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Abstract

Social media platforms, online reviews, app store feedback, and complaint records are
important sources of user-generated textual data for understanding passenger experience
in public transport and related mobility contexts. This paper reviews how social media
data mining and natural language processing have been used to transform such data
into evidence on service quality and satisfaction. The review focuses on public transport
while selectively drawing on adjacent mobility domains, including aviation, ride-hailing,
micromobility, and app-based mobility, which offer transferable methodological insights.
Public transport studies are treated as the core empirical evidence base, whereas adjacent
mobility- and methods-oriented studies support conceptual and methodological inter-
pretation rather than direct claims about public transport. The review examines how
textual sources are converted into analytical outputs, including sentiment, topics, aspects,
emotions, and composite indicators. It shows that sentiment should not be treated as
a direct measure of satisfaction but as an intermediate signal of passengers’ expressed
perceptions. Key risks include sampling bias, negativity bias, linguistic ambiguity, class
imbalance, weak spatial and temporal attribution, platform effects, and limited validation.
The paper proposes a validation-oriented framework that maps text-derived signals to
service aspects, anchors them in spatial–temporal context, triangulates them with survey,
complaint, and operational evidence, and translates them into service-quality-relevant
decision-support outputs.

Keywords: social media data mining; sentiment analysis; natural language processing;
user-generated content; public transport; service quality; customer satisfaction; text mining

1. Introduction
Customer satisfaction and perceived service quality have become central concerns

in public transport planning, reflecting a broader shift from supply-oriented performance
assessment towards a demand-oriented understanding of the passenger experience [1,2].
Reliance solely on objective indicators, such as travel time, frequency, reliability, capacity,
or cost, is insufficient, as such indicators often fail to capture passengers’ subjective percep-
tions of service performance [2,3]. The so-called “quality paradox” suggests that service
improvements may go unnoticed when they do not align with passengers’ expectations or
lived experiences [1,3].

Traditional assessment of perceived service quality and customer satisfaction in pub-
lic transport has relied mainly on structured passenger surveys and stated-preference
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questionnaires, often analyzed using index-based or multi-criteria models such as the Ser-
vice Quality (SERVQUAL) model, structural equation modeling, and factor analysis [2,4,5].
These methods remain important because they provide a structured, theoretically grounded,
and comparable basis for measuring perceived quality and supporting formal quality man-
agement frameworks [1]. However, cross-sectional surveys are typically costly, infrequent,
and limited in their ability to capture rapid changes in passenger perceptions during service
disruptions [6,7]. Structured questionnaires may also be affected by response biases, in-
cluding social desirability bias [4,8–10], respondent fatigue, and low response rates [11,12].
In addition, retrospective questions may introduce recall bias and fail to capture immediate
emotional reactions to service experiences [13,14]. These limitations have increased interest
in using digital tools for continuous monitoring of passenger perceptions [15,16].

Social media platforms, online review sites, mobile application stores, and other digital
feedback channels provide a complementary source of passenger-generated information.
Unlike traditional surveys, user-generated content provides real-time, unsolicited feedback
on passenger experiences [17–21]. Passengers frequently report delays, overcrowding,
cancellations, safety concerns, accessibility issues, ticketing problems, staff interactions,
and emotional responses through platforms such as Twitter/X, Sina Weibo, TripAdvisor,
Skytrax, and app stores [18,22–24]. Since these data are often time-stamped and, in some
cases, linked to routes, stations, locations, or service events, they can support near-real-time
monitoring of passenger perceptions and emerging service problems [19]. In this respect,
social media and related forms of user-generated content may serve as “human sensors”
for analyzing passenger experience and monitoring service quality [20,25].

Recent advances in data mining, natural language processing (NLP), and machine
learning have enabled the transformation of large volumes of unstructured passenger text
into usable evidence for transport analysis. Early studies relied primarily on keyword
matching and basic sentiment analysis [21]. More recent research has employed deep learn-
ing methods, transformer-based models such as Bidirectional Encoder Representations
from Transformers (BERT) [26], advanced topic modeling techniques [27], Aspect-Based
Sentiment Analysis (ABSA) [28], and generative Large Language Models (LLMs) [29,30].
These outputs are increasingly combined with statistical, spatial, and decision-making
methods to develop indicators and monitoring tools [31,32]. This multidisciplinary ap-
proach produces sentiment scores, topic clusters, aspect-level insights, and temporal and
spatial patterns that can help identify service problems, disruption effects, and recurring
passenger concerns [33–35].

However, computational outputs do not necessarily constitute accurate measures
of service quality or satisfaction. This issue is particularly evident in sentiment analysis,
which is often used as a proxy for user opinions. Customer satisfaction depends on expec-
tations, perceived performance, and the extent to which expectations are fulfilled [36–38].
Sentiment analysis, by contrast, primarily identifies the emotional tone of a message. For
example, a negative post may reflect temporary frustration or stress caused by a specific
disruption rather than an overall assessment of the transport system [14,39]. Automated
sentiment analysis may also fail to capture sarcasm, irony, implicit meanings, and contextual
nuance [40,41].

This distinction is important because many studies treat social media sentiment as
an indicator of satisfaction without fully addressing the assumptions involved. Sentiment
scores are often combined with topic modeling, geographic analysis, and decision-making
tools to assess transit performance and passenger complaints [42,43]. However, a simple
positive or negative polarity score does not necessarily reveal which service dimension
is affected, what caused the response, how severe the issue is, or how it relates to overall
satisfaction [44]. Social media data also contains inherent biases. Passengers affected by
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disruptions may be more likely to share their experiences, while online content is often
produced disproportionately by younger and more digitally engaged users. As a result,
such data cannot be assumed to represent the entire passenger population [45,46].

The literature, therefore, faces two linked challenges. Technically, social media texts
are often noisy, short, multilingual, context-dependent, and difficult to process due to issues
such as spam, sarcasm, class imbalance, and weak geospatial attribution. Interpretively,
computational outputs must be carefully translated into meaningful evidence of service
quality, dissatisfaction, satisfaction, or broader passenger experience, since expressed
sentiment in public transport depends strongly on mode, journey purpose, disruption
context, user group, expectations, location, and time period.

Recent reviews have synthesized research on sentiment analysis, topic modeling,
and social media analytics in transport, with emphasis on data sources, platforms, model
performance, applications, and methodological challenges [47–49]. More recent transport
studies have further extended this literature by applying social media mining and online
review analytics to public transport service quality, rail-system service evaluation, transit
service changes, passenger-perception dynamics, and emerging LLM-based interpretation
of transit service-quality perceptions [15,22,25,29,50,51]. In parallel, earlier and recent
studies have proposed methods for extracting public opinion, service quality perceptions,
and satisfaction-related signals from transport-related social media and user-generated
textual data [50,52–54]. However, comparatively little attention has been given to the
interpretive pathway by which computational outputs are transformed into service-quality-
relevant evidence.

Against this background, this paper reviews the use of social media data mining
for measuring public transport service quality and satisfaction. It examines how existing
studies translate user-generated text into service quality indicators, how computational
outputs are interpreted, and how these indicators are validated for reliability and policy
relevance. Five research questions guide the review:

1. How have social media and user-generated textual data been used to assess service
quality and satisfaction-related evidence in public transport and related passenger
mobility contexts?

2. Which data mining and natural language processing methods are commonly applied
to extract meaning from transport-related user-generated text?

3. How are sentiment, topics, emotions, and aspects interpreted as service quality or
satisfaction-related indicators?

4. What methodological assumptions and limitations affect the reliability of social media-
based service quality measurement?

5. What validation approaches are needed to support the use of social media-derived
indicators in transport service quality assessment?

This paper makes four main contributions. First, it reframes social media sentiment as
an intermediate perception signal rather than as a direct measure of customer satisfaction.
Second, it synthesizes the full methodological and interpretive pathway through which user-
generated textual data are transformed into evidence of service quality, from data source
selection and preprocessing to aspect mapping, indicator construction, and validation.
Third, it identifies the key risks that affect the reliability of this transformation, including
sampling bias, negativity bias, linguistic ambiguity, class imbalance, weak spatial and
temporal attribution, platform effects, and limited construct validation. Fourth, it proposes
a validation-oriented framework that clarifies how social media-derived indicators can
be interpreted alongside survey-based and operational evidence to support more robust
service quality assessment in public transport.
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The remainder of the paper is organized as follows. Section 2 presents the scope of
the review and the analytical approach. Section 3 examines data sources and text-mining
methods. Section 4 discusses the interpretation of sentiment and other computational
outputs; Section 5 addresses reliability and validation. Section 6 presents a conceptual
framework and future research directions. Section 7 concludes the paper.

2. Review Scope and Analytical Approach
2.1. Review Design and Corpus Rationale

This paper employs a structured conceptual and methodological review to synthesize
the ways in which social media data mining and natural language processing convert
user-generated textual data into evidence of service quality and customer satisfaction in
transport research. The review is centered on core concepts, analyzing studies based on
their function within the analytical process from textual data to computational results,
interpretation, and validation.

