Subsequently, K-means
clustering was employed to group countries with similar sentiment
profiles resulting into identification of the following four clusters (See

3 We used Min-Max scaling as part of the normalisation method.
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Table 4
List of key time periods with corresponding UAM-related developments.
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Period Sentiment polarity us AU GB CA IN DE Possible causes/events

2011-12 Positive X (1) Joby Aviation demonstrated early eVTOL prototypes; (2) Terrafugia Transition
received FAA approval for 'roadable aircraft’; (3) Google co-founder Larry Page
initiated funding of early UAM ventures (later evolved into Kitty Hawk and Opener
projects).

2011-12 Positive X (1) Volocopter conducted the world’s first manned flight of an all-electric
multicopter.

2013-14 Negative X (1) The Maverick prototype crashed near an elementary school in British Columbia,
Canada, on May 10, 2013, resulting in minor injuries to the two people aboard.

2015-16 Positive X (1) NASA formally initiates UAM-related research under its Aeronautics Research
Mission Directorate; (2) Uber mentioned the vision of UberAir or on-demand air
mobility.

2015-16 Positive X (1) First fully manned flight of the Volocopter VC200 approved under German
aviation authority; (2) EASA and DLR start exploring integrating UAM airspace and
certifying e-VTOL safety.

2015-16 Negative X (1) UK police recorded a significant increase in drone-related incidents (near misses
and privacy concerns) in this period.

2015-16 Negative X (1) German authorities noticed about a dozen dangerous drone sightings near major
airports.

2017-19 Positive X (1) FAA regulation (Part 107) opened up commercial use of small drones; (2) Uber

Elevate Summit amplified public discussion around feasibility, challenges, and hype
for UAM; (3) Heli-Expo 2018 and other trade shows triggered discussion among the
public.

Fig. 5): (1) Cluster A: USA and Australia; (2) Cluster B: UK and Canada;
(3) Cluster C: India; and (4) Cluster D: Germany. Further exploration
reveals that cluster A countries (USA and Australia) exhibit a relatively
high level of opinionatedness (normalised scores for positive and neg-
ative sentiments > 0.8) while cluster B countries (UK and Canada)
largely fall in the middle (normalised score 0.4-0.6), except normalised
score for negative sentiments in the UK > 0.8). In contrast, cluster
C (India) and cluster D (Germany) demonstrate low opinionatedness
(normalised score for negative and positive sentiments <0.3), which
is equivalent to high neutrality. This effect is most pronounced for
Germany, which has the highest number of neutral tweets amongst the
study countries. It is essential to highlight that our results align closely
with the observations from various multi-country studies conducted in
industrial contexts (KPMG, 2022). However, a significant limitation of
these cross-sectional studies has been their failure to identify potential
sources of heterogeneity and evaluate how these factors evolved since
the introduction of UAM, leading us to utilise dynamic topic modelling.

5.3. Topic model

The dynamic topic model results (See Table 5)* suggest the most
prevalent themes (based on order and presence) across clusters are
industry innovation and testing, unmanned aviation system, and mobil-
ity benefits. It suggests that public perception largely centres around
technological innovation and real-life implementation and/or benefits
of such emerging transport alternatives. Not only did we find a few
topics, such as safety and regulation and Maverick accident, gaining
traction in specific clusters, but also the absence of specific topics across
clusters indicates the role of socio-cultural paradigm in shaping human
perception. Also, we separated out the fiction and fantasy and frustration
from late implementation topic to assess the excitement aspect in a better
way and gauge the potential acceptance of UAM. It is worth noting
that while developing the topic model, we excluded all the off-topic
tweets (including marketing promotion contents from manufacturers
and service providers) to achieve a clearer understanding of public sen-
timents. Finally, the topic model results add the temporal dynamicity to
identify the trigger events required for developing policy instruments,
as explained in the following sections.

4 Refer to Table 6 in Appendix to find the list of keywords and their
corresponding weights.

6. Public discourse themes and policy insights

Time series analysis facilitated the discovery of key time peri-
ods linked to sentiment shifts, whereas spatial analysis provided in-
sights into its variation across countries. Building on those insights, we
utilised the BERTopic model to discern predominant themes and their
associated terms in tweets across four pre-defined clusters during the
study period. It must be noted that the topic model discussion focuses
exclusively on relevant and meaningful tweets leveraging BERTopic’s
superior semantic understanding. As stated earlier, the eight most perti-
nent themes (See Fig. 6) have been identified, with three present across
all the clusters; however, the inferences for clusters 3 and 4 should be
approached with additional caution due to their lower tweet volume. Of
particular relevance to translating topic model results into actionable
policies is the higher prominence of three themes (Industry innovation
and testing, Unmanned aviation system, and Mobility benefits) and
their contextualisation to key events. It may be noted that the policy
insights are aimed at balanced uptake of UAM as opposed to focusing
on sustainability alone.

