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ARTICLE INFO ABSTRACT

Keywords: This article proposes an evidence-based policy recommendation framework integrating social media data and
Psychological determinants natural language processing methods, to support inclusive and efficient transport policy-making. Given that
Travel decision current research underscores the crucial role of both external and psychological variables in individual travel

Social media data
Dynamic topic modelling
Sustainable transport

decisions, psychological features — such as beliefs, attitudes or values — are frequently used as latent variables
for travel behaviour interpretation and travel choice modelling. However, user-centric policy recommendations
based on dynamic psychological variables are still limited. Most studies rely on survey data, which neglects the
urgent dynamic trend of user perception change and its underlying relationship with travel behaviour. Hence
there is a lack of illustration on how these psychological variables can be further used at specific temporal
and spatial levels for travel behaviour interpretation. This would be valuable to identify priorities for more
targeted (sustainability and other) policies and interventions. In this article, we utilize sentiment analysis and
dynamic topic modelling to represent the spatial-temporal variance of psychological features. Integrating with
corresponding travel behaviour, we illustrate how these dynamic psychological features can distinguish travel
dissonance, identify key motivations, and reflect urgent social demands at precise spatial-temporal levels. We
demonstrate these advances in a case study in New York City from 2019 to 2022 using Twitter (X) data. A
comparison with existing travel-related policies in the case study validates the feasibility of our framework to
support evidence-based policy recommendations. We conclude by discussing the potential of this framework
to support sustainable transport promotion.

1. Introduction et al., 2022). However, few studies explore the intrinsic motivations

behind these psychological features to enhance travel behaviour inter-

Although numerous studies demonstrate the vital impact of socio- pretation, social needs recognition (Anagnostopoulou et al., 2020), and
demographic, economic, policy and environmental factors on individ- evidence-based policy recommendation (Nikoli¢ et al., 2021).

ual travel choices (An et al., 2023; Piligrimiené et al., 2020; Biehl
et al., 2018; Zhao, 2018), the significant influence of psychological
variables — such as attitude, satisfaction, beliefs, values, risk percep-
tion or environmental awareness — cannot be ignored (Rahman and
Sciara, 2022; Diitschke et al., 2022). In many cases, the influence of
external determinants on individual travel decisions varies significantly

Simultaneously, these personal psychological variables are shaped
by external circumstances, reflecting the underlying contextual de-
terminants in travel decisions. For example, personal preference for
public transport mainly determined by commuting efficiency, economic
affordability, and user satisfaction (Liu et al., 2023). The willingness

depending on personal psychological reactions (Susilo and Cats, 2014; to adopt electric vehicles relies on the personal assessment of price,
Abenoza et al., 2017; Kroesen and Chorus, 2020; Arroyo et al., 2020). functionality, and eco-consciousness (Chinen et al., 2023). Therefore, a
For instance, the success of implementing sustainable travel-related comprehensive understanding of the interaction between psychological
policies largely relies on personal attitudes or acceptance, particularly variables and external contextual factors will reveal the key motivations
regarding one’s motivation to shift to sustainable transport. and social demands behind travel decisions.

Existing studies use psychological variables as latent variables (Kroe- In particular, special periods such as COVID-19 have amplified the
sen et al., 2017; Arroyo et al., 2020), mainly focusing on the quan- psychological impact on travel behaviour, bringing significant changes

titative aspects, such as ‘positive’ or ‘negative’ as attitudes, ‘like’ or
‘dislike’ as preferences, or satisfaction in numerical levels for travel
choice modelling (Pineda-Jaramillo and Pineda-Jaramillo, 2022; Huan

across multiple travel modes (Shamshiripour et al., 2020). Some of
these changes even persisted after the pandemic, indicating the lasting
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psychological impact on travel habit reformulation. For instance, the
sustained decline in subway usage in New York City was initially
driven by heightened risk perception, which subsequently led to a
weakening of trust in public transportation (Jain et al., 2022). By
analysing the underlying drivers of pandemic-induced travel behaviour
changes, this study aims to shed light on the interaction between
dynamic behaviour and psychological variables in affecting dynamic
travel decisions and demands, thus providing insights for policymakers
and transport planners.

We recognize that key motivations are inherently dynamic, shaped
by spatial and temporal variations in travel behaviour and psycho-
logical factors. It highlights the challenge of identifying timely and
precise determinants to inform policy-makers of dynamic social needs
and targeted interventions. Most existing studies rely on survey data
to capture psychological variables and evaluate their impact on travel
choices, given that surveys can provide information on user travel
preferences and demands across diverse demographic groups, sup-
port controlled experimental designs, and contain relatively good data
quality. There are limitations, however, in capturing the up-to-date
psychological changes along with underlying motivations, which hin-
der the ability to identify timely and accurate social demands for
informed policy recommendations. Even if some surveys are updated
monthly or annually ((MPN), etc.), their data collection processes are
often time-consuming to reflect real-time psychological shifting, partic-
ularly during urgent circumstances. In addition, surveys are typically
conducted at relatively broad spatial scale, which may overlook the
spatial variability and fine-grained psychological dynamics associated
with localized social concerns and motivations. Meanwhile, survey
questions are often formulated based on subjective perceptions of their
designers, which may constrain the capacity to reflect all determinants
in travel decisions. Furthermore, the survey datancollection process
often costly and resource-intensive, which limits it efficiency for timely
data acquisition.

Meanwhile, travel behaviour is not always consistent with psycho-
logical indicators in the real world, which refer to travel dissonance (De
Vos, 2018). For instance, some low-income individuals might be com-
pelled to use public transport due to economic constrains, whereas
others might be obliged to drive because of the inadequate public
transport infrastructure in their residential areas. According to Cog-
nitive Dissonance Theory (CDT), individuals are likely to experience
discomfort when encountering travel-related dissonance. As a result,
there is an increased likelihood of individuals altering their travel
behaviour or attitudes to fill the gap (Festinger, 1957). Recent studies
utilize travel dissonance to interpret travel behaviour changes (De Vos,
2018), while fewer studies delve into the implicit reasons underlying
‘behaviour-psychological’ gaps which indeed revealing user concerns
and urgent social demands. Understanding these drivers will enable
policy-makers to implement more targeted interventions, enhance user
travel experiences, and promote the adoption of sustainable transport.

In light of this situation, social media data and natural language
processing (NLP) technologies offer opportunities to capture dynamic
psychological variables along with their underlying determinants. As
online platforms (Twitter/X, Facebook, Instagram, etc.) become com-
mon places to express public feelings, social media has emerged as a
valuable resource for accessing real-time public opinions on a wide
range of phenomena (Grant-Muller et al., 2015). Meanwhile, the em-
bedded geo-information within social media data enables the analysis
of spatial patterns in user-generated content. Integrated with NLP
methods, social media data has been widely used to reflect public
emotions and opinions via sentiment analysis and topic modelling (Qi
et al., 2020; Schweitzer, 2014). Despite inherent biases — such as the
tendency to express negative emotions or the unequal representation of
populations - social media data still provides valuable insights of real-
time psychological information. During COVID-19, it offered timely
and cost-effective updates on public perceptions of travel policies and
events. Leveraging these advantages, this study utilizes social media

Travel Behaviour and Society 43 (2026) 101197

data integrated with NLP and recent Large Language Model (LLM)
methods to capture dynamic travel-related psychological variables with
underlying travel motivations.

This article aims to propose an evidence-based policy recommenda-
tion framework via social media data integrated with NLP and LLM
methods. Demonstrating the critical role of psychological variables
in identifying key motivations and recognizing social demands, we
provide efficient and targeted policy-making support from a user per-
spective. Through sentiment analysis and dynamic topic modelling, we
demonstrate dynamic user attitudes and key opinions in response to
external contextual factors across multiple travel modes. By analysing
the relationship between psychological variables and corresponding
travel behaviour, we identify key determinants that imply dominant
public concerns and social demands across spatial-temporal variations.
We also point out travel dissonance at neighbourhood scale with related
psychological concerns to indicate urgent social needs and improve-
ment directions for policy-makers. The case study spans the pandemic
period, investigating dynamic psychological variables to reveal key
travel motivations associated social demands for cycling, subway and
ride services in New York City from 2019 to 2022. Our contributions
lie in the following aspects:

+ We propose a general evidence-based policy recommendation
framework at various spatial-temporal levels integrating social
media data and NLP methods from a user-centric perspective.
We demonstrate the extensive use of psychological variables in
identifying travel motivations, travel dissonance, and social de-
mands at various spatial-temporal levels.