This approach is appropriate because the relevant literature spans transport research,
social media analytics, natural language processing, machine learning, service quality
theory, and customer satisfaction measurement, and remains fragmented across disciplinary
boundaries. The review includes journal articles and peer-reviewed conference papers in
transport, computer science, information systems, and data mining, provided they meet
the eligibility criteria and make a relevant conceptual or methodological contribution.

Although the review primarily concerns public transport service quality, the corpus
also includes studies from adjacent passenger mobility domains, particularly aviation,
airports, ride-hailing, micromobility, and app-based mobility. These studies were retained
because they provide transferable methodological insights on online reviews, sentiment
interpretation, service quality mapping, app feedback, complaint analysis, and validation.
They were not treated as direct empirical evidence on public transport service quality
unless the transport context explicitly concerned public transport systems.

The final analytical corpus comprised 260 peer-reviewed records. Table 1 summarizes
the composition of the corpus by publication type. For reporting purposes, proceed-
ings/series articles and indexed peer-reviewed conference papers are grouped under
indexed conference/proceedings records.

Table 1. Composition of the analytical corpus by publication type.

Publication Type Number of Records Share of Corpus (%) Role in the Review

Journal articles 182 70.0

Primary empirical, conceptual and
methodological evidence across

transport, service quality and
computational text analytics

Indexed
conference/proceedings

records
78 30.0

Retained where peer-reviewed and
methodologically relevant,

especially for data mining, NLP,
machine learning, sentiment

analysis and social media analytics

Total 260 100.0 Full analytical corpus retained after
eligibility screening

2.2. Literature Identification, Screening, and Eligibility

A structured literature search was conducted across four primary bibliographic
databases: Scopus, Web of Science, Institute of Electrical and Electronics Engineers (IEEE)
Xplore, and Transport Research International Documentation (TRID). ScienceDirect was
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used as a supplementary publisher-platform search source due to its overlap with Scopus-
indexed records and its differences in search and export functionality. Google Scholar
was also used as a supplementary source to cross-check influential records and support
backward and forward citation searches. Still, it was not treated as a separately counted
primary database due to limitations in export reproducibility and result stability. The search
covered publications from 2012 to 2026 and was last updated in June 2026.

The search strategy combined four groups of terms related to: (i) user-generated
textual sources, including social media, Twitter/X, online reviews, app reviews, com-
plaints, and open-ended comments; (ii) transport and mobility contexts, including public
transport, transit, rail, bus, metro, passenger transport, mobility services, aviation, air-
ports, ride-hailing, and micromobility; (iii) computational text-analytics methods, including
text mining, sentiment analysis, topic modeling, natural language processing, aspect ex-
traction, machine learning, deep learning, transformer-based models, and LLMs; and
(iv) service-quality and satisfaction constructs, including service quality, customer satisfac-
tion, passenger satisfaction, passenger experience, perception, complaints, dissatisfaction,
and service evaluation. Indicative search combinations included “social media” AND
“public transport” AND “sentiment analysis”; “Twitter” OR “X” AND “transport” AND
“service quality”; “user-generated content” AND “passenger satisfaction”; “online reviews”
AND “transport” AND “customer satisfaction”; “topic modeling” AND “public transport”;
“NLP” AND “transport service quality”; and “aspect-based sentiment analysis” AND
“mobility”. The syntax was adapted to the search fields, operators, and export functions
supported by each database or platform, and both backward and forward snowballing
were used to identify additional influential and transferable studies.

To improve transparency, Supplementary Table S2 provides a summary of search
documentation covering the primary bibliographic database searches, supplementary
publisher-platform checks, Google Scholar cross-checks, backward and forward citation
searches, platform-specific adaptations, and records carried forward to the master screen-
ing file. It is intended as a search documentation summary rather than a complete repro-
ducible search-history log, because search interfaces and export functions differed across
sources. Because broad and narrow searches within the same database or platform over-
lapped and relevance refinement was applied before consolidation, query-level counts
in Supplementary Table S2 are not additive. After consolidation, 959 records from the
primary bibliographic database searches and 155 additional records from supplementary
checking were carried forward, resulting in 1114 raw imports before deduplication.

Studies were included if they: (1) used user-generated textual data; (2) focused on
transport, mobility, or transport service contexts; (3) applied computational text analytics
methods, such as data mining, NLP, sentiment analysis, topic modeling, aspect extraction,
or machine learning; and (4) linked textual outputs to service quality, satisfaction, passenger
experience, or service evaluation.

Studies were excluded if they were unrelated to transport or service quality, used
social media solely for traffic prediction or behavior analysis, relied solely on structured
surveys without textual data, or were purely technical and lacked methodological relevance
to the review objectives. Duplicates, non-peer-reviewed material, opinion pieces, news
articles, commercial reports, short abstracts, and inaccessible full texts were also excluded.

Records retrieved from the primary bibliographic database searches and supplemen-
tary checking were exported in the formats supported by each source and consolidated into
a single master screening file. Deduplication was performed via bibliographic matching
using available metadata, including title, authorship, DOI, publication year, and source,
followed by manual review to identify near-duplicates, minor title variations, and multiple
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versions of the same study. Where both conference and journal versions of the same study
were available, the most complete version was retained.

After deduplication, 584 records remained for preliminary screening of title, abstract,
publication status, and scope. During this stage, 322 records were excluded based on the
criteria described above. Because preliminary screening was used to remove clearly out-of-
scope records, exclusion reasons were treated as overlapping scope categories rather than
separately counted, mutually exclusive reasons. Final eligibility exclusions were recorded
separately during full-text assessment and detailed coding.

The remaining 262 records were retained for detailed eligibility assessment and cod-
ing, including final eligibility confirmation, full-text availability checking, and corpus
classification. Two records were excluded at this final stage: one because the full text was
unavailable, and one because it did not meet the final eligibility criteria after detailed
review. The final analytical corpus therefore comprised 260 records.

Peer-reviewed conference papers were included only when they offered original
or relevant methodological insight, particularly in data mining, NLP, machine learning,
sentiment analysis, topic modeling, aspect extraction, validation, or social media analyt-
ics, given that important methodological developments in these fields frequently appear
at conferences.

Although this review did not follow the full Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) protocol, its identification and screening process
was informed by PRISMA-style reporting principles to enhance transparency in record
identification, deduplication, screening, and eligibility assessment. A full PRISMA ap-
proach was not adopted because the paper is a structured conceptual and methodological
review rather than a systematic effectiveness review, meta-analysis, or quantitative synthe-
sis of comparable empirical findings. Accordingly, the screening process was documented
transparently, while the synthesis remained concept-centric rather than intervention-
or outcome-centric.

The identification, deduplication, screening, and eligibility process is summarized in
Figure 1.

2.3. Coding Framework and Classification Criteria

After the final corpus was defined, each retained record was coded using a structured
framework designed to support the conceptual and methodological synthesis. The coding
captured bibliographic information, data-source characteristics, transport context, analyti-
cal methods, evidence role, service-quality relevance, validation approach, and integration
with survey-based or operational evidence. The full record-level coding is provided in
Supplementary Table S1.

The coding framework combined descriptive and interpretive classifications. Descrip-
tive classifications captured observable features of each record, such as publication type,
transport sector, platform, content type, analysis type, and validation type. Interpretive
classifications captured the evidentiary and methodological relevance of each study in
relation to the review objectives, including evidence role, service-quality link strength,
text-analytics depth, interpretive strength level, validation level, and integration with
survey-based or operational evidence. These categories were defined by the authors to
support a structured conceptual and methodological synthesis. They should therefore be
interpreted as transparent qualitative coding decisions rather than as statistically derived
categories or normative rankings of study quality.

The initial coding was performed by the lead author and subsequently reviewed by
the co-authors. Ambiguous cases were discussed until consensus was reached, particularly
when studies combined public transport with adjacent passenger-mobility contexts, when
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their contribution was mainly methodological rather than service-quality-oriented, or when
interpretive coding required qualitative judgment.

Figure 1. Literature identification and screening process.

No formal inter-coder reliability coefficient was calculated because the review was
designed as a structured conceptual and methodological synthesis rather than a formal
systematic review with independent duplicate coding. The classification tables should
therefore be read as tools for transparent synthesis rather than as statistically validated
coding categories.

To improve transparency, Supplementary Table S3 provides the operational definitions
and decision rules used for the main coding categories, while Supplementary Table S1
provides the record-level connection between individual studies and the categories sum-
marized in the main text. The coding framework also provides the basis for the analytical
role classification presented in the following subsection.
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2.4. Analytical Roles and Evidence Weighting

Given that the corpus spans multiple transport domains and methodological traditions,
retained records were classified into three analytical roles: core public-transport studies,
adjacent passenger-mobility studies, and methods/theory studies (Table 2). This distinction
was introduced to avoid assigning equal evidentiary weight to all records. Core studies
provide the primary empirical basis for claims about public transport service quality
and satisfaction-related evidence. Adjacent mobility studies provide transferable insights
from related passenger mobility domains, while methods/theory studies support broader
methodological and conceptual synthesis.