6.1. Cluster 1: USA and Australia

The topic model results suggest that the excitement regarding UAM
is the most frequent topic in cluster 1 countries (See Fig. 7), as it started
growing since the early part of the last decade and peaked during
the 2015-17 period. It indicates how the vision of ‘flying cars’ garners
public attention in the mobility landscapes with higher car-dependency,
low-density and decentralised urban planning (longer commutes) and
relatively more frequent exposure to air travel. Furthermore, high indi-
vidualism and low uncertainty avoidance play a key role in positioning
these countries higher in terms of readiness for emerging technologies.
Additionally, it is interesting to observe local alignments between
excitement and unmanned aviation system (around 2015) and industry
innovation and testing (around 2017), suggesting potential temporal as-
sociations between public sentiment and key developmental milestones.
Finally, the initial excitement appears to have faded post-2016, possibly
due to regulatory delays, perceived safety and noise concerns, equity
issues, and limited visible progress towards implementation.

The industry innovation and testing, which primarily gained traction
during the 2016-18 period, is observed to be the second most frequent
topic. This is consistent with the USA’s position as the global leader
in technologies and innovations, while the timeframe largely coincides
with the public demonstration of prototypes by leading manufacturers
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Table 5
List of topics (ordered) across four spatial clusters.
Topic rank Cluster 1 Cluster 2 Cluster 3 Cluster 4
1 Excitement Industry innovation and testing Industry innovation and testing Industry innovation and testing
2 Industry innovation and testing Excitement Unmanned aviation system Mobility benefits
3 Unmanned aviation system Maverick accident Mobility benefits Unmanned aviation system
4 Mobility benefits Technical operation Excitement
5 Technical operation Unmanned aviation system
6 Frustration from late implementation Fiction and fantasy
7 Fiction and fantasy Mobility benefits
8 Safety and regulation
accident pe rat 1on X l tement (e.g., Joby Aviation, Wisk). Intuitively, another topic, i.e., technical op-
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Fig. 6. Word cloud of observed topics across all clusters.
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eration, shows partial convergence in certain intervals, highlighting the
inter-relationship between these topics and suggesting that the public
perception is increasingly based on technical nuances of UAM system
operability. Of particular relevance is the steep curve (both rise and
decline) points out that (1) public sentiments are highly reactive to on-
ground implementation, (2) lack of solid policy and legislation erodes
public confidence in near-term implementation, and (3) delayed com-
mercial layouts fizzle initial interest. From a regulatory and industry
perspective, clear certification pathways, well-communicated develop-
ment timelines, and increased public consultation can add momentum
to UAM adoption.

The unmanned aviation system emerges as the third most frequently
discussed topic. Unmanned UAM development gained significant trac-
tion in the cluster 1 countries (particularly the USA), surging around
2014 and peaking during the 2015-18 period, driven by private sector
innovation (e.g., Uber Elevate), federal research support (NASA, FAA),
and growing investor and media interest. Upon closer examination of
the keywords, we could find that the people perceive the topic through
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regulatory (e.g., FAA certification, airspace regulation) and operabil-
ity (e.g., safety, reliability) lenses. It also underlines the institutional
positioning of UAM technology as an extension of unmanned drone
technologies. Nevertheless, public interest declined after 2018, which
may be tied to regulatory bottlenecks and the industry focusing more
on commercial usage of unmanned aerial vehicles (drones). From the
service providers’ perspective, for the UAM system to reach maxi-
mum popularity, the systems need to be positioned as a functionally
(e.g., safe, saving time) and symbolically (e.g., environment-friendly,
luxury, fun) attractive travel option, especially to the affluent early
adopters. On the other hand, regulators can aid the endeavour of the
service providers by focusing on the seamless integration of UAM into
the existing transportation network.