Our case study implements the framework spanning the pandemic
period to illustrate the significant role of psychological variables
in interpreting dynamic travel behaviour and identifying social
demands among multiple travel modes in New York City (NYC).
We also validate the results with prevalent policy interventions,
indicating the potential use in other scenarios.

The remainder of the article is structured as follows: Section 2
reviews existing studies on evidence-based policy recommendation, the
impact of psychological variables and external factors on travel deci-
sions, and the use of social media data and natural language processing
methods in transportation domain. Section 3 introduces the framework
and methods, including data collection, sentiment analysis, dynamic
topic modelling, and correlation analysis. Section 4 describes our case
study in setting up psychological variables extraction, travel dissonance
identification, and key motivations recognition in New York City from
2019 to 2022. Section 5 reports the outcomes with an explanation of
the underlying reasons. Section 6 provides potential policy suggestions
based on our findings, along with validation on existing policies and
transport studies. Section 7 summarizes our research approach and
discusses the potential use of the proposed framework in informing
sustainable transport policy recommendations.

2. Background

This section briefly discusses evidence-based policy research in
transportation, the external and psychological influences on travel deci-
sions, and the current use of social media data in transport applications.
We conclude the section by identifying the research gaps in exploring
evidence-based policy recommendations from the user’s perspective,
particularly in terms of understanding user dynamic motivations and
social demands at various spatial and temporal levels.

2.1. Evidence-based policy recommendation
The evidence-based policy recommendation in transportation started

in the 1960s when researchers used empirical data to assess the
effectiveness of various transportation systems (Meyer et al., 1965). The
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work highlights the feasibility of leveraging relevant data as evidence
to improve and evaluate transportation systems. As data collection
and analysis methods gradually improved, evidence-based approaches
in transportation have become more formalized and efficient. Bones
et al. (2013) examines the implementation of ‘evidence-based design’
(EBD) in transportation decision-making to mitigate innovation risk
and support reliable policies development. Mulley and Reedy (2015)
discusses the effective transmission from transport research to evidence-
based public transport policies using New South Wales(NSW), Australia
as a case study. Smith-Colin et al. (2014) demonstrates how various
types of evidence from transportation asset management can support
performance-based decision-making.

The emerging big data and artificial intelligence methods enable
more comprehensive and robust evidence-based policy recommenda-
tion. Rodriguez-Mazahua et al. (2016) underscores the critical role
of data-driven analysis in enhancing Intelligent Transportation Sys-
tems(ITS) performance and enabling more precise, evidenced-based
policy interventions. Hackl et al. (2019) proposes a data-driven ap-
proach using survey data and statistical models to elucidate walking
and cycling modal shares. The findings demonstrate the influence of
key parameters in shaping travel behaviour and indicate the target
spatial areas for specific policy interventions. Liu and Dijk (2022)
illustrates how data strengthen evidence-based transport policy-making
via two case studies in Maastricht and Groningen, which highlight the
important role of ‘data’ in supporting short-term traffic regulations and
policy adjustments. Meanwhile, evidence-based approaches are also
essential for achieving sustainable transport goals — such as reducing
carbon emissions, promoting public transport, and encouraging elec-
tric vehicles — by informing efficient and targeted interventions (Gota
et al., 2019). Although these evidence-based approaches have shown
their effectiveness in the transportation domain, few take advantage of
big data from a user’s perspective to provide in-time evidence-based
recommendations.

2.2. External factors influence on travel decisions

Existing research demonstrates the impact of external contextual
factors on individual travel decisions via static models and machine
learning methods. Socio-demographic factors such as economic, educa-
tion, gender, age, and culture have been shown to play vital roles in
shaping travel mode choices (Shaer et al., 2021; Kim and Mokhtarian,
2018; He et al., 2018; Pisoni et al., 2022). Transport infrastructure,
including its quality and accessibility, constitutes another critical vari-
able in the travel decision-making process (Zhou et al., 2024; Yin
et al., 2024). Yin et al. (2024), Bi et al. (2023) indicate that envi-
ronmental factors, including weather, climate, and air quality, largely
affect travel choices for seasonally sensitive modes such as cycling.
Policy interventions also affect travel decisions. For instance, travel
restrictions during the pandemic substantially reduced public transport
usage (Chen et al., 2022), whereas incentives for electric vehicles have
facilitated the adoption of sustainable vehicles (Wang et al., 2018).
While these studies thoroughly analyse the direct effects of external
contextual variables on travel decisions, it is equally important to
investigate users’ psychological reactions to these contextual factors
and their further influence on travel decisions.

2.3. Psychological variables impact on travel decisions

There are multiple psychological factors, such as attitudes, val-
ues, beliefs, perceived behavioural control, and social norms, that
have been clearly demonstrated their impact on travel decisions by
theories such as reasoned action (TRA) (Fishbein, 1979) and theory
of planned behaviour (TPB) (Ajzen, 1991). ‘Attitudes’ refers to the
individual’s positive or negative evaluation towards an object, events
or behaviour. As one of the key psychological variables, attitude has
been widely utilized to quantify the individual’s sentiment towards
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specific travel modes. Early studies (Parkany et al., 2004; Beirdo and
Cabral, 2007; Scheiner and Holz-Rau, 2007) depict the correlation and
causation between attitudes and travel decisions which demonstrate
the feasibility of implementing ‘attitude’ as a latent variable in travel
choice modelling by statistical and machine learning models (Bam-
berg et al., 2003; Beirdo and Cabral, 2007; Pronello and Camusso,
2011; Molin et al., 2016; Moon, 2021). ‘Social Norm’ refers to the
informal shared rules or expectations within social groups to guide or
constrain behaviours (Burke and Young, 2011). ‘Perceived behavioural
control’ refers to the individual’s assessment of their ability to perform
a behaviour (Ajzen, 1991). ‘Values’ refers to the long-term guiding
principles which shaping people’s behaviour that guide both attitudes
and behaviour, while ‘beliefs’ refers to the cognitive convictions on the
consequences of performing a behaviour (Ajzen, 2012). Compared to
attitudes, beliefs and values tend to contain more stable and enduring
impact on travel choices because they tend to deeply rooted in individ-
ual’s culture which making them more resistant to change compared
to other psychological variables such as attitudes (Lind et al., 2015;
Paulssen et al., 2014; Arroyo et al., 2020). These studies underscore
the importance of different psychological factors in shaping travel deci-
sions, but they typically rely on static, survey-based data, which limits
the ability to capture real-time changes with underlying motivations
that drive dynamic travel behaviour.

Existing studies also demonstrate how psychological variables in-
teract with external factors, thus influencing travel choices (Vu et al.,
2019; Hasan and Ukkusuri, 2014; Bi et al., 2023). For example, al-
though government incentive policies advocate sustainable transport,
individuals’ acceptance is largely influenced by their personal beliefs,
opinions, and attitudes. Studies (Ru et al., 2018; Taube et al., 2018;
Hamidi and Zhao, 2020) illustrate the impact of environmental aware-
ness in driving individual mode shifting from private vehicles to green
travel options. Wang et al. (2021) investigates the psychological impact
on public bicycle system adoption and indicate that risk concern,
accessibility, usage complexity, and observability are the key deter-
minants of users’ decision to shift into a sustainable public cycling
mode. Chen (2016) demonstrates that positive attitude, perceived plea-
sure, and subjective norms are the key factors for personal preference
in using sustainable transport. These studies underscore the interac-
tion between external factors and psychological variables, highlighting
their integrated role in explaining travel behaviour and discovering
underlying motivations. Accordingly, this study emphasizes this inter-
action relationship to provide more robust and reliable evidence-based
recommendations.

Some studies also point out the inconsistencies between psycholog-
ical factors and actual travel choices, particularly the travel dissonance
among individuals’ attitudes and actual behaviour (Kroesen et al.,
2017). Festinger (1957) asserts individuals are likely to experience
discomfort when confronting travel dissonance, thereby enhancing the
potential to adjust either attitude or behaviour to fill the gap. Conse-
quently, some research implements this phenomenon to interpret or
forecast travel behaviour change (De Vos and Singleton, 2020; An et al.,
2022). Some studies compare travel dissonance among various travel
modes to explore user satisfaction in a general approach. Humagain
et al. (2021) states that active mode users have less satisfaction than
private vehicle users when they experience travel choice dissonance. De
Vos (2018) states that dissonant travellers have lower average satisfac-
tion than consonant travellers in public transport. However, few studies
investigate the underlying causes of these inconsistencies which shed
light on urgent social demands and targeted intervention to improve
travel experiences. Therefore, this study utilizes dynamic psychological
variables to identify specific travel dissonances and analyse their de-
terminants, thereby highlighting the particular social needs to enhance
evidence-based recommendations.
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2.4. Social media data and NLP in transportation

To better achieve this study approach in dynamic travel behaviour
interpretation from the user perspective, and support evidence-based
policy recommendation, we employ social media data and NLP tech-
niques, which provide the feasibility to reflect real-time psychological
variables and the underlying travel motivations.