Table 2. Analytical role of retained records and use in the synthesis.

Analytical Role Number of Records Share of Corpus (%) Use in Synthesis

Core studies 65 25.0

Direct empirical evidence on public
transport service quality, satisfaction,

dissatisfaction, or passenger perception
using social media or other
user-generated textual data.

Adjacent mobility
studies 157 60.4

Transferable methodological or
interpretive evidence from related

passenger-mobility domains, including
aviation, airports, ride-hailing,

micromobility, shared mobility, MaaS,
and app-based mobility.

Methods and
theory studies 38 14.6

Methodological, technical, or conceptual
support for text analytics, NLP,

sentiment analysis, topic modeling,
machine learning, LLMs, preprocessing,

model evaluation, validation, or
satisfaction/service-quality theory.

Records were classified as core studies when they directly addressed public transport
service quality, satisfaction, dissatisfaction, or passenger perception using social media or
other user-generated textual data. Adjacent mobility studies addressed similar constructs
in related domains, such as aviation, airports, ride-hailing, micromobility, shared mobility,
Mobility as a Service (MaaS), and app-based mobility, but were not treated as direct
evidence for public transport. Methods/theory studies were retained primarily for their
computational, methodological, or conceptual contribution to the analytical pipeline from
user-generated text to service-quality-relevant interpretation.

This classification was used throughout the synthesis to distinguish direct evidence
for public transport from transferable methodological or interpretive support.

2.5. Synthesis Logic and Text-Analytics Depth

The synthesis follows the interpretive pathway by which user-generated textual data
are transformed into evidence relevant to service quality. Rather than treating data mining
and NLP as isolated technical tools, the review examines how data sources, preprocessing
choices, computational outputs, service-aspect interpretation, and validation practices
shape the evidentiary value of text-derived signals.

Within this logic, social media sentiment is treated as an intermediate analytical
output rather than as a standalone measure of customer satisfaction. Its interpretation
depends on data quality, methodological design, service context, and validation against
external evidence.
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To document the computational relevance of the corpus, records were also classi-
fied according to the depth of text analytics applied or discussed. Table 3 summarizes
this classification.

Table 3. Text analytics depth of the retained records.

Text Analytics Depth Number of Records Share of Corpus (%) Definition

High 172 66.2

Studies applying advanced or central
computational text analytics, including

machine learning, deep learning,
transformer-based models, topic

modeling, ABSA, emotion detection,
clustering or multi-stage NLP pipelines

Medium 79 30.4

Studies applying standard sentiment
analysis, keyword-based text mining,

descriptive text classification or
simpler NLP procedures linked to

service evaluation

Low 9 3.5

Studies not centered on computational
text analytics but retained as supporting

evidence for service quality theory,
satisfaction constructs, eWOM

(Electronic Word-of-Mouth), review bias,
complaint behavior, validation or

methodological interpretation

Table 3 shows that the retained corpus is methodologically substantive in terms of text
analytics: 66.2% of records were coded as high-depth and 30.4% as medium-depth. Overall,
96.5% of the corpus involves advanced or methodologically explicit forms of computational
text analysis, confirming that the review is not dominated by records that rely only on
superficial keyword searches or descriptive mentions of social media.

3. Social Media Data Mining in Transport: Data Sources, Methods,
and Outputs
3.1. User-Generated Textual Data Sources and Passenger Signals

Transport-related social media data mining uses various user-generated textual
sources—microblogging platforms, review sites, app reviews, complaints, Customer Rela-
tionship Management (CRM) messages, forums, and open-ended survey comments. These
sources differ in format, timing, user motivation, context, and suitability for service quality
analysis. Treating these sources as equivalent can be misleading; it is essential to clarify
which type of passenger signal each source offers.

Microblogging platforms such as Twitter/X and Sina Weibo are widely used in trans-
port studies for their volume, accessibility, and real-time nature [55,56]. These platforms
provide immediate, unsolicited feedback from passengers about delays, disruptions, and
staff interactions [57–59], supporting real-time “human sensing” [20,25,60,61]. However,
posts are short, noisy, context-dependent, and prone to self-selection and negativity bi-
ases [58,62–64]. As such, they are best viewed as real-time signals of perception and
disruption, rather than comprehensive measures of overall satisfaction [55,59].

Other sources offer distinct evidentiary value. Online review platforms (TripAdvisor,
Yelp, Google Maps, Skytrax) contain reflective, post-use evaluations and structured ratings,
enabling quantitative analysis [65–69]. App reviews reveal how digital interfaces shape
the transport experience, though they may blur distinctions between physical and digital
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service quality [70,71]. Complaint records and CRM messages provide structured signals
of dissatisfaction [70,71], while open-ended survey comments link to demographic and
closed-ended rating data, aiding validation and model training [72,73]. Discussion forums
and mobility sites capture more deliberative discourse but often reflect highly engaged or
niche communities [74].

This diversity of sources affects interpretation because Twitter/X posts, reviews,
complaints, forums, and survey comments capture different moments, emotional intensity,
and user motivations in the passenger experience. This distinction is reflected in the corpus
structure: core public-transport studies rely more heavily on short-form social media
posts, especially Twitter/X and Sina Weibo/Chinese microblogging, whereas online-review
evidence is more concentrated in the remaining corpus, particularly in adjacent passenger-
mobility domains such as aviation and app-based mobility. Accordingly, conclusions about
real-time perception and disruption signals are grounded primarily in the core public-
transport subset, while review-based findings are treated mainly as transferable evidence
on richer post-use evaluation and rating-linked validation.

The usefulness ratings in Table 4 were assigned as qualitative interpretive judgments
rather than quantitative scores. Each source type was assessed according to whether it
captures explicit passenger evaluation, provides sufficiently rich text for service-attribute
mapping, includes complementary contextual or structured information, supports valida-
tion against survey-based, operational, spatial, or temporal evidence, and is affected by
known biases such as self-selection, negativity bias, platform effects, and limited repre-
sentativeness. Sources were classified as highly useful when they satisfied most of these
criteria, moderately useful when they provided relevant passenger-experience evidence
but had stronger validation or bias limitations, and limited when they mainly supported
contextual or issue-specific interpretation.

Table 4. User-generated textual sources and passenger signals.

Source Type Typical
Platforms/Examples

Passenger Signal
Captured

Main Analytical
Value Main Limitation

Usefulness for
Satisfaction-Related

Analysis

Microblogging
platforms

Twitter/X, Sina
Weibo

Immediate reactions
to disruptions,

delays, crowding,
incidents, staff

interactions and
service events

Real-time monitoring;
event detection;

perception tracking;
disruption response

Short, noisy and
context-dependent

texts; self-selection and
negativity bias; limited

representativeness

Moderate (**)—Useful
as near real-time
perception and

disruption signal, but
weak as standalone
satisfaction-related

evidence

Online review
platforms

TripAdvisor, Yelp,
Google Maps,

Skytrax

Reflective
post-consumption

evaluations of service
attributes

Richer descriptions;
often linked to

ratings; useful for
service attribute

analysis

Selective review
behavior;

overrepresentation
of strong

positive/negative
experiences; tourist or
occasional-user bias

High (***)—Especially
useful when ratings

and textual content are
jointly analyzed

Mobile
application

reviews

Google Play, App
Store, MaaS apps,

ticketing and
journey-planning

apps

Evaluation of digital
mobility services,

app reliability, route
planning, payment,

ticketing and
customer support

Useful for digital
service quality and

user-interface
assessment

Blurs digital service
quality and physical

transport service
quality

Moderate (**)—Useful
for digital mobility

services, but requires
careful separation of

app-related and
transport-service issues

Complaint
records and CRM

messages

Formal complaint,
customer relationship

management
databases

Explicit
dissatisfaction and

reported service
failures

Structured
dissatisfaction

evidence; useful for
issue categorization
and service recovery

Complaint-driven;
captures only users
motivated and able

to complain

Moderate (**)—Strong
for dissatisfaction

analysis, but weak for
estimating average

satisfaction
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Table 4. Cont.

Source Type Typical
Platforms/Examples

Passenger Signal
Captured

Main Analytical
Value Main Limitation

Usefulness for
Satisfaction-Related

Analysis

Open-ended
survey

comments

Free-text survey
responses

Structured but
textual passenger
feedback linked to
survey variables

Can be linked to
demographics, trip
characteristics and
satisfaction scores

Less spontaneous;
shaped by survey

design and
question wording

High (***)—Strong for
validation, supervised

model training and
linking textual

evidence to structured
satisfaction measures

Discussion
forums and
specialized

mobility websites

Forums, Q&A
platforms, mobility

communities

Deliberative
discussion of service

changes, policy,
infrastructure, fares

and accessibility

Captures collective
interpretation and

issue framing

Represents engaged or
issue-specific
communities

Limited (*)—Useful
for contextual

understanding, but
limited for

representative
satisfaction

measurement

Note: Usefulness levels are indicative qualitative assessments for satisfaction-related analysis, not quantitative
scores. *** = high usefulness, ** = moderate usefulness, and * = limited usefulness.