Now shifting focus to the remaining three topics, we observe Twitter
discussions centred around mobility benefits, technical operation, and
frustration from late implementation. Expectedly, the trajectory of the
former two displays local similarity with industry innovation and testing,
underscoring increasing realism (excitement and scepticism) in public
discourses as (USA) cities move closer to actual adoption. The discourse
for the mobility benefits primarily pivots on the efficiency of UAM
systems (vehicles and vertiports) in saving travel time lost in traffic
congestion, while some focus on the connectivity of vertiports with
major hubs. On the other hand, technical operation largely includes
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narratives about operational characteristics (including safety) and com-
paring (and relating) them with conventional fixed-wing or military
aircraft. This suggests the presence of public misconceptions or limited
understanding regarding the distinct nature and capabilities of UAM
technologies. The last topic, i.e., frustration from late implementation,
which is specific to the current cluster (particularly the USA), reflects
negative sentiments associated with the delayed rollout of UAM tech-
nology, potentially discouraging enthusiastic adopters. This growing
disillusionment may hinder market readiness and contribute to slower
adoption when UAM systems eventually become available. In addi-
tion to the recommended policies for the first three topics, Original
equipment manufacturers (OEMs) and industry stakeholders can pri-
oritise alleviating operational concerns (safety, noise, frequency, etc.)
through real-life demonstrations and phased implementation strategies
to facilitate smoother public acceptance and trust.

6.2. Cluster 2: UK and Canada

A key point to consider in the topic model results for cluster 2 coun-
tries is the higher prominence of industry innovation and testing relative
to excitement (See Fig. 8). Notably, the growth for industry innovation
and testing is more gradual than its curve for cluster 1; however, in
both instances, the peak occurred during the 2016-18 period. These
findings, coupled with keyword analysis, highlight that the impact
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of on-ground implementation can transcend geographical boundaries.
Nevertheless, such ripple effects are likely weak stimulators for public
discourse. In contrast, a nearly flat-lined curve for the excitement in-
dicates a lack of adoption enthusiasm, which can be tied to multiple
social (e.g., risk-aversion), cultural (e.g., pragmatism, less risk-taking),
planning (e.g., lower urban sprawl, better public transport network),
and implementation (e.g., fewer prototype demonstrations) criteria. It
essentially underlines that increased traction for industry innovation
need not necessarily evoke adoption interest; instead, policymakers can
complement ongoing innovation with public-facing initiatives, such as
demonstration projects, community engagement campaigns, and edu-
cational outreach, that contextualise UAM within local mobility needs.
At the same time, maverick accident being the third most frequently
discussed (but with the highest peak) topic suggests public reaction
(excitement and concern) has the highest intensity to such real-world
demonstrations; however, failures can wane such interest too quickly.
Hence, other than emphasising tangible benefits, addressing public con-
cerns can be particularly effective for cluster 2 countries. Additionally,
aligning with existing urban planning frameworks can help bridge the
gap between technological advancement and increasing adoption in
UAM.

The other three among the top-six most frequently discussed are
technical operation, unmanned aviation system, and fiction and fantasy.
Except for the last one, the other two were also observed in the top six
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for cluster 1 and may be linked with a rising sense of grounded realism
in public discourse as we approach real-world operation. In this connec-
tion, their lower amplitude compared to cluster 1 could be attributed
to the fact that the UK and Canada have not yet reached the level of
real-world implementation seen in the USA. The other striking finding
is that, unlike cluster 1, the public discourse about technical operation
was found to be closely related to Internet of Things (IoT), artificial
intelligence (AI), and robotics. This suggests a more cautious, systems-
oriented view of UAM, potentially shaped by the emphasis on research,
regulation, and interconnectivity over rapid deployment. Lastly, we
observed targeted discussions centred around safety and regulation, a
distinctive characteristic of this cluster. Keyword analysis suggests a
broader narrative shaped by institutional oversight and prior exposure
to regulations (particularly drone). From a policy standpoint, these
findings highlight the importance of transparent safety frameworks and
early engagement with national aviation authorities to build confidence
and support for UAM integration.

6.3. Cluster 3: India

In line with the previous two clusters, industry innovation and test-
ing was the primary theme of public discourse (See Fig. 9). Further
examination of the temporal trend and keywords reinforces the no-
tion regarding the ripple effect of on-ground demonstrations. At the
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Table 6
Description of tweet contents (topics and top five keyword scores)

Cluster Word 1 Word 2 Word 3 Word 4 Word 5

Topic: Excitement

Cluster 1 want future get hoverboard need
(0.082) (0.064) (0.052) (0.042) (0.037)

Cluster 2 want need lol wow get
(0.096) (0.065) (0.042) (0.040) (0.039)

Cluster 3 finally world two gift pre order
(0.140) (0.112) (0.103) (0.098) (0.098)