Compared to conventional traditional surveys and questionnaires,
social media platforms provide a time-efficient way to acquire real-
time user-related information through contextual text, images, and
geo-information (Liu et al.,, 2020; Chen et al., 2018; Dwityas and
Briandana, 2017). Many studies demonstrated that social media tends
to reflect near real-time user reactions, particularly in response to
policies and events due to its inherent characteristic: rapid informa-
tion sharing and ease of expression. These platforms are designed to
prioritize breaking news, trending topics and real-time updates on
policy announcements and events at near real-time speed compared
to traditional media. Consequently, users are more easily exposed
to new information when it occurs and are encouraged to interact
immediately with emotional and attitudinal responses (Stieglitz and
Dang-Xuan, 2013; Jost et al., 2018). Lorenz-Spreen et al. (2019) states
that public opinions on social media can shift dramatically within
hours following policy announcement or social events. Panagiotopoulos
et al. (2016) demonstrates that social media enables rapid information
sharing during emergencies, shaping public attitudes quickly based on
real-time updates from authorities and media. Chen and Chen (2019)
shows that daily attitudes on Twitter fluctuate sharply around major
news events (e.g., natural disasters, political announcements). Yeung
(2018) states that social media is ‘rapidly refreshed and constantly
changing’, which enables the tracking of attitudes and behaviours in
near real-time. Cinelli et al. (2020) demonstrates how COVID-19 news
and government measures produced immediate sentiment shifts on
Twitter within hours of announcement.

In transportation, social media has emerged as an important re-
source for user demand acquisition and system management evalua-
tion. Integrated with context-mining and NLP methods (Ding et al.,
2008; Blei et al., 2003; Grootendorst, 2022), recent researchers are
able to acquire the latest psychological variables such as attitudes,
concerns and demands (Park et al., 2022; Mo et al., 2023). For in-
stance, Rahman et al. (2021), Borowski et al. (2020) demonstrate
the ability of Twitter(X) in reflecting dynamic user attitudes towards
active mobility via sentiment analysis. Rashidi et al. (2017), Vu et al.
(2019), Shahriari et al. (2024) illustrate the integration of social media
data and topic modelling in representing user concerns for travel
behaviour interpretation. The recent emerging Large Language Mod-
els(LLMs) such as Llama (Touvron et al., 2023) and GPT-4 (Achiam
et al.,, 2023) enhance the efficiency and scalability in representing
elusive and dynamic travel-related psychological aspects by enabling
fine-tuning on customized datasets (Yang et al., 2023; Barandoni et al.,
2024). It provides a broader potential in formulating evidence-based
recommendations, enabling policymakers and transport managers to
adopt user-centric and targeted decision-making approaches.

According to these related works, we summarize the research gaps
and the connections with our study as follows:

» Few studies leverage psychological determinants as feasible ev-
idence for transportation policy recommendations. To address
this gap, we propose a user-centred, evidence-based framework
that integrates dynamic psychological insights to support targeted
policy recommendations.

Few studies investigate the underlying determinants of spatio—
temporal travel-behaviour variations to clarify public travel de-
mands and inform timely policy-making. In our study, we analyse
how psychological variables interact with external contextual
factors, revealing implicit reasons of dynamic travel-behaviour
change and highlighting urgent social demands.
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» Most studies rely on survey data that lacks real-time track of
psychological trends, limiting their ability to explain rapid be-
havioural shifts during particular periods such as the pandemic.
We take advantage of social media data with NLP technologies
to track dynamic travel-related attitudes and opinions, inter-
pret travel behaviour change throughout the COVID-19 period,
thereby supporting targeted interventions.

3. Methodology

This study proposes an evidence-based policy recommendation
framework integrating social media data with NLP methods to provide
reliable and user-centric suggestions for policy-makers. This section
introduces our methods in identifying travel motivations, user de-
mands, and travel dissonances with underlying reasons at the variant
spatial-temporal scales. Our methodological framework is shown in
Fig. 1. We employ description analysis to represent dynamic travel
behaviour via mobility data. Based on social media data (Twitter/X),
we illustrate how to capture travel-related attitudes and user concerns
via sentiment analysis and dynamic topic modelling. Integrating with
travel patterns with psychological variables, we demonstrate travel
dissonance recognition, key motivations and social demands identifica-
tion, travel dissonance recognition with interpretation, thus providing
reliable evidence for policy-making.

3.1. Descriptive analysis

We first implement description analysis to represent the dynamic
travel behaviour based on historical ridership data. By aggregating
historical daily ridership data, we display similarities and differences
among at both spatial and temporal scales. We also compute the change
ratio within specific time intervals at Eq. (1) to present dynamic travel
patterns. To gain a deeper understanding of dynamic travel behaviour,
we employ the origin—destination (OD) analysis at Eq. (2) to observe
the trip patterns and purposes change.

P,

mit — LTmpt—I

C, =
t,m ’
Pm,t—l

@
where ¢ is the current time, / is the time interval, P, , is the travel
ridership at time ¢ for travel mode m, P,,_, is the travel ridership at
time ¢ — [ for travel mode m; C,,, refers to the change ratio for travel
mode m from time 7 —/ to time ¢.

T
oD, == 360 @
t=

where i is the origin, j is the destination, 7 is the travel time for each
single trip, T represents the total time periods. O D;; represents the daily
average number of trips from location i to location j, f(i, j, ) represents
the trip flow from i to j during time interval ¢.

3.2. Sentiment analysis

We first illustrate the linguistic differences among each psycholog-
ical variable to demonstrate their distinction in social media. For ‘atti-
tude’, adjectives (e.g., great, terrible), and sentiment verbs (e.g., like,
hate) reflect individuals’ opinions on certain travel modes that can
be directly extracted from the posts. For social norms, the typical
keywords emphasize others’ views (e.g., ‘people expect’, ‘my friends
think’) rather than attitude keywords that focus on personal evaluation.
In transportation-related posts, they display as ‘Most people take the
car’, or ‘Everyone’s using bikes now’. Perceived behavioural control
is normally identified by indirect cues that emphasize capability and
feasibility, such as ‘It is impossible to bike in this city’, which indicates
perceived low control, while ‘The metro is so easy to use’ suggests
perceived high control. It is more related to the individual’s confidence
in their own ability or external constraints to perform a behaviour,
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Fig. 1. Methodological framework.

rather than positive or negative evaluation of attitudes. Thus, the distin-
guishing key words for perceived behavioural control are different from
attitude, which emphasizes ‘can or cannot’, ‘possible or impossible’.
For identifying values and beliefs, they are indirectly inferred from the
posts, which require interpreting full sentences to detect whether they
contain guiding principles, making it less commonly observed in short
texts. For example, ‘I value sustainability over convenience’.

As user attitudes tend to exhibit more real-time or short-term
changes in response to the latest policies and events, they contain more
content that reflects positive or negative sentiment towards specific
issues or behaviours. We thus implement Natural Language Process-
ing methods to distinguish these quantitative preferences. To acquire
dynamic travel-related attitudes, we implement the BERT model to
classify user sentiment based on tweets into two categories: positive
and negative. To improve the classification performance on our dataset
which contains the special pandemic period, we first fine-tune the
BERT model with domain-specific data — COVID-19-related sentiments
labelled tweets (Chen et al., 2020). After splitting the prepossessed
tweets into training, validation and testing sets, adding an extra clas-
sifier, we train the model with a batch size of 32 and max length of
128 based on the ‘bert-base-cased’ model. The training and validation
accuracy achieve 0.92 and 0.84, respectively, while the test accuracy
reaches 0.86 with a precision of 0.85, recall of 0.85, and fl-score of
0.85. Finally, we test the fine-tuned BERT model on our own dataset
with 600 rows of manually labelled tweets. It achieves an accuracy of
0.87, demonstrating the relatively good performance. Ultimately, we
deploy the fine-tuned model to our travel-related tweets, with negative
or positive labels for each tweet and visualize the results on a daily
basis.