3.2. Analytical Components and Text-Analytics Methods

Despite variation in data sources and analytical methods, the reviewed studies can
be organized around a set of recurring analytical components that link user-generated
textual data to structured outputs and, in more advanced applications, to service-quality
interpretation, indicator-type outputs, and validation. These components are descriptive
rather than prescriptive: they summarize methodological functions observed across the
literature rather than a fixed sequence implemented by all studies. Individual records
combine them selectively and unevenly. Some studies stop at data collection, preprocess-
ing, or sentiment classification, whereas others proceed to service-aspect interpretation,
spatial or temporal aggregation, indicator construction, or external validation. Figure 2
summarizes the main literature-derived components of text-based service-quality analysis
and indicator development.

Figure 2. Recurring analytical components identified in social-media-based service-quality and
satisfaction studies.
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Data source definition, filtering, and preprocessing form the first set of analytical
components. Studies gather text via Application Programming Interfaces (APIs), web
scraping, exports, app reviews, CRM systems, or survey databases [75]. At this stage,
researchers define search terms, platform boundaries, language criteria, temporal scope,
geographical coverage, and keywords [62]. These choices matter because posts mentioning
official operator accounts may capture actionable complaints, whereas posts collected
via station names, route identifiers, hashtags, or generic transport-related terms may
capture broader, noisier discussions [19,52,76]. Social media data therefore require relevance
filtering to remove false positives, duplicate posts, advertisements, news items, spam, bot-
generated content, irrelevant languages, and records outside the study period [19,58,77,78].
It is also important to distinguish official operator messages from passenger-generated
content, since service alerts and passenger complaints reflect different perspectives and
should not be merged uncritically in satisfaction analysis [39,79].

Text preprocessing prepares raw textual data for computational analysis. Common pro-
cedures include lowercasing, tokenization, punctuation and stop-word removal, stemming,
lemmatization, spelling correction, emoji handling, and slang normalization [71,80,81]. Al-
though these procedures reduce noise, they may also affect meaning. In transport contexts,
route and station names, acronyms, hashtags, and emojis often carry important information.
Excessive normalization may therefore remove details needed to identify location, mode,
service attributes, or emotional tone [19,42].

Text analytics methods constitute the central computational component of the re-
viewed studies. These include lexicon-based sentiment analysis, supervised machine
learning, deep learning, transformer-based models, topic modeling, and aspect-based
methods [82]. Lexicon-based approaches are relatively transparent, but often struggle
with domain-specific terminology, sarcasm, and negation [83,84]. Supervised learning
methods, such as Naive Bayes, support vector machines, and Random Forests, are used to
classify sentiment and service aspects, but require labelled data and may not generalize
effectively across contexts [26,77,85–87]. Deep learning and transformer-based models,
including BERT and Robustly Optimized BERT Pretraining Approach (RoBERTa), are better
at capturing contextual information in short and noisy texts [26,29,30]. However, improved
predictive performance does not automatically ensure that outputs are clearly linked to
service attributes or customer satisfaction [88].

Topic modeling and aspect-based methods extend the analysis beyond document-level
polarity. Topic models, such as Latent Dirichlet Allocation (LDA) and BERTopic, identify
recurring themes in reviews, posts, and complaints, such as delays, cleanliness, crowding,
fares, and safety [89–91]. ABSA identifies service attributes and links them to sentiment
or emotion [28]. This is particularly important because individual comments often con-
tain mixed evaluations [35,45,92]. Aspect-level analysis is therefore more closely aligned
with service-aspect interpretation than coarse sentiment polarity, which may overlook
distinctions that are operationally relevant for transport providers [44,93].

The more interpretive components involve service-aspect interpretation, indicator-
type outputs, and validation or triangulation. Service aspect interpretation translates
computational outputs into categories such as safety, information, reliability, comfort,
and personnel [9]. For instance, negative sentiment about delays may indicate reliability
problems, while negative comments about overcrowding or unclear announcements may
relate to comfort or information provision [53]. This stage is essential because it connects
text-mining outputs to formal service quality assessment.

Indicator-type outputs are produced by aggregating mapped textual outputs into
structured measures that support monitoring, benchmarking, or decision support. Signals
may be grouped by station, route, mode, or event to identify spatial or temporal variation
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in perceived service quality [43]. Aspect-level outputs may also be transformed into dash-
boards, heat maps, scores, or rankings. Some studies align these outputs with established
service quality frameworks, such as SERVQUAL, Airline Service Quality (AIRQUAL),
Railway Service Quality (RAILQUAL), or Importance-Performance Analysis [27,53,66,85],
or incorporate them into multi-criteria decision-making models [94].

Validation and triangulation provide a methodological safeguard for assessing the
robustness and credibility of text-derived outputs. Sentiment scores can be interpreted as
satisfaction-related evidence only when they are explicitly linked to service experience,
service attributes, and passenger evaluation [95]. Validation approaches include manual
annotation, algorithm comparison [96], benchmarking against review ratings, comparison
with survey-based satisfaction scores [41], and linkage with operational records, such as
Automatic Passenger Count (APC) and General Transit Feed Specification (GTFS) data [51].
However, most studies place greater emphasis on technical accuracy than on validating
whether textual outputs operate as robust indicators of service quality or satisfaction [51,97].

Overall, Figure 2 should not be read as a mandatory sequence of transformations.
Rather, it identifies the main analytical components through which user-generated text
can be transformed into evidence relevant to service quality. The reviewed studies com-
bine these components to varying degrees. Some remain primarily descriptive, focusing
on sentiment classification, topic detection, or complaint categorization. Others move
further towards service-aspect interpretation, indicator-type outputs, spatial or temporal
aggregation, and external validation. The credibility of any resulting indicator therefore
depends not only on algorithmic accuracy, but also on the suitability of the data source,
the transparency of filtering and preprocessing, the validity of service-aspect mapping, the
logic of aggregation, and the strength of validation or triangulation.

The distribution of these components also differs across the review corpus. Core
public-transport studies more often combine sentiment or NLP with temporal, event-
based, spatial, or operational context, reflecting the need to interpret passenger signals by
route, station, disruption, and time window. The remaining corpus contains a stronger
concentration of model-comparison, rating-linked, and review-based studies, which are
useful for methodological transfer but less directly informative about public-transport
operating conditions.

3.3. Analytical Outputs and Interpretive Boundaries

Computational text analysis produces various outputs, including sentiment polarity,
topics, aspects, complaint categories, emotion labels, spatiotemporal patterns, and com-
posite indicators. Because these outputs differ in their proximity to service-quality and
satisfaction constructs, they should not be treated as equally strong evidence of satisfaction
or service performance. The main output types and their interpretive limits are summarized
in Table 5.

Sentiment polarity is the most common output, classified as positive, negative, neutral,
or as a continuous score [98,99]. It is often aggregated by time, location, mode, or attribute
to track shifts in passenger perceptions [19,34]. While useful for mapping expressed tone,
sentiment metrics risk being overinterpreted as satisfaction scores and do not fully account
for negativity bias, context, or the difference between momentary dissatisfaction and overall
system evaluation [14,23,97].

Topic and theme extraction identify recurring operational concerns, such as delays,
crowding, cleanliness, fares, and safety [78,91,100]. These outputs indicate which issues
dominate passenger discourse, but high topic frequency does not necessarily correspond
to importance for satisfaction. Some topics may be discussed more frequently because
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they are problematic or newsworthy, whereas important service attributes may remain
underrepresented when they function adequately [17,53,101].

Table 5. Analytical outputs and interpretive limits.