Cluster 4 Not present

Topic: Industry innovation and testing

Cluster 1 uber volocopter aviation terrafugia airbus
(0.077) (0.043) (0.034) (0.033) (0.030)

Cluster 2 uber future first flight electric
(0.047) (0.034) (0.034) (0.034) (0.028)

Cluster 3 first airbus tech future volocopter
(0.068) (0.057) (0.055) (0.053) (0.047)

Cluster 4 volocopter jet uber flight innovation
(0.115) (0.084) (0.080) (0.075) (0.074)

Topic: Unmanned aviation system

Cluster 1 unmanned drone UAS UAV FAA
(0.163) (0.111) (0.056) (0.040) (0.034)

Cluster 2 unmanned aerial vehicle  drone UAV UAS
(0.217) (0.110) (0.105) (0.095) (0.056)

Cluster 3 unmanned drone vehicle landing vertical
(0.171) (0.103) (0.099) (0.091) (0.089)

Cluster 4 drone UAV pilot medical fun
(0.324) (0.250) (0.061) (0.048) (0.048)

Topic: Mobility benefits

Cluster 1 airport urban mobility traffic people cargo save time
(0.080) (0.110) (0.074) (0.051) (0.051)

Cluster 2 traffic jam stuck need road
(0.379) (0.178) (0.155) (0.102) (0.089)

Cluster 3 uber travel service airport cab
(0.218) (0.101) (0.082) (0.078) (0.059)

Cluster 4 urban mobility city city airbus UAM air taxi
(0.195) (0.083) (0.081) (0.081) (0.069)

Topic: Technical operation

Cluster 1 plane airplane landing take osprey
(0.081) (0.039) (0.035) (0.030) (0.027)

Cluster 2 mobility transport robotics AL 10T
(0.129) (0.096) (0.066) (0.060) (0.054)

Cluster 3 Not present

Cluster 4 Not present

Topic: Fiction and fantasy

Cluster 1 jetsons george harry potter like jetsons
(0.235) (0.076) (0.073) (0.060) (0.041)

Cluster 2 london ron station tour group
(0.213) (0.123) (0.089) (0.089) (0.059)

Cluster 3 Not present

Cluster 4 Not present

Topic: Maverick accident

Cluster 1 Not present

Cluster 2 driving taxiing takeoff landing passenger
(0.106) (0.093) (0.091) (0.089) (0.081)

Cluster 3 Not present

Cluster 4 Not present

Topic: Safety and regulation

Cluster 1 Not present

Cluster 2 drone UK model aviation authority safety
(0.241) (0.182) (0.175) (0.144) (0.143)

Cluster 3 Not present

Cluster 4 Not present

Topic: Frustration from late implementation

Cluster 1 still waiting whereas year shit
(0.164) (0.163) (0.081) (0.074) (0.042)

Cluster 2 Not present

Cluster 3 Not present

Cluster 4 Not present

same time, India’s huge potential market, increasing road congestion
problem, and administrative support for entrepreneurial activities are
expected to fuel such narratives. In contrast, excitement is the least
prominent topic, diverging from patterns observed in other clusters.
This likely reflects vastly different socio-cultural characteristics, trans-
port infrastructure provisions, and urban planning of these regions. As
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a result, the idea of flying cars, often perceived as a high-income, aspi-
rational technology, may resonate less with the general public, making
widespread excitement less relevant in discourse. The other two topics,
i.e, unmanned aviation system and mobility benefits, are characteristically
(based on keywords) similar to the previous two clusters and mostly
coincide with the global key events. In case of the former topic, we
could detect a little surge in the post-pandemic period, which may
be linked to policy discussions on drone policy frameworks, leading
to the release of Drone Rules in 2021, liberalising the sector and
sparking wider interest in unmanned aviation applications (including
heavier payloads). To conclude, in India, focusing on inclusive inno-
vation through affordable pilot programs and leveraging regulatory
momentum to align UAM development with broader mobility needs can
be the most effective way to encourage public acceptance and uptake.

6.4. Cluster 4: Germany

Analysis of trends in Germany depicts that industry innovation and
testing significantly dominated the public discussions, with its growth
curve similar to other clusters (See Fig. 10). Further exploration of
the keywords reveals that indigenous aerospace industries such as
Volocopter and Lilium remained prominent. Hence, Germany’s strong
innovation ecosystem and presence of indigenous players can be strate-
gically leveraged by expanding research and development incentives,
accelerating certification pathways, and promoting public demonstra-
tions to enhance visibility, trust, and global competitiveness in UAM
technologies. The other two topics are mobility benefits and unmanned
aviation system, where the former gained traction during the 2017-19
period and the latter was observed to surge post-2018. Although the
mobility benefits topic was found to have a similar broad narrative as
in other countries, unmanned aviation system includes people discussing
more about the utilitarian aspects of drones (e.g., medical, logistics)
in addition to passenger transport. In order to maximise adoption,
UAM service providers can strategically leverage this interest into
the passenger UAM domain by demonstrating technological overlap
(e.g., shared navigation, safety systems) and gradually transitioning to
passenger transport.