3.3. Dynamic topic modelling

To gain the underlying reasons behind dynamic travel behaviour,
user attitudes, and travel dissonance, we implement dynamic topic
modelling to present the main user psychological interactions with
contextual factors. As an unsupervised learning method to extract topic
representation from textual data, topic modelling such as Top2vec,
Latent Dirichlet Allocation (LDA), and Latent Semantic Analysis (LSA)
have been commonly used to represent human opinions (Blei et al.,
2003; Angelov, 2020; Landauer et al., 1998). However, these methods
require prior knowledge of topic numbers, imitated in interpretability,
and do not work well on short texts (Jelodar et al., 2019), which is
not suitable in our study based on short texts. While, Dynamic Topic
modelling, as an unsupervised learning method based on the BERT
model, possesses the capability to discern evolving topics and provide
more coherent topic interpretation among sparse texts (Grootendorst,
2022) that is well-suited for our study. In particular, we embed each

document (i.e., tweet) by the semantic similarity logic via the pre-
trained language model Sentence-BERT (SBERT), convert each tweet
into numerical representations via ‘all-MiniLM-L6-v2’ model (Reimers
and Gurevych, 2019). Given that cluster models have difficulty in
dealing with high-dimensional data, we apply Uniform Manifold Ap-
proximation and Projection (UMAP) (Mclnnes et al., 2018) to reduce
high-dimension embedded data from the previous step while preserving
both local and global features of the embedded documents. Then, we
employ the density-based clustering method — HDBSCAN to aggregate
the reduced embedding into distinct clusters with noise data labels
as outliers (Campello et al., 2013). Since each cluster has different
densities and shapes, we combine all clusters’ documents into a single
document to calculate word frequency to obtain cluster-level topic
representation. To compute the importance scores of each word within
a cluster, we use c-TF-IDF (Grootendorst, 2022) ((3)) to extract the
most represented words. After capturing the overall topic within each
cluster, we analyse the dynamic trends of each main topic temporally
and spatially.

A
W,.=1t log(1+ —), 3
te S * log( lf;) 3

where: t,c is the term ¢ in class ¢, in which ¢ is the collection of
documents into one single document for each cluster. W, . is the weight
of each term i in class c; tf, . is the frequency of each term i in class c;
A is the average amount of terms per class; f; is the frequency of term
i among all classes.

The latest (at the time of writing) large language models enable us
to compute a more coherent topic representation rather than several
single words for each cluster. Thus, we use ‘ChatGPT-40’ to fine-tune
our topic representation results from the generated topics from ‘c-
TF-IDF’. Our prompts are described in the following via the OpenAl
API:

prompt = “““ I have a topic that contains the following documents:
[DOCUMENTS] The topic is described by the following keywords: [KEY-
WORDS] Based on the information above, extract a short topic label within
ten words in the following format: topic: <topic label> """

3.4. Travel dissonance identification

To identify the consistent travel behaviour and travel dissonance,
we compute the normalized discrepancy between travel-related attitude
and travel ridership at certain time periods. Eq. (4) describes the travel
dissonance at both temporal and spatial levels, for which positive
refers to a more favourable attitude than actual behaviour and negative
indicates actual behaviour with unwilling sentiment. The closer the
value is to 0, the more alignment between behaviour and attitude has
been achieved.

D, = Er,k - Ex,k G



Y. Xu et al.

where 7 is the time interval, k is the travel mode; E,yk represents the
normalized attitude at time 7 for travel mode k; Et,k is normalized rid-
ership volume at time ¢ for travel mode k; D, represents the discrepancy
at time interval 7.

3.5. Key determinants analysis

To identify which topics have a larger impact on actual travel
behaviour, we implement correlation analysis between topic volumes
and related travel ridership in Eq. (5). The value is between —1 to 1
for which -1 indicates a strong negative relation, 1 indicates a strong
positive relation, and 0 refers to non-obvious correlations.

r= Z(xt,o - Eo)(yt,n - ;n)
VG = %P T = 72

where x is the volume of topic, y is related travel ridership, o is topic,
t is the time point, » is the travel mode; x,, is the topic ¢ volume at
time ¢, y,, is the travel ridership at time ¢ for travel mode n; X, is the
average volume of topic o and Y, is the average ridership volumes for
travel mode n; r is the correlation coefficient.

The correlation results indicate three main groups: strongly posi-
tively correlated topics, strongly negatively correlated topics, and non-
correlated topics. Although correlation does not equal causation, we
cannot assert that strongly correlated topics determine travel choices. It
still reflects the intense psychological motivations and public concerns
associated with actual travel behaviour. Additionally, we examine at-
titudes towards key topics to identify strongly correlated topics with
negative sentiment, highlighting certain aspects in urgent need of
improvement.

(%)

4. Case study: Description

The case study aims to investigate the psychological impact and
determinants in travel decisions among various travel modes in New
York City from 2019 to 2022, spanning the COVID-19 period. As the
main mobility options in New York City, these four travel modes
experienced notable behaviour shifts during the pandemic. We first
represent their travel pattern and trip purpose changes comparing
before, within and after the pandemic. Then, we analyse travel-related
attitudes and opinions to acquire public concerns from social media
data. Analysing the relationship between psychological variables with
related travel behaviour, we demonstrate key motivations and travel
dissonance identification with explanation from user psychological per-
spective. The outcomes provide insights on priority neighbourhoods
and periods that require targeted attentions and policy interventions.
However, due to the lack of private vehicles data, we only collect and
analysis psychological variables of private vehicles.

4.1. Data collection

Transportation-related Twitter data Travel-related social media data
has been collected via Twitter (subsequently ‘X’) developer API from
2019 to 2022, which covers ‘pre-COVID-19’, ‘the outbreak of COVID-
19, and ‘post-COVID-19’ periods. To acquire specific mode-relevant
‘tweets’, we use keywords to filter the tweets by four categories: cy-
cling, public transit (subway), ride services (taxi and ride-hailing), and
private vehicles within the geo-boundaries of New York City. Notably,
‘cycling’ uses ‘bike’, ‘cycling’ and ‘bicycle’ search query terms; ‘ride
services’ use ‘taxi’, ‘cab’, ‘Uber’ and ‘Lyft’ search query terms; ‘subway’
uses ‘subway’ and ‘metro’ search queries terms; ‘private vehicles’ uses
‘car’, ‘driving’, ‘drive’ and ‘private vehicles’ search query terms (sum-
marized in Table 1). Given that travel-related tweets contain a certain
amount of professional accounts (e.g., @NYCT Subway, @CitiBikeNYC)
that primarily post operational updates or traffic information (e.g., car
incidents, subway delays), these posts cannot be used to infer user
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psychological perceptions. Therefore, we separate the raw tweets into
user tweets and agency tweets.

To reflect data transparency, we analyse the collected data char-
acteristics, including geographic, temporal, and social features. Fig. 2
presents the geographic distribution and temporal scope of the sam-
ple data across the five boroughs of NYC with four different travel
modes. Overall, the subway-related samples account for 34.2% of the
total data, cycling-related samples account for 8.2%, ride services-
related samples account for 12.4%, and the rest are the private vehicle-
related samples. Subway-related samples are concentrated in Manhat-
tan along transit-service areas with intensity decreases since 2020.
Cycling-related samples also presents infrastructure-centred distribu-
tion in Manhattan and Brooklyn, with a noticeable increasing after
2020. Ride services and private vehicles related samples are relatively
spatially sparse with high-demand areas in outer boroughs such as
Queens and Brooklyn, reflecting the more reliance on cars in these
areas.

Mobility data. We collect travel mobility data from NYC open data
portals from 2019 to 2022 to represent dynamic travel behaviour
among different travel modes. In particular, subway data is provided by
NYC MTA data portal (MTA) which contains daily entrances and exits;
Cycling data, available from Citi-bike official website (Citi-bike) that
includes daily shared-cycling ridership with origins and destinations;
Ride services data, accessible from Yellow taxi data portal (TLC) and
For-Hire vehicle data portal (FHV), contains daily ride service ridership
with origins and destinations. Due to the absence of a private vehicle
dataset in New York City, we do not analyse its travel pattern, but still
explore its related psychological variables using social media data.

4.2. Travel behaviour representation

We describe the dynamic temporal-spatial travel behaviour by ag-
gregating daily ridership and calculating change ratios for subway,
cycling, and ride services from January 2019 to December 2022. We
aim to gain deeper insight into the potential relationships among differ-
ent travel modes by comparing similarities and differences in ridership
trends. Using geospatial origin and destination data, we analyse the OD
patterns of cycling and ride services to understand variations in travel
route preferences and trip purposes. By measuring annual OD similarity
within Neighbourhood Tabulation Areas (NTAs), we demonstrate the
evolution of high-frequency travel patterns and compare them with
subway ridership to infer shifts in trip purposes.