Output Type Typical Methods Managerial Use Main Interpretive
Limitation

Validation
Requirement

Sentiment
polarity

Lexicon-based sentiment
analysis; supervised

classification;
transformer-based
sentiment models

Monitoring positive,
negative or neutral user

tone across time,
platforms, routes

or events

Polarity does not equal
satisfaction; vulnerable
to sarcasm, negativity
bias and context loss

Manual annotation;
comparison with

ratings, surveys or
service events

Topic/theme
extraction

LDA, BERTopic, clustering,
keyword-based
topic extraction

Identifying dominant
issues such as delays,

crowding, fares, safety
or accessibility

Topic frequency does
not equal importance

or dissatisfaction

Human topic
validation; comparison

with complaint
categories or service
quality dimensions

Aspect-level
evaluation

ABSA, aspect extraction,
aspect-level sentiment

classification

Identifying which
service attributes
are positively or

negatively evaluated

Requires reliable aspect
definitions and
domain-specific

mapping

Manual aspect
annotation; comparison
with SERVQUAL-type

dimensions or
survey attributes

Complaint
classification

Supervised classifiers,
rule-based complaint detection,

CRM classification

Service recovery, issue
prioritization,

complaint monitoring

Captures
dissatisfaction signals,

not average satisfaction

Comparison with
formal complaint logs

and operational
incidents

Emotion
detection

Emotion lexicons, supervised
emotion classification,

transformer-based
emotion models

Distinguishing anger,
anxiety, frustration,

trust or joy in
passenger discourse

Emotion is culturally
and contextually

dependent; sarcasm
and exaggeration are

difficult to detect

Manual emotion
annotation; qualitative

validation; event-
based comparison

Spatial-
temporal
patterns

Geocoding, station/route
extraction, temporal

aggregation, spatial analysis

Mapping service
problems across routes,

stations, events or
time periods

Depends on reliable
location and time

attribution; geotags
are sparse

Comparison with
GTFS, disruption logs,

APC, ridership or
operational records

Composite
indicators

Weighted sentiment/topic
scores, Importance-

Performance Analysis (IPA),
TOPSIS, VIKOR, Multicriteria

Satisfaction Analysis
(MUSA), dashboards

Ranking services,
prioritizing

interventions,
decision support

Risk of hidden
weighting, construct

mixing and
false precision

Transparent weighting;
sensitivity analysis;

survey and
operational validation

Aspect-level evaluation is more directly relevant to service-quality measurement
because it links specific service attributes to sentiment or emotion [28]. For example,
aspect-based models can identify mixed evaluations of different attributes within the same
review [102]. This level of granularity is more actionable than aggregate sentiment, which
may obscure operationally relevant distinctions [77,103].

Complaint categories, emotion labels, spatial-temporal patterns, and composite in-
dicators provide additional analytical outputs, but each has specific interpretive limits.
Complaint classification can support service recovery but mainly reflects the views of users
motivated to report problems [104–106]. Emotion detection distinguishes affective states
but remains sensitive to sarcasm and cultural variation [40,107,108]. Spatial and temporal
analyses can inform planning, but their reliability depends on accurate location and time
attribution [6,17,19,101]. Composite indicators, including Technique for Order Preference
by Similarity to Ideal Solution (TOPSIS), VlseKriterijumska Optimizacija I Kompromisno
Resenje (VIKOR), Multicriteria Satisfaction Analysis, and Importance-Performance Analy-
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sis, condense textual evidence into structured measures but require clear justification and
validation [31,109,110].

The central distinction is that analytical outputs such as sentiment, topics, complaints,
emotions, spatial patterns, and composite indices are not inherently measures of satisfac-
tion. They become satisfaction-relevant only when they are linked to service attributes,
expectations, context, and validation. This distinction provides the basis for the following
section, which examines how text-derived outputs can be interpreted as indicators of
service quality and satisfaction.

Table 5 shows that the evidentiary value of text-mining outputs depends on how
far the analysis moves from descriptive signal detection towards service-quality inter-
pretation. Outputs that remain at the level of general polarity, affect, or topic detection
provide weaker or more indirect evidence, whereas outputs mapped to explicit service
dimensions, passenger expectations, satisfaction constructs, or external validation sources
provide stronger evidence of service quality. Composite indicators offer stronger decision-
support potential, but only when their constructs, weighting logic, temporal scope, and
validation assumptions are explicit. This distinction underpins the review’s separation be-
tween direct service-quality evidence, satisfaction-related perception signals, and primarily
methodological or contextual contributions.

4. From Sentiment to Service Quality: Interpretation, Mapping, and
Conceptual Tensions
4.1. Sentiment Polarity and the Limits of Satisfaction Measurement

A central methodological issue in parts of the literature is the tendency to interpret
sentiment polarity as a proxy for customer satisfaction [111]. While sentiment analysis
offers scalable outputs that can be aggregated across time, space, platforms, or service
attributes [20,98], this simplicity can obscure the fact that sentiment polarity only reflects
the affective tone of a text, whereas satisfaction is a broader, holistic judgment shaped by
expectations, performance, and overall experience [95,108].

Customer satisfaction is commonly explained, among other approaches, by Expectancy-
Disconfirmation Theory (EDT), which conceptualizes satisfaction as an evaluation of the
gap between prior expectations and perceived performance [37,91]. In transport contexts,
this evaluation is highly variable and is influenced by journey purpose, reliability, familiar-
ity with the service, and user characteristics [34,112]. A negative post about a delay may
therefore indicate incident-specific dissatisfaction, accumulated frustration, or a temporary
emotional reaction [23]. Such expressions are useful for diagnosing passenger experiences,
but they should not be interpreted as equivalent to overall service satisfaction [113].

This distinction matters as social media often captures heightened emotions. Dissat-
isfied passengers are more likely to post complaints due to negativity bias [38,114,115].
A negative post may indicate a service problem but not overall dissatisfaction [33]. The
absence of complaints should not be interpreted as evidence of satisfaction, since routine or
satisfactory journeys may not prompt users to post [116]. Neutral and positive sentiment
can also be ambiguous, sometimes reflecting irony, factual reporting, or relief rather than
genuine satisfaction [33,41,117].

This does not make sentiment analysis irrelevant. Its value lies in identifying real-time
affective orientations and highlighting service areas that require further interpretation. The
methodological problem arises when a macro-level sentiment score is treated as a final
measure of satisfaction rather than as an intermediate analytical output.
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4.2. Mapping Textual Signals to Service Quality Dimensions and Interpretive Strength

To be operationally useful, sentiment analysis should move beyond aggregate po-
larity towards granular, aspect-level evaluation [77,103]. Mapping sentiment and other
textual signals to specific service attributes bridges the gap between unstructured textual
data and formal evaluation frameworks, enabling more actionable insights for transport
operators [27,28,44,118].

Key service-quality dimensions in transport include reliability, comfort, safety, ac-
cessibility, information provision, affordability, and customer service [9,10,110]. These
dimensions are commonly associated with established frameworks such as SERVQUAL,
AIRQUAL, and RAILQUAL [36,85,119]. Social media content can be mapped to
such dimensions using topic modeling, lexicon-based or deep-learning classifiers, and
ABSA [17,26,28,29,96].

This mapping links textual cues to specific service attributes. References to delays
and cancellations may indicate reliability problems, while comments on overcrowding
or poor cleanliness may reflect comfort-related concerns [15,19]. Mentions of harassment
or unsafe driving relate to safety, whereas ticket prices and refund issues concern afford-
ability [113,120]. Similarly, references to information provision or staff behavior can be
assigned to the relevant service-quality dimensions [50,110].

Rigorous mapping can transform sentiment outputs into actionable evidence. Negative
sentiment linked to specific aspects, such as reliability or staff behavior, helps identify the
underlying sources of dissatisfaction [93,121]. ABSA is therefore more suitable for service-
quality evaluation than coarse document-level polarity classification, because it separates
posts or reviews into specific targets and attributes [122]. This level of granularity is
particularly important because a single service encounter may contain mixed evaluations,
such as positive comments about staff assistance alongside negative comments about
waiting time or disruption management [45,88].

However, service quality mapping remains methodologically challenging because
user-generated transport text is often noisy, ambiguous, and mode-specific [77,123]. Generic
terms, overlapping place or station names, and informal expressions can reduce algorith-
mic accuracy [42,94,124,125]. Robust domain knowledge, context-specific dictionaries,
transparent coding procedures, and validation are therefore necessary to support reliable
interpretation [26,126].

Traditional service quality frameworks may also fail to capture emerging issues re-
vealed through user-generated text [27]. Contemporary passengers increasingly discuss
digital ticketing, health protocols, crowd management, security, accessibility, and sustain-
ability [127–129]. This creates a methodological tension between deductive mapping to
established service quality categories and inductive identification of new themes. A robust
analytical approach should therefore combine both strategies, preserving comparability
while remaining sensitive to emerging passenger concerns [17,130].

Within this broader mapping process, the reviewed literature differs in the strength
with which sentiment outputs are interpreted. At the weakest level, sentiment is treated
as a direct proxy for satisfaction, with positive sentiment interpreted as satisfaction and
negative as dissatisfaction [98,111]. Although simple and scalable, this approach is concep-
tually fragile because it conflates momentary affective expressions with broader evaluative
judgments and struggles with mixed, indirect, or ironic expressions [23,40,131,132].

A stronger approach interprets sentiment as a perception signal linked to specific
service aspects, commonly through ABSA or by associating sentiment outputs with service
topics, dimensions, routes, stations, disruption events, or contexts [28,77]. For example,
clusters of negative sentiment associated with terms such as “crowded” or “delay” may
indicate comfort or reliability problems [6,19]. This approach provides actionable diagnostic
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evidence, but it does not constitute a comprehensive measure of satisfaction [68]. At the
strongest level, sentiment is treated as one component of a broader service quality or
satisfaction-related indicator, combining sentiment extraction with service quality mapping,
contextual interpretation, and external evidence [50,95]. Table 6 summarizes these levels of
interpretive strength.