7. Concluding remarks

Urban air mobility is poised to revolutionise the transportation sec-
tor; nevertheless, its widespread adoption is likely to be influenced by
public perceptions, which are inherently dynamic and susceptible to a
multitude of factors, including societal values, lifestyle preferences, and
travel habits. Simultaneously, each of these factors is deeply embedded
within the socio-cultural and geo-political frameworks, implying that
they are anticipated to exhibit variations across time and geographical
regions. Although there has been a growing body of cross-sectional
studies analysing market segmentation based on a priori indicators
of public acceptance, the data-driven detection of sentiment polar-
ity and related spatio-temporal heterogeneity aspects remain poorly
understood.

Based on the Twitter data collected from six countries across twelve
years (2010-21), the current study provides strong evidence that con-
siderable spatial and temporal heterogeneity exists in UAM-related
public perception, which calls for context-specific understanding of ease
of acceptance. In terms of methodologies, we not only employed state-
of-the-art large and large language models for sentiment classification
and topic modelling, respectively, but also enhanced the applicability
of NLP results by integrating them with time series analysis and spatial
K-means clustering. The time series analysis shows that UAM garnered a
steady increase of public traction throughout the mid and late-2010s,
while also suggesting growing neutrality during 2017-20. We also
derived sentiment index, which aids in contextualising the spikes in
polarity with real-world events (e.g., public demonstration, crashes)
and thereby detecting their relative intensity (e.g., prototype testing
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creating higher impact) to stimulate public opinion. At the same time,
our results empirically demonstrate that these effects differ across
countries and could be attributed to differences in societal and cultural
dimensions in addition to the disparity in existing transport infrastruc-
ture. The clustering analysis led to the identification of four country-level
clusters, with cluster A countries exhibiting the highest opinionatedness
in their perception, cluster B countries essentially having a balance
between neutrality and (positively or negatively) polarised perceptions,
and the rest (cluster C and D) demonstrating low opinionatedness. To
achieve a more nuanced understanding of the underlying themes (or
levers) of public discourse, we performed dynamic topic modelling across
the previously identified cluster over the study period. As such, the
global discussions are observed to pivot around three major themes:
(1) industry innovation and testing, (2) unmanned aviation systems,
and (3) mobility benefits. Besides, we could also detect local themes
(e.g., maverick accident in Canada), which in cases have a greater
stimulating influence than global ones. Importantly, the relative order
of the themes and the keywords that comprise them reveals critical
context-specific differences and provides a systematic direction for
adopting localised policy interventions. For instance, excitement for
UAM dominates public perception in the USA, possibly stemming from
advances in prototype testing and public demonstration; however, it
becomes secondary (cluster B and C) or even non-existent (cluster
D) for other clusters. This implies that business operations and mar-
keting campaigns related to UAM travel cannot take a one-size-fits-all
approach; instead, they must be tailored to the specific socio-cultural
contexts. We also note that while the actual benefits of UAM travel
are growingly shaping public opinions, overall attraction wanes as
on-field implementation gets delayed due to regulatory bottlenecks.
Therefore, the initial market penetration of UAM services remains
uncertain and warrants further examination. In this context, future
extensions of this research could integrate both cross-sectional and
data-driven approaches to gain more comprehensive insights into the
long-term evolution of perception across diverse socio-demographic co-
horts. Furthermore, future research could explore incorporating tweets
in multiple languages to better account for native language usage and
examine potential cultural and linguistic variations that may not be
adequately captured in an English-only corpus.

To conclude, our findings indicate that societal acceptance of urban
air mobility services differs across regions with varied socio-cultural
contexts, and even within the same region, it changes over time.
Therefore, fostering the successful uptake of UAM services necessi-
tates moving beyond the cross-sectional approach, instead embracing
large-scale data-driven approaches, which could facilitate tailor-made
policy interventions. Such localised policy-making indicators could be
equally useful for regulators and operators to ensure both sustainable
and profitable integration of UAM into the existing transportation
ecosystem.
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