4.3. Sentiment analysis and travel dissonance

To acquire dynamic travel-related attitudes towards different travel
modes, we implement sentiment analysis based on prepossessed user
tweets from January 2019 to December 2022. Aggregating on a daily
basis, we analyse the dynamic trend of travel-related sentiment score
between —1 to 1, the social engagement (tweet volumes), and re-
lated ridership to present potential relations, thereby identifying the
psychological impact on travel decisions.

Meanwhile, since travel decisions are not always consistent with
psychological indicators, we integrate sentiment analysis with travel
behaviour representation to identify travel dissonance by computing
the standardized differential between attitude and actual travel be-
haviour. Temporally, we use the moving average to plot the most
disparities in time series for both short-term (daily) and long-term
(monthly). Spatially, we calculate average ridership volumes on the
neighbourhood level and set the threshold as 0.5 to extract the most
disparate areas, emphasizing the priority areas for policymakers to pay
attention to.
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Table 1
Summary of travel-related tweets collection, in the case study.
Travel modes keywords Raw tweets User tweets Agency tweets
Cycling bike, cycling, bicycle 69,906 35,788 34,106
Subway subway, metro, public transit 160,735 149,096 116,21
Ride services taxi, cab, uber, lyft 60,463 54,031 6428
Private vehicles car, driving, drive, private vehicles 206,798 196,844 9927
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Fig. 2. Social media sample characteristics.

4.4. Key determinants analysis

To understand the underlying motivations behind dynamic travel
behaviour, travel-related attitudes, and travel dissonance, we imple-
ment dynamic topic modelling via BERTopic and LLMs to acquire both
primary topics and their spatial-temporal trends. First, we compute
the overall topics and their frequency keywords from January 2019
to December 2022 to obtain a general view of the psychological re-
flections on the external contextual factors. Dynamic topic modelling
elucidates temporal and spatial trends in key topics, providing valuable
insights for policy-makers, highlighting areas and periods that require
improvement. Furthermore, integrating topic modelling with travel
dissonance implies the specific psychological concerns in precise areas
and periods that enable policy-makers to implement more effective
policies, strategies, and interventions. It also helps policy-makers un-
derstand the important psychological factors in promoting sustainable
transportation.

We then conduct correlation analysis between key topics and cor-
responding travel patterns to identify the key determinants. This ap-
proach enables us to identify which topics are positively or negatively
correlated with actual travel behaviour. We further examine attitude
trends with highly correlated topics to distinguish public satisfaction.

5. Case study: Empirical results

This section demonstrates findings on the use of travel-related psy-
chological variables in interpreting dynamic travel behaviour, high-
lighting public concerns and demands across different travel modes in
the case study. Section 5.1 presents dynamic travel patterns through-
out the pandemic in New York City, emphasizing the necessity of
understanding long-term shifts in mobility behaviour from the user’s
perspective. Section 5.2 illustrates dynamic travel attitudes over the
COVID-19 period and their utilization in travel dissonance identifica-
tion. Section 5.3 reveals spatial-temporal variations of travel-related
focus, demonstrates its use in key travel motivations recognition, travel
behaviour and travel dissonance interpretation. Section 5.4 discusses
and summarizes how these psychological factors interpret dynamic
travel patterns change, impact travel behaviour and highlight urgent
mobility requirements from a user-centred perspective.

5.1. Dynamic travel behaviour
Fig. 3 presents the temporal-spatial travel patterns for cycling,

subway, and ride services (taxi and ride-hailing) from 2019 to 2022
based on NYC mobility open data. The upper figure describes temporal



Y. Xu et al. Travel Behaviour and Society 43 (2026) 101197

a.(l) cycling ridership volume from 2019 to 2022
120000
2 100000
£
5
2
S 80000
2
?
g
€ 60000
2
B
&
40000
20000
a. (2) 01-01 02-01 03-01 04-01 0501 06-01 07-01 08-01 09-01 10-01 1-01 12-01 01-01
: 166 Metro volume from 2019 to 2022
——— 2019
35 oot —— 2020
St — 2021
30 ——— 2022
g2s
2
3
° 20 S Pranud™
3 — L,
=15 . 2 =
R—, S
———— ™
10 ¥
0s
N N B\ N B\ N N B\ N N N W\ N
o @° @° o &° &° a° @° ®° ¥ o ¥ o
a.03) Taxi and ride-hailing volume from 2019 to 2022
10

02
o o o o e & o & RN o o o o
date
b.(1) 2019 cycling 2020 cycling 2021 cycling 2022 cycling
- . - o
wn 7 L e ) L es y - 7 .
- ’ o » om0 » o »
. & SRR AU SN s . I . |
v Yo s a1,
n & L3 [
wl . Vo w  wn| % - w ool 8 W wel ,‘ - -
w8 06 w6 wes * -
o Foe. - A - gt Ut -
P oo =y . oe R
053 a0 wss ~ oo @ a0 wss o as
b.2) 2019 subway & 2020 subway o 2021 subway 2022 subway =
5 1
- w  es w  ew w  am 0y »
s W en i 3 w m w em i 3 .
- . o i L -~ o o PRt e B
T h
. -| L% - - L%
. e e | O®
b.3) 2019 ride service R 2020 ride service - 2021 ride service i 2022 ride service
t " 4/ ~ " fErS N
) - L
- o L ] " N - “ -
I‘ - J
.l se I e

742 761 740 739 -138 77
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Fig. 4. Cycling OD analysis from 2019 to 2022.

patterns for which 2019 is in dark blue, 2020 is in light blue, 2021 is
in pink, and 2022 is in red. Cycling ridership maintains a consistent
seasonal trend over the four years, with peaks during the summer
and gradually declines during the winter. It appears to be relatively
unaffected by the pandemic. Subway and ride services display similar
temporal trends, with higher ridership in 2019, followed by a dramatic
decline in March 2020 due to the pandemic, and began to recover in
2021. Notably, neither subway nor ride services have reverted to pre-
COVID-19 levels, implying that the pandemic may have brought lasting
shifts in transportation behaviour. The lower part of Fig. 3 presents
the spatial travel patterns. Cycling largely depends on the availability
of shared-bike infrastructures, predominantly located in midtown and
downtown Manhattan, with an expansion in 2022 to Brooklyn and
Queens. Subway ridership is broadly distributed but experienced a dra-
matic decrease during the pandemic, with primary recovery observed in
central Manhattan and Queens. Ride service is primarily concentrated
in Manhattan and airport areas. In the post-pandemic period, airport-
related services have shown the most substantial recovery, indicating a
higher public demand for airport transportation.

We further analyse the origin—destination (OD) patterns for cycling
and ride services, as well as their relations with subway ridership from
2019 to 2022. Fig. 4 depicts the cycling OD pairs in blue lines with
varying weights indicating trip frequency, while red circles represent
subway ridership at each station. Nearly 80% cycling trip destinations
in 2019 were within the 500-metre service radius of subway stations
with an average short trip distance of 625 m, implying the dominant
‘last mile’ cycling purpose. During and after the pandemic, leisure-
purpose trips have gradually emerged. More destinations and origins
appeared in ‘High-line Parks’, ‘Central Parks’ and ‘Roosevelt Island’, in-
dicating the cycling motivation change. We also analyse the ride service
OD pattern at Fig. 10 in Appendix, which shows highly airport-relevant
travel behaviour. Even during and after the pandemic, airport-related
trips were prioritized for recovery.

We observed several travel behaviour shifts throughout the pan-
demic: (1) Cycling volume exhibits identical seasonal patterns regard-
less of pandemic impact, but the purpose of trips has gradually shifted
from commuting-related ‘last-mile’ to leisure. (2) Subway ridership
experienced a substantial decline and did not recover pre-COVID level,
indicating a long-term shift away from the use of public transporta-
tion. (3) Ride services consistently prioritized airport-related trips both
before and after the pandemic, indicating the high demand driven
by long-distance and time-sensitive travel purposes. Meanwhile, short-
distance trips within the city centre experienced a relative decline,
while remaining more resilient in areas with limited access to public
transportation infrastructure. Studies state that these long-term shifts

in mobility are influenced by various factors, including remote work,
risk perception, and policy interventions (Jain et al., 2022). It is also
worthwhile to understand the underlying psychological motivations
behind these travel decisions, as they reflect the long-term mobility
demands and inform future policy directions.