Table 6. Conceptual levels of interpretive strength in the use of sentiment outputs.

Level Interpretation of
Sentiment

Typical Analytical
Design Main Limitation What This Level Can

Support

Level 1: Sentiment
as direct proxy

Positive sentiment is
treated as satisfaction

and negative sentiment
as dissatisfaction

Aggregate polarity
scores by platform,
route, time period

or operator

Conflates momentary
affect with broader
satisfaction; weak
construct validity

Descriptive monitoring
of online tone, but not

robust satisfaction
measurement

Level 2: Sentiment
as perception signal

Sentiment is interpreted
as evidence of user
perception toward

specific service aspects

Sentiment linked to
topics, aspects,
routes, stations,

disruption events or
service dimensions

Provides diagnostic
evidence but not a full
satisfaction measure

Identification of service
issues, disruption

reactions and aspect-level
perception patterns

Level 3: Sentiment as
satisfaction-related

evidence

Sentiment is one
component of a broader

service quality
or satisfaction-

related indicator

Sentiment combined
with service quality
mapping, contextual

interpretation and
external evidence

More data-intensive;
requires alignment
across sources and

explicit assumptions

Stronger service quality
interpretation and

cautious satisfaction-
related inference

The record-level coding further supports this distinction. In the retained corpus,
114 records (43.8%) interpreted sentiment as satisfaction-related evidence within a broader
service-quality or evaluative framework, while 67 records (25.8%) treated sentiment pri-
marily as a perception signal. A further 62 records (23.8%) provided non-sentiment-based
service-quality mapping, for example through topics, aspects, complaints, or review dimen-
sions. Only 17 records (6.5%) treated sentiment mainly as a direct proxy for satisfaction.
This distribution reinforces the need to distinguish between sentiment polarity, perception
signals, and satisfaction-related evidence rather than treating all sentiment outputs as
equivalent measures of customer satisfaction.

This distinction is particularly important for the core public-transport subset, where di-
rect satisfaction-proxy interpretations are rare, and sentiment is more commonly interpreted
as a perception signal, satisfaction-related evidence, or part of broader service-quality map-
ping. In the remaining corpus, direct-proxy interpretations are more visible, partly reflecting
adjacent mobility and review-based studies where ratings, reviews, and satisfaction labels
are more frequently combined. The review therefore treats the caution against equating
sentiment with satisfaction as especially well supported for public-transport applications.

Context is central to this progression. Identical sentiment scores may have differ-
ent meanings depending on transport mode, journey stage, location, time period, and
operational events [6,18,33,34,110]. A sudden increase in negative posts during a major
disruption, safety incident, or extreme weather event should not be interpreted in the
same way as persistent negative sentiment under normal operating conditions. Sentiment
outputs should therefore be interpreted in relation to mode-specific, temporal, spatial,
and platform-specific conditions rather than applied uniformly across contexts [44,77,120].
External validation further strengthens the reliability of this interpretation.
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5. Reliability, Validation, and Methodological Risks
5.1. Sampling, Representativeness, and Negativity Bias

A major limitation of social media-based service quality measurement is that user-
generated data are rarely representative of the broader passenger population. Unlike
structured surveys with defined sampling frames and demographic controls, social media
data come from users who self-select to post. This creates a self-selection problem, whereby
the data may disproportionately reflect highly visible, digitally active, and engaged seg-
ments rather than the full socio-demographic spectrum of transport users [45,46].

This limitation is particularly important in public transport, where passenger pop-
ulations are socially diverse. Older passengers, low-income users, people with limited
digital access, non-native speakers, disabled passengers, and users who depend heavily on
public transport may be underrepresented in social media datasets [35,92]. Consequently,
concerns expressed online may not fully correspond to those of the broader passenger base,
potentially leading to biased assessments of service quality [90].

Platform architecture also shapes representativeness, as different platforms elicit
different types of passenger expression. Microblogging platforms like Twitter/X capture
short, event-driven comments about disruptions [18,21], while review platforms allow
more reflective evaluations [17,66]. App-store reviews often blur the line between physical
service quality and digital usability [70,71]. Structured complaint datasets from CRM
systems are skewed toward dissatisfied users [26]. Each platform thus provides only a
partial, medium-specific view of the passenger experience and must be contextualized
before aggregation.

A related issue is negativity bias: the tendency for negative experiences to be more
salient and more likely to be expressed than routine or satisfactory ones [114,115]. Transport-
related posts typically follow operational failures, such as delays or cancellations [107,133].
Satisfactory journeys are rarely posted about. Thus, high negative sentiment may signal
real problems, but it may also partly reflect the higher propensity of dissatisfied users to
post [15,51,107].

These biases affect satisfaction measurement. Interpreting negative sentiment as a di-
rect measure of dissatisfaction can exaggerate overall dissatisfaction, while limited positive
content may reflect the underreporting of routine journeys rather than low satisfaction [116].
To address this, social media indicators should be normalized, for example, as “complaints
per million passengers” using ridership or passenger count data [134]. Sentiment trends
must always be considered in an operational context: a spike during disruptions differs
from persistent negativity in normal conditions [135].

Negativity bias also affects machine learning. Datasets with mostly negative posts
can cause classifiers to learn skewed patterns and perform poorly on minority classes.
Techniques like resampling, class weighting, manual annotation, and balanced metrics help
address this [136–138]. However, these adjustments improve technical performance but do
not solve the deeper issue that social media data are inherently complaint-rich.

5.2. Linguistic Ambiguity and Preprocessing Risks

User-generated transport text is often noisy and context-dependent, with abbrevia-
tions, slang, emojis, hashtags, informal spelling, sarcasm, irony, humor, anger, multilingual
expressions, and local references [19,42]. These features make automated text analysis
difficult and can distort the interpretation of service quality if not properly managed [40].

Sarcasm and irony are major challenges. Passengers may use positive words to de-
scribe negative experiences, such as delays or overcrowding, causing lexicon-based models
to misclassify sentiment [40]. Sarcasm may become more frequent during disruptions or
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chronic service problems, potentially masking the severity of frustration if posts are not
interpreted in context [24,41].

Linguistic ambiguity is a specific preprocessing risk in transport-related social media
mining. Transport keywords, station names, line names, and route identifiers may overlap
with commercial brands, neighborhood names, events, venues, or everyday language. For
example, “subway” may refer to either an urban rail system or a fast-food brand, while
station names may also denote streets, districts, or non-transport entities [19,42,77]. Such
ambiguity can introduce false positives into the dataset and affect downstream tasks such
as sentiment analysis, topic modeling, aspect extraction, and service quality mapping.
Preprocessing should therefore include contextual filtering, entity disambiguation, transit-
specific lexicons or ontologies, and manual or semi-automated checks, particularly when
keywords have multiple meanings [26,81].

Hashtags and emojis add a further layer of complexity to passenger feedback analysis.
Hashtags may compress location, judgment, and sarcasm into a single expression, while
emojis can convey frustration, humor, or affective nuance and may alter the meaning of
a post [139]. Removing these elements can reduce interpretive value, whereas retaining
them without appropriate processing may introduce additional noise. Custom dictionaries
for emojis, abbreviations, route identifiers, station names, and local expressions can help
minimize information loss and improve sentiment or aspect classification [105].

Multilingual and code-switched posts present an additional challenge. Public trans-
port systems serve diverse user populations, yet sentiment analysis is often restricted to
English-language content or to a single dominant language [19]. Excluding non-English
content may exclude important user groups from the analysis and reduce representative-
ness [92]. Incorporating multilingual data requires language-specific models, bilingual
evaluation, or translation tools in order to maintain classification quality [92,140].

These challenges demonstrate that preprocessing and model selection are not neutral
technical decisions; they shape which meanings are preserved or lost before analysis be-
gins [26,77]. For valid interpretation, it is essential to preserve transport-relevant terms, lo-
cations, line names, accessibility references, emotional markers, and negations. Aggressive
stop-word removal or excessive normalization may remove complex names, spatial infor-
mation, or affective cues that are necessary for transport analysis [19]. Over-normalized
models may produce cleaner datasets, but they can also generate outputs with limited
practical value for transport agencies [107].

5.3. Spatial and Temporal Attribution

Transport service quality is inherently spatial and temporal [57]. Complaints about
crowding, delay, safety, or accessibility are more actionable when linked to specific routes,
stations, vehicles, times, or events [19,20,22]. However, social media data often lack strong
spatial and temporal attribution.

Although posts are time-stamped, the posting time may not match the actual service
experience. Users may post during or after journeys, or much later [15,92]. This asyn-
chronous behavior creates uncertainty when matching posts to operational data [141]. A
negative comment may refer to a current disruption, a past incident, or a general opinion
about unreliability [33,92].

Spatial attribution is challenging because few social media posts have precise Global
Positioning System (GPS) geotags; geotagged tweets make up only 1–3% of samples [55,142].
Relying solely on geotags reduces the dataset and excludes relevant feedback. Many posts
mention stations, lines, or routes informally, but these references are often incomplete or
ambiguous. Without careful extraction and validation, spatial mapping can create a false
sense of operational precision [19,92].
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Because transport interventions are spatially targeted, operators need to identify
where problems occur in order to respond effectively. Network-level sentiment scores are
generally less useful than route- or station-level signals, but only when location inference
is reliable [17,34]. Temporal aggregation also requires caution: broad time intervals may
obscure short-term disruptions, whereas very fine intervals may amplify noise. The ap-
propriate temporal scale depends on the analytical objective. Near-real-time disruption
detection requires short intervals, whereas satisfaction monitoring and trend analysis re-
quire longer baselines and segmentation between normal operating days and disruption
periods [19,143].

Structured operational datasets can help mitigate spatial and temporal uncertainty.
Sentiment signals should be compared with passenger counts, GTFS indicators [144],
disruption logs, delay records [57,59], and ridership data [134] to assess whether reported
problems correspond to actual service conditions. Such methodological triangulation can
help agencies distinguish isolated online complaints from systemic and verifiable service
failures [51,59].

5.4. Validation, Construct Validity, and Indicator Reliability

Validation remains a central challenge in social media-based service quality measure-
ment. The literature often validates model performance, but less frequently examines
whether the resulting outputs reflect actual service quality or customer satisfaction. Techni-
cal validation assesses whether a model classifies text accurately, typically using metrics
such as accuracy, precision, recall, and F1-score [50,51,145]. However, such metrics assess
classification performance rather than whether sentiment scores serve as valid proxies for
overall customer satisfaction [146,147].

Substantive validation assesses whether text-derived indicators align with actual
transport service quality or satisfaction patterns. This requires triangulation with external
evidence. For example, negative sentiment can be compared with delays or cancellations
from GTFS or APC data [107,134], sentiment trends can be benchmarked against survey
scores [41,79], complaints can be cross-referenced with CRM logs [26], and spatial clusters
can be matched to known bottlenecks using spatial analytics [19,22].

Validation strength in the literature ranges from no external validation, where algorith-
mic outputs are interpreted without external checking, to manual annotation, cross-model
comparison, survey or rating benchmarking, and multi-source triangulation. Cross-model
comparison, such as BERT versus Support Vector Machine (SVM), is useful for assessing
technical performance [82,88], but does not establish construct validity. The strongest
validation approaches combine social media, surveys, ratings, complaints, operational data,
or spatial-temporal evidence to assess whether text-derived signals correspond to service
conditions or passenger evaluations [23,24,144]. Table 7 summarizes these validation levels
and their evidentiary strength.

The record-level coding shows that validation remains uneven across the retained
corpus. Cross-model comparison was the most common validation level, appearing in
71 records (27.3%), followed by survey or rating benchmarking in 59 records (22.7%)
and manual annotation in 57 records (21.9%). Multi-source triangulation was identified
in 36 records (13.8%), while 37 records (14.2%) provided no external validation. This
distribution confirms that technical validation is more common than substantive valida-
tion, and that relatively few studies triangulate social media-derived indicators with both
passenger-evaluation data and operational evidence. The literature provides evidence for
the feasibility of several validation practices, but not yet for their systematic adoption as a
standard decision-support workflow.
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Table 7. Validation levels and evidentiary strength of social media-derived service-quality indicators.

Validation Level What is Validated Typical Evidence Main Contribution Main Limitation

No external
validation

Algorithmic outputs
are interpreted without

external checking

Sentiment scores,
topics, complaint labels

Fast and simple
descriptive output

High risk of
overinterpretation;
does not establish
construct validity

Manual annotation

Whether labels, topics,
aspects, or sentiment

assignments are
plausible

Human-coded samples,
inter-annotator

agreement

Improves credibility of
classification and

interpretation

Does not by itself
prove correspondence

with satisfaction or
service performance

Cross-model
comparison

Whether one algorithm
outperforms another

on a classification task

Accuracy, precision,
recall, F1-score, model

benchmarking

Useful for technical
performance
assessment

Validates classification
performance, not

construct meaning

Survey or rating
benchmarking

Whether text-derived
indicators align with
structured passenger

evaluations

Satisfaction surveys,
numerical review

ratings, star ratings

Provides stronger
satisfaction-related

evidence

Requires comparable
constructs, temporal

alignment, and
compatible sampling

frames

Multi-source
triangulation

Whether text-derived
signals align with
multiple external
evidence sources

Social media text,
surveys, ratings, CRM

records, complaints,
GTFS, APC,

disruption logs

Strongest basis for
triangulated

service-quality
indicators

Data-intensive; requires
transparent assumptions,
weighting, uncertainty
treatment, and careful

interpretation; does not
prove causality or
representativeness

This unevenness also differs across the analytical roles of the retained records. Techni-
cal validation, including model performance assessment and cross-model comparison, is
more common in adjacent mobility- and methods-oriented studies. By contrast, operational
data comparison, empirical operational linkage, and multi-source triangulation are more
prevalent in the core public-transport subset, although they remain far from universal.
Direct survey integration is limited in both groups. These patterns support the need for
the evidence-weighting and transferability discussion in Section 6.1 before proposing a
validation-oriented decision-support framework.

Composite service quality indicators introduce further validation challenges. Recent
frameworks combine topic weights and sentiment scores with multi-criteria decision-
making methods, including TOPSIS, VIKOR, and related approaches [28,31,148]. Although
such indices may be useful for benchmarking, they also risk hidden weighting, construct
mixing, and false precision. Hidden weighting occurs when topic frequency is implicitly
treated as importance and average sentiment is interpreted as objective performance, as
in some IPA-based applications [149]. This assumption is problematic because frequently
mentioned topics are not necessarily the most important service attributes. Some core
dimensions, such as safety or accessibility, may be highly important but are rarely discussed
in relation to passenger expectations [93,101].

Construct mixing arises when complaints, sentiment, topics, operational data, and
surveys are combined as though they measure the same phenomenon, even though they
represent distinct forms of evidence [23,26,95,114]. False precision is another risk: compos-
ite indicators may produce exact numerical scores that appear objective, even when they are
based on uncertain algorithms, biased samples, or weak spatial attribution [19,31]. Compos-
ite indicators are therefore valuable only when their construction is transparent, and each
component is clearly defined, weighted, and benchmarked against relevant survey-based
or operational evidence [149].
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The reliability of social media-based service-quality measurement depends on rig-
orous execution across the full analytical process, rather than on model sophistication
alone. Data-source selection, sampling, preprocessing, model performance, aspect map-
ping, spatiotemporal attribution, and external validation all shape the credibility of the
final output [15,42]. A reliable approach must define the user signal being captured, distin-
guish between emotion, sentiment, complaints, and satisfaction, connect outputs to clearly
specified service attributes, account for platform bias, and validate interpretations through
expert annotation, surveys, or operational data [23,26,33,41,51,150].

Overall, social media data are valuable for real-time transport quality monitoring,
but they are not self-validating [33]. User-generated content can reveal what users ex-
press, where dissatisfaction emerges, which attributes trigger strong reactions, and how
perceptions evolve over time [18–20]. However, its use as a satisfaction indicator requires
methodological restraint [95]. Social media analytics should therefore complement, rather
than replace, traditional surveys and operational data [33,51,95].

6. Discussion
6.1. Evidence Weighting and Transferability Across the Review Corpus

Before proposing the validation-oriented framework, it is necessary to clarify how
evidence is weighted across the review corpus. The synthesis does not assign equal
evidentiary status to all retained records. Claims about public-transport service quality and
satisfaction-related evidence are grounded primarily in the core public-transport subset,
whereas adjacent passenger-mobility and methods/theory studies are used selectively for
transferable methodological, conceptual, or validation-related insights. Table 8 summarizes
selected coded variables from Supplementary Table S1 to distinguish the direct public-
transport evidence base from the remainder of the corpus.

Table 8. Evidence map of corpus characteristics, analytical approaches, and valida-
tion/integration patterns.

Evidence-Map Axis Core Public-Transport Studies,
n = 65 Remaining Corpus, n = 195 Interpretation for the Review

Mode/sector

General or multimodal public
transport: 28 records (43.1%);

metro/light rail: 16 (24.6%); rail:
11 (16.9%); bus: 10 (15.4%).

Adjacent passenger-mobility
domains, including aviation,

airports, ride-hailing,
micromobility, shared mobility,
MaaS, app-based mobility, and

methods/theory records.

The core evidence base is
multimodal but more

concentrated in urban public
transport contexts. The

remaining corpus supports
methodological transfer

rather than direct
public-transport claims.

Platform
Twitter/X: 39 records (60.0%);

Sina Weibo/Chinese
microblogging: 10 (15.4%).