5.2. Attitudes analysis and travel dissonance

5.2.1. Travel-related attitudes

Fig. 5(a) describes four travel mode-related attitudes from 2019
to 2022. In general, cycling (green) and subway (blue) present rela-
tively positive attitudes compared to private vehicles (red) and ride
services (orange), with fluctuations over the years. At the beginning
of the COVID-19, subway attitude experienced a significant decline
while ride services attitude encountered an immediate increase. In con-
trast, cycling and private vehicles related attitudes remained relatively
unchanged, indicating that risk perception played a crucial role in
shaping short-term travel preferences. (b), (c) and (d) in Fig. 5 compare
the trend of travel-related attitudes (red), psychological engagement
referring the number of travel-mode related social media volumes
(blue), and related travel ridership (black). It shows that besides the
initial stage of the pandemic, travel-related attitudes do not always
consistently with travel-mode related social media volumes, implying
the actual travel behaviour is driven by complex factors beyond travel
preferences. This discrepancy highlights the importance to investigate
the underlying reasons to better understand public concerns and social
demands. Therefore, we further explore the travel dissonance with
potential causes at the various temporal and spatial levels.

5.2.2. Travel dissonance

Fig. 6 describes temporal and spatial cycling travel dissonance,
highlighting the particular periods and areas that contain obvious
psychological and actual behaviour gaps. The left figure illustrates tem-
poral travel dissonance, characterized by higher ridership with lower
attitudes, present in blue fillings between the normalized sentiment
scores (red line) and the ridership volumes (blue line). The right figure
demonstrates spatial travel dissonance in red areas for the four years
from 2019 to 2022. Most cycling travel dissonance coincides with peak
using periods in summer and is associated with intensive infrastructure
areas in downtown and midtown Manhattan. We also present subway
and ride services travel dissonance in Fig. 12 in Appendix. Next, we
present the underlying causes of these dissonance areas and periods
to support policy-makers for implementing targeted interventions to
enhance traveller satisfaction.
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Fig. 5. (a) Four travel modes related attitudes: (b) Subway user engagement, sentiment compared with ridership; (c) Cycling user engagement, sentiment compared
with ridership; (d) Ride services user engagement, sentiment compared with ridership.

5.3. Interpretable analysis

5.3.1. Travel-related top concerns

Fig. 7 presents the main topics among four travel modes from 2019
to 2022. We summarized the top 15 topics using ‘c-TF-IDF’ represen-
tation and fine-tuned large language model (LLM) representation at
Tables 2 and 3 in Appendix. The result indicates the primary concerns
for cycling concentrate on safety issues (cyclist safety, helmet wearing,
lanes protection, stolen, and police), bike facilities (repair, path, routes
conditions, parking) and cycling purpose (exercises, access to food);
Subway main consideration focus on service problems (delay, platform
conditions, indoor infrastructures and smells), price (fare, metrocard
cost), transfer facilities (bus, shuttle, parking), and risk perception
(police, crime, homeless and mask wearing); Topics related to ride
services predominantly include services (ratings, drivers performance,
communications, radio, smell), price (price comparison, cancellation
fee, charged), ride purpose (airport, food delivery, home, and late-night
rides), and the risk perception on pandemic (mask wearing, Covid-19);
The main concerns regarding private vehicles encompass safety issues
(accident,police), cost (insurance, price, license plates, electric cars,
and rentals), driving experience (speed, navigation, weather conditions,
smoking, noise, and night driving) and infrastructures (parking, road).
Overall, ‘safety’ remains a major concern among the four travel modes
with specific risk perception on the pandemic, particularly for subway
and ride services. Sustainable transport (subway and cycling) users
emphasize the service qualities and infrastructures as these factors
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substantially affect their travel experience. Meanwhile, ‘cost’ is a main
concern for private vehicle and ride services users.

We also present the dynamic trends for these key topics within four
years at Fig. 11 in Appendix. In general, the main topics for cycling
include safety, lane protection, bike repairs, and trip purposes emerge
each summer. For subway, service-related issues were predominant in
2019, but the pandemic shifted user focus to safety and mask-related
concerns. In ride services, customer service and driver performance are
major concerns, with increasing attention to food delivery during and
after the pandemic. For private vehicles, driving experience, safety and
costs remain the primary concerns.

5.3.2. Key motivations

Fig. 8 represents the correlation analysis between subway key topics
with corresponding travel behaviour. The heat map on the left describes
the correlation degree from —1 to 1, where red and blue color indicate
the positive and negative relations with precise values. The strong
positive correlated topics in red are ‘topic 1 poor services, delay’ (0.83),
‘topic 2 subway transfer, bus and shuttle’ (0.75), ‘topic 4 commuters’
(0.83), ‘topic 7 subway fare’ (0.77), ‘topic 8 station, platform condition’
(0.77), ‘topic 9 subway infrastructures, seats, stairs’ (0.80). The strongly
negative correlated topic in blue is ‘topic 6 wear mask, pandemic’
(—0.49). The right figure depicts the dynamic trend of these prominent
topics compared with subway ridership. This visualization demon-
strates positively correlated topics, including subway services, indoor
and platform infrastructures, cost, and subway transfer facilities (red,



Y. Xu et al.

(a

=

n

Standarized Value
g

2019-01 2019-03

219-05

219-07 2019-09 2019-11

Standarized Value

2020-01 2020-05 2020-07 2020-09 2020-11

—— ridership
— sentiment

Standarized Value
°

2021-03 2021-05 202107 2021-09 20211

Standarized Value

2022:01 2022:03

2022:05

2022:07 2022:09 202211

o

N

2023-01

—— ridership
—— sentiment

2020-01

—— ridership
sentiment

2021:01

202201

sentiment

Travel Behaviour and Society 43 (2026) 101197

N Ii&
o a@% )

. W . L2 ”“ £ § “ L,
: 5 4 & %
wr - o a w0 1 v“
S R | P e !
we] & 'E‘ ; }b . we - }'5, .
w05 ~ w0ss ~
2019 behavior-attitude 2020 behavior-attitude
differential differential ‘
030 i y ,
1 B I <3
/< C. des :
» 3 /
} e TN | . & ;‘ LD N
—rms 3 2 x ¥ L By
- Tl R @ ’
oo QS."‘ 2 el 3] .,
b - - -~
w035 ”~ wss ~

74,05 -74.00-73.95-73.90 -73.85 ~713.8073.15 -73.70

2022 behavior-attitude
differential

~74.05 74,00 ~73.95 -13.90 -73.85 73,80 ~73.75-73.70

2021 behavior-attitude
differential

Fig. 6. Cycling attitude behaviour gaps.

pink, orange, purple), consistently associated with subway ridership
(black). In contrast, risk perception (blue) during the pandemic, is
negatively associated with subway usage.

Although we cannot definitively assert that these strongly corre-
lated topics fully determine individual travel decisions, they do reflect
key public concerns and urgent social needs. The sentiment analysis
presented in the bottom right describes user attitude towards these
correlated topics, highlighting some consistent positive correlated top-
ics with relatively negative attitudes. It indicates the main concerns
behind subway travel dissonance including ‘topic 1 poor services, delay’
in red and ‘topic 7 fares, cost’ in yellow that require the attention of
policy-makers.

The ride services and cycling correlation results are shown in Figs.
13 and 14 in Appendix. For ride services, the positively correlated
topics are ‘topic 1 driver performance’ (0.70), ‘topic 2 ratings, customer
services (0.67), ‘topic 3 communication’ (0.73), ‘topic 7 airport services’
(0.67), ‘topic 8 radio’ (0.69), ‘topic 9 Uber pool’ (0.65), ‘topic 10 cancel,
charged’ (0.65), ‘topic 15 cost, price’ (0.65); The slightly negative topics
are ‘topic 5 communication’ (—0.14) and ‘topic 12 mask, pandemic’
(—0.29). The sentiment analysis indicates that driver communications
(pink), airport services (purple), and trip charges (orange) are con-
sistently with negative attitude. For cycling, there is no significant
correlation between cycling ridership and main topics over the four
years, but there is a significant difference before and after the pan-
demic. The relatively consistently positive correlated topics before the
pandemic were ‘topic 1 cyclist safety’, ‘topic 3 lane protection’, and
‘topic 5 route condition’. After the pandemic, ‘topic 2 bike repair’, ‘topic
8 exercise’, and ‘topic 11 bike shop, purchase’ started to show stronger
positive correlations with actual cycling behaviour. This trend supports
the observed shift in cycling travel behaviour from a ’last-mile’ purpose
to a focus on individual leisure activities. The sentiment analysis of
these key topics highlights that cyclist safety and lane protection are
consistent concerns with negative attitudes that require attention from
policymakers.
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5.3.3. Interpretation on travel dissonance

Fig. 9 illustrates the implementation of dynamic topic modelling in
subway travel dissonance interpretation from the psychological per-
spective at the neighbourhood level. Within the four years, the key
concerns in the central areas of Manhattan related to services such as
delays, lateness, and crowd issues. In the dissonant neighbourhoods
of Queens and Brooklyn, the primary concern is related to price and
cost. While in the Bronx, there are more concerns related to mask-
wearing and shuttle transfer, especially after the pandemic in 2021
and 2022, indicating the remaining anxiety of COVID-19 and the
demand for subway transfer facilities improvement. We also show
cycling and ride services results in Fig. 15 in Appendix. For cycling
dissonance areas, cyclist safety and route protection are the consistent
concerns. While for ride services, there are more concerns related to
drivers, cancellation, price, smell, and weather in airport areas; Drivers’
performance-related compliance in the central Manhattan area. During
and after the pandemic, food delivery and cost-related discussion have
gradually emerged.

5.4. Summary on results

To get a deeper understanding of the underlying reasons behind
the results, we summarize the role of psychological variables in travel
behaviour explanation, travel dissonance identification and social de-
mands recognition as follows:

* Cycling trip purpose from commuting to leisure: The topic mod-
elling result indicates a continuous increase related to topics on
‘exercise’, ‘park’ since the pandemic, suggesting an increased use
of cycling for exercise purposes compared to the pre-pandemic
period. The correlation results also demonstrated a stronger as-
sociation between cycling ridership and the topic ‘exercise’ after
the pandemic. Simultaneously, ‘bike’ topics in subway-related
discussions have decreased since the pandemic began, suggesting
a gradually weakened connection between subway use and bike
sharing. These findings indicate with the rise of remote work
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Fig. 7. Topic modelling for the four travel modes.

and health awareness, cycling emerged as a safe and flexible
leisure activity. Supported by the improved bike infrastructure
and culture shift to outdoor activities, this behaviour has evolved
into a long-term mobility adoption.

Subway noticeably decreasing since pandemic and not recov-
ered to the pre-COVID period till now: At the beginning of
the pandemic, the sudden decrease in public transport use was
mainly driven by lockdown policies and safety concerns. Topic
modelling results reveal topics including ‘mask’, ‘cleaning’, and
‘Covid’ emerged in the same periods as the sentiment towards the
subway decreased markedly. Evidence suggests a lasting shift in
public transport habits as safety concerns on ‘mask’, ‘homeless’,
‘crime’, and ‘policy’ persist in the post-pandemic period.
Airport-relevant trips consistently dominate ride service usage
both before and after the pandemic: Due to the time sensitivity
for airport-related trips, concerns about delay on the subway
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system likely contribute to the preference for ride service. Mean-
while, the emerging COVID-related concerns in public transport
further reinforce users’ prioritization of ride services for these
long-distance trips.

Travel dissonance interpretability: The integration of travel-
related behaviour and attitude highlights the significant dis-
crepancy in both spatial and temporal levels. Topic modelling
results further point out public concerns in the most discrepancy
areas that people reluctant to use, yet feel compelled to do so
due to necessity. Particularly, safety concerns (lane protection,
parking security, stolen) and route complaints mainly account
for cycling dissonance areas; poor services (delay, crowd) and
cost-related problems are the primary factors for subway dis-
satisfaction; driver performance and cost-related concerns are
dominant for ride services dissonance. These various domain
reasons for travel dissonance highlight the urgent improvement
directions and areas.
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Correlation heatmap of subway ridership and key topics .
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6. Policy recommendation

To validate the effectiveness of the proposed framework and ex-
amine the representativeness of our findings from social media sam-
ples, we compare the outcomes with the New York City Department
of Transportation’s Citywide Mobility Survey and the existing stud-
ies with transport policy proposals that rely on more comprehensive
representative samples, such as survey data. Several findings indeed
provide quantitative evidences from the user perspective that consis-
tent with these policies, indicating the applicability to support future
transportation interventions. Despite the alignment with overall pol-
icy suggestions from our psychological results, the travel dissonance
interpretation points out more targeted suggestions for policy-makers
in precise neighbourhoods.

For cycling, multiple studies recommend enhancing bike infrastruc-
tures and adding digital support tools in response to the rapid growth of
cycling ridership in New York City since the pandemic. These interven-
tions include separating bike lanes from roads, expanding bike routes
and providing real-time apps for weather and air quality to improve
safety and user satisfaction (Mollers et al., 2022; Gong et al., 2024).
Meanwhile, from the New York City Department of Transportation’s
Citywide Mobility Survey (New York City Department of Transporta-
tion, 2022), most riders aim at exercise or recreation (76%), while
only a minority cycling for commuting to work or school (16%) after
the COVID period. The main concerns about cycling concentrated on
safety (42%), trip facility (17%) and insufficient bike storage (22%).
These survey results are highly related with our findings from social
media data. Our results also highlight that the safety concerns, includ-
ing cyclist protection, lane safety, and parking security are the key
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priorities for cycling users. Additionally, some studies recommend bike
infrastructures expansion in leisure areas rather than near subway sta-
tions, reflecting a post-pandemic trip purpose shift on leisure-oriented
travel (Xin et al., 2022). Our results also demonstrate a strong correla-
tion between cycling behaviour with psychological motivations related
to ‘exercise’ and ‘parks and trails’ after the pandemic, indicating similar
recommendations for policy-makers to enhance leisure-oriented trips
and infrastructures.

Subway service improvements, including schedule optimization and
real-time notification are the priorities from existing recommenda-
tions (Caspari et al., 2021; Wei et al., 2022). Our analysis also shows
that service-related concerns have remained prevalent both before and
after the pandemic, particularly from the complaints about delays,
cancellations, and crowdedness. Our findings additionally indicate that
poor service is one of the major complains in the high-travel dissonance
neighbourhoods, implying many users reluctantly rely on public trans-
port but with poor and discomfort travel experiences. It underscores
the need for subway system improvement to enhance user satisfaction
and travel experience. Safety is another key determinant for subway
passengers, including crime and pandemic-related risk perceptions.
According to the NYC DOT Citywide Mobility Survey (New York City
Department of Transportation, 2022), 21% participants feel unsafe on
public transit, which 20% related to COVID concerns that affect their
use on public transit. Multiple studies advocate safety interventions
by promoting mask-wearing, ensuring adequate social distancing, and
enhancing security measures to mitigate public risk concerns, thus
encouraging subway re-utilization after the pandemic (Olfindo, 2021).
In addition to identifying ‘mask’, ‘Covid’ related risk concerns, our
analysis highlights ‘homeless’ and ‘police’ as the significant negatively
correlated factors with subway usage since the pandemic, indicat-
ing the need for targeted interventions to reduce passenger anxiety.
Furthermore, existing research emphasizes the interconnectivity be-
tween the subway and other transport modes (e.g., buses, ride-hailing,
shared-bikes, and private vehicles), suggesting improvements on trans-
fer facilities such as shared-bike infrastructures, bus stations, or parking
lots near subway stations to enhance subway usage efficiency (Ashraf
et al.,, 2021; Wang and Noland, 2021). Similarly, our findings reveal
key topics related to ‘bus’, ‘bike’, ‘parking’, and ‘Uber’, underscoring
that multi-modal transport connectivity is a key factor for subway
usage. Notably, in high travel-dissonance neighbourhoods in the Bronx,
frequent discussions on ‘shuttle bus’ and ‘transfer’ imply these areas
as priorities for establishing resilient public transportation transfer
systems and facilities.

Multiple studies suggest improvements on airport-related ride ser-
vices, considering the high demand and supply shortage. Recommen-
dations include enhancing airport transport accessibility, incentivizing
drivers to pick up, and improving passenger satisfaction through im-
plementations such as providing frequent-airport server punch cards
for taxi drivers, adding a time-specific ride-sharing program, and op-
timizing airport traffic flow management (Yazici et al., 2016; Zhai
et al., 2019; Wang et al., 2024). Our case study points out that ‘access’,
‘waiting’, and ‘drivers’ are the main concerns for airport-related ride
services, which aligns with the existing recommendations, suggesting
that promoting ride-sharing and expanding public transport options
(e.g., efficient subway systems) can help mitigate the demand short-
ages. Both existing studies (Zhai et al., 2019) and our case study
point out the high frequency of inefficiency short-distance ride trips
in high travel-dissonance areas (particularly central Manhattan and
north Brooklyn). We also identify ‘cost’ as the primary concern in
these neighbourhoods, implying the unwillingness for the high-cost
ride services. Correspondingly, inadequate public transport infrastruc-
tures (Jin et al., 2019) have been stated as the major reason, which
highlights the need to provide public transport facilities such as shared-
bike stations, subway facilities to alleviate customers’ discomfort due to
economic problems. Time-sensitive topics (‘time’, ‘morning’, ‘late’) and
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cost-related topics are the major concerns in central Manhattan, im-
plying that users opt for ride services to avoid delays and cancellation
issues compared to the subway system, particularly in the peak hours,
even suffering higher expenses. This underscores the need to improve
public reliability and on-time performance.