Twitter/X: 68 records (34.9%);
Sina Weibo/Chinese

microblogging: 4 (2.1%).

Short-form social media is
especially dominant in

public-transport
service-quality research.

Content type
Social media posts: 52 records

(80.0%); online reviews:
7 (10.8%).

Social media posts: 89 records
(45.6%); online reviews:

83 (42.6%).

Public-transport evidence is
more social-media-based,

while online reviews are more
prominent in adjacent

mobility domains.
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Table 8. Cont.

Evidence-Map Axis Core Public-Transport Studies,
n = 65 Remaining Corpus, n = 195 Interpretation for the Review

Analytical method

Keyword/frequency analysis:
57 records (87.7%); text

mining/NLP: 54 (83.1%);
sentiment analysis: 50 (76.9%);

content/thematic/manual
analysis: 43 (66.2%);

temporal/event analysis:
38 (58.5%); model

comparison/evaluation:
35 (53.8%); machine-learning

classification: 33 (50.8%).

Sentiment analysis: 152 records
(77.9%); keyword/frequency

analysis: 132 (67.7%); text
mining/NLP: 114 (58.5%);

model comparison/evaluation:
123 (63.1%); machine-learning

classification: 113 (57.9%);
content/thematic/manual

analysis: 102 (52.3%).

Sentiment analysis is dominant
in both groups, but the

remaining corpus has a stronger
model-evaluation orientation.

Topic, aspect, spatial and
temporal analysis

Topic modeling: 21 records
(32.3%); aspect/service-attribute

analysis: 12 (18.5%);
spatial/geospatial analysis:
18 (27.7%); temporal/event

analysis: 38 (58.5%).

Topic modeling: 51 records
(26.2%); aspect/service-attribute

analysis: 43 (22.1%);
spatial/geospatial analysis:
12 (6.2%); temporal/event

analysis: 47 (24.1%).

Spatial and temporal
contextualisation is

proportionally stronger in
core public-transport studies.

Service-quality link
strength

Strong link: 52 records (80.0%);
moderate link: 13 (20.0%).

Strong link: 115 records (59.0%);
moderate link: 64 (32.8%); weak

link: 16 (8.2%).

The core subset provides the
strongest direct basis for

public-transport
service-quality synthesis.

Interpretive strength

Satisfaction-related evidence:
33 records (50.8%); perception

signal: 15 (23.1%);
non-sentiment service-quality

mapping: 16 (24.6%); direct
satisfaction proxy: 1 (1.5%).

Satisfaction-related evidence:
81 records (41.5%); perception

signal: 52 (26.7%);
non-sentiment service-quality

mapping: 46 (23.6%); direct
satisfaction proxy: 16 (8.2%).

The core subset strongly
supports the argument that

sentiment should not be
treated as a direct

satisfaction measure.

Primary validation level

Multi-source triangulation:
23 records (35.4%); manual
annotation: 20 (30.8%); no

external validation: 9 (13.8%);
cross-model comparison:
7 (10.8%); survey/rating
benchmarking: 6 (9.2%).

Cross-model comparison:
64 records (32.8%);

survey/rating benchmarking:
53 (27.2%); manual annotation:

37 (19.0%); no external
validation: 28 (14.4%);

multi-source triangulation:
13 (6.7%).

Public-transport studies show
proportionally stronger

multi-source triangulation,
while the remaining corpus
relies more on cross-model

and rating-based validation.

Specific validation
practices

Manual annotation: 32 records
(49.2%); model-performance

validation: 31 (47.7%);
operational-data comparison:

22 (33.8%); survey comparison:
7 (10.8%); cross-model

comparison: 7 (10.8%); ratings
comparison: 3 (4.6%).

Model-performance validation:
113 records (57.9%); manual

annotation: 48 (24.6%);
cross-model comparison:

65 (33.3%); ratings comparison:
50 (25.6%); operational-data

comparison: 10 (5.1%); survey
comparison: 4 (2.1%).

Technical validation is
common in both groups, but
operational-data comparison

is much more visible in
public-transport studies.

Survey and operational
integration

Survey linkage: 8 records
(12.3%); operational linkage:

23 (35.4%).

Survey linkage: 4 records (2.1%);
operational linkage: 18 (9.2%).

Survey integration remains
limited, while

operational-data linkage is
more common in the core
public-transport subset.

Multi-source triangulation
and no external validation

Multi-source triangulation:
23 records (35.4%); no external

validation: 9 (13.8%).

Multi-source triangulation:
13 records (6.7%); no external

validation: 28 (14.4%).

Multi-source triangulation is
more visible in core studies

but remains far
from universal.

Note: Primary validation level records the main validation approach assigned to each study. Specific validation
practices are not mutually exclusive and may be applied to multiple records.
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Table 8 shows that the direct public-transport evidence base differs from the remaining
corpus in several important ways. Core public-transport studies are more strongly domi-
nated by Twitter/X and short-form social media posts, and they show a stronger spatial,
temporal, event-based, and operational orientation. Operational data comparison and
multi-source triangulation are also more evident in the core subset. These patterns support
the review’s public-transport-specific conclusions regarding social media as a signal of
perception and disruption, the need for spatiotemporal anchoring, and the importance of
operational data for interpreting service-quality evidence.

By contrast, the remaining corpus contributes primarily transferable methodologi-
cal and interpretive evidence. Adjacent mobility studies, especially aviation, app-based
mobility, and online-review studies, provide useful examples of review-based analysis,
rating comparison, and service-attribute interpretation, but they are not treated as direct
evidence on public-transport service quality. Methods/theory records inform the method-
ological framing of the review, including text mining, model evaluation, preprocessing,
class imbalance, transformer-based modeling, and validation, but do not carry the same ev-
identiary weight as the core public-transport studies for claims about passenger satisfaction
or service quality.

This distinction also clarifies the status of the proposed framework. The framework
is not presented as a standardized workflow consistently implemented throughout the
literature. Rather, it synthesizes practices that appear unevenly across the reviewed studies,
including manual annotation, model performance validation, service-aspect mapping,
survey or rating comparison, operational data linkage, and multi-source triangulation. It
then extends these observed practices into a more explicit validation-oriented evidence-
to-decision logic, including contextual anchoring, uncertainty assessment, confidence
thresholds, and conflict-handling rules. These latter elements should therefore be read
as a proposed direction for future research and applied decision support, rather than as
established practice across the reviewed corpus.

6.2. Proposed Validation-Oriented Framework for Service-Quality Evidence and Decision Support

The literature indicates that social media data mining is most valuable for assess-
ing transport service quality when computational outputs are embedded in a broader
measurement and decision-support logic [51,95]. The central question is therefore not
whether user-generated content is useful, but under what conditions unstructured textual
information can be interpreted as service-quality-relevant evidence and used to support
monitoring, planning, or policy evaluation [40,52,142].

Social media, surveys, complaints, and operational data capture different but comple-
mentary dimensions of the public transport experience. Social media provide immediacy
and sensitivity to emerging issues [6,20]; surveys offer structured and more representative
passenger evaluations [45]; complaints capture formal escalation; and operational data pro-
vide evidence of service conditions, disruptions, demand, and performance [51]. No single
source is sufficient on its own. Social media signals may reveal visible or frustrating events,
but they do not automatically establish causality, representativeness, or population-level
satisfaction [33,142].

Building on the literature-derived components summarized in Figure 2, the pro-
posed framework in Figure 3 does not introduce a new technical text-mining pipeline. Its
contribution is to reposition existing analytical components within a validation-oriented
evidence-to-decision logic. Unlike Figure 2, which summarizes components observed
unevenly across the reviewed studies, Figure 3 is prescriptive: it identifies the interpretive,
contextual, and validation conditions required before social media outputs can inform
service-quality monitoring or policy action. In this framework, sentiment scores, topics,
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aspects, emotions, and complaint labels become decision-support evidence only when they
are mapped to explicit service aspects, anchored in spatial and temporal context, assessed
against external evidence, and interpreted with uncertainty and source limitations in mind.

Figure 3. Structure and functions of the proposed validation-oriented framework.

Several reviewed studies approximate parts of this logic by linking social-media-
derived outputs with survey data, operational indicators, GTFS or APC data, smart-card
validations, complaint records, spatial patterns, or official service indices [41,79]. Other
studies move towards indicator construction, urgency classification, or operational decision-
support outputs, including complaint maps, performance metrics, topic-based indicators,
and response-oriented classifications [106,107]. These examples show that many compo-
nents of a validation-oriented approach already exist in the literature. However, they
remain unevenly developed: explicit confidence thresholds, conflict-handling rules, and
actionability criteria are still limited.

Consistent with the evidence-weighting logic outlined above, the proposed framework
synthesizes these unevenly observed practices into a more explicit validation-oriented
evidence-to-decision logic.

1. Data source definition. This function defines the type of textual evidence used, such
as social media posts, online reviews, app feedback, complaints, or open-ended
survey comments. Different sources capture different forms of passenger experience;
a disruption