Moreover, the NYC DOT Citywide Mobility Survey (New York City
Department of Transportation, 2022) points out the main reasons for
using private vehicles are convenience(40%), feeling unsafe on public
transit (21%), and COVID-era safety concerns (20%), which indicates
the long-lasting psychological impact on travel mode choices because of
the pandemic. In addition, it states the key concerns of private vehicle
users are the cost, parking facilities, and safety. These survey results are
closely relevant to our topic modelling findings based on social media
data, for which ‘accident’, ‘price’, and ‘parking’ are similarly the key
topics from private vehicle-related posts. Both the mobility survey and
our findings suggest the need of parking facility improvement and price
reduction for private vehicles.

7. Conclusion and discussion

This article proposes an evidence-based policy recommendation
framework from a user-centred perspective to support inclusive in-
terventions according to public concerns and demands. Integrating
social media data with NLP methods, this article demonstrates the abil-
ity of psychological variables to identify dynamic motivations, social
demands, and travel dissonance with underlying reasons to enhance
evidence-based transportation policy-making. The case study imple-
ments our proposed framework in New York City across the pandemic
period. Outcomes illustrate the spatial-temporal variations in attitudes
and concerns and provide thorough explanation for long-term travel
pattern changing and trip purpose shifting among subway, cycling,
and ride services. The integration analysis highlights key motivations
that largely impact travel choices, while travel dissonance analysis
points out emerging social demands and complaints. We summarize the
novelty of this study as follows:

+ Social media data with NLP methods provide an efficient and
low-cost approach to acquire dynamic travel-related psycholog-
ical variables, including user attitudes, concerns, and opinions.
The sentiment analysis and topic modelling results present dy-
namic travel-related attitudes, public focus and concerns across
multiple spatial and temporal levels. Compared to survey data,
social media data enable nearly real-time public psychological
trends tracking that provides valuable evidence from the user
perspective to enhance transport policy-making. During special
periods such as the pandemic, staying attuned to public sentiment
and concerns is important as amplified public feelings largely im-
pact travel behaviour. Meanwhile, integration with travel pattern
data, these dynamic psychological variables enable travel disso-
nance identification, social demands recognition and behaviour
shifting interpretation.

Psychological variables provide valuable interpretation for dy-
namic travel behaviour including travel choices and trip pur-
poses shift. Both the correlation analysis and comparison with
other travel modes associated concerns help to identify key mo-
tivations for certain travel choices. In the case study, cycling trip
purpose shifting from ‘last-mile’ to leisure since the pandemic is
support by the gradually increased public discussion on ‘exercise’,
‘parks’ from cycling topics and the consistent risk perception from
subway topics; The continuous public risk concern on ‘mask’ and
‘safety’ elaborate the remain lower usage of subway even after
pandemic. The top concerns on the poor subway services, includ-
ing delays, not only impact public sentiment on subway usage but
also influence people’s choice of ride service for airport-related
trips.
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+ Public main focus and travel dissonance highlight social needs
and concerns regardless whether they impact the actual travel
behaviour, therefore implying target improvement aspects for
policy-makers. The topic modelling results present the overall
primary focus, while the main concerns in travel dissonance
areas indicate the aspects and areas requiring intervention to
enhance user travel experience and satisfaction. In the NYC case,
poor services, safety issues, and metro costs are the main focus
for the subway system; driver performance and high price have
been mostly discussed for ride services; cyclist safety and route
infrastructures attracted more attention for cycling. The travel
dissonance results demonstrate actual travel choices with dissat-
isfaction and underscore the improvement aspects: for cycling,
lane protection complaints occurred most in midtown Manhattan;
For subway, delay and crowd have been the urgent problems in
midtown area, while price and transport transfer received more
complaints in Brooklyn and Queens neighbourhoods. For ride ser-
vices, high prices and cancellations have been the main problems
in airport areas, while customers expressed dissatisfaction with
driver performance in other locations.

Even though this study aims to demonstrate the efficiency of social
media data in representing timely user travel-related attitudes and
concerns, it still contains data limitations. First, social media data
cannot represent the entire population since only partial users express
their opinions or emotions on these platforms. Although certain plat-
forms include limited user profiles, their privacy policies and ethical
restrictions limit the tracking of reliable demographic information at
the user level, such as age or level of education (Hanlon and Jones,
2023; Boyiik, 2024). Second, social media data contains spatial bias in
larger cities such as New York City that have more users compared to
smaller cities and rural areas. Incorporating other data resources, such
as census demographic data and mobility survey data, will provide an
enhanced approach for further work in these areas. Although partially
validating the feasibility of our findings with mobility survey data and
existing mobility studies that rely on more comprehensive representa-
tive samples, we state that social media data is not a replacement for
other complete representative data resources, but as a complementary
and real-time data source to provide timely insights and reactions to
emerging events or policies.

Moreover, negative opinion expression is another bias as people
are more likely to sharing complains and express risk perceptions. In
this study, we take advantage of these negative psychological variables
to reveal social concerns for policy-makers but might still neglect
some key determinants. Finally, we cannot assert that highly corre-
lated topics are critical determinations but point out the urgent social
concerns. Future studies, such as causation analysis, will confirm the
key determinants for each travel mode. Meanwhile, in this study, we
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discuss the psychological key motivations and concerns behind shared
bikes, subways, and ride-sharing, future studies could apply similar
methods to understand the psychological impact of other transport op-
tions such as electric vehicles and e-scooters, providing comprehensive
suggestions for related policies and interventions.
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Appendix

A.1. Additional figures and tables

See Figs. 10-15 and Tables 2 and 3.

Table 2

Summary of overall topic for cycling and subway.
Topics Cycling Subway

Representation chatGPT-40 Representation chatGPT-40

Topic 1 cyclist, people cyclist safety and protection minutes, service, delay delay, late service issues
Topic 2 bike, tire bike components and repair bus, transfer change bus and shuttle
Topic 3 lanes, parking lane usage and parking issues transit, parking mass transit, parking issues
Topic 4 helmet, wear helmet usage with cycling safety commuter, people commuters in subway
Topic 5 bridge, path routes via bridges, pathways nypd, police, crime subway crimes
Topic 6 morning, time different time to cycling masks, wear wearing masks in pandemic
Topic 7 tour, food cycling to access food fare, metrocard metrocard fare and evasion
Topic 8 exercise, training cycling for exercise, fitness train, station daily commuting
Topic 9 NYPD, police NYPD parking enforcement, safety stairs, seats subway infrastructures
Topic 10 rack, dock rack systems, sharing issues weather, cold weather conditions
Topic 11 shop, purchase shops to purchases bikes smells, smoking odors issues, strong smells
Topic 12 parking parking secure homeless homelessness and safety issues
Topic 13 weather, summer seasonal weather conditions sleep, tired falling asleep, missing stops
Topic 14 pandemic, covid protests during pandemic ferry, airport other transportation services
Topic 15 stolen lock theft and stolen items bridge tunnel, suicide infrastructure, safety measures
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Fig. 11. Dynamic topic modelling for the four travel modes: a. cycling, b. metro, c. ride services, d. private vehicles.

Table 3

Summary of overall topic for ride services and private vehicles.

Topics Ride-hailing Private vehicles

Representation chatGPT-40 Representation chatGPT-40
Topic 1 drivers, taxi, cab cab driver’s performance car, speed cars and driving experiences
Topic 2 rating, customer service ratings, customer feedback accident, drunk accidents and drunk driving
Topic 3 drivers, stars, talking driver communication, languages price, insurance insurance costs and payments
Topic 4 price, cash pricing and charges police, NYPD police deal incident
Topic 5 eats, delivery Uber Eats food delivery orders drive, maps navigation by google maps
Topic 6 morning, late morning commuting song, radio listening to songs while driving
Topic 7 airport, flight services at airports parking, parked street parking issues
Topic 8 radio, listening drivers playing radio music snow, rain driving in weather conditions
Topic 9 pools, uber challenges of using Uber Pool alarm, honk noise, disturbance from honk
Topic 10 cancel, charged racing at various times hours, night night driving, commute home
Topic 11 rain, slow rides delayed in weather plates, licence car licence plates
Topic 12 mask, wearing mask-wearing due to concerns rental, lease rental, leasing options
Topic 13 door, parking problems with Uber access covid, masks mask-wearing driving
Topic 14 smell, smoke car odors bikes, cyclists bikes and cars comparison
Topic 15 costs, cheaper Uber, Lyft pricing comparisons tesla, electric electric cars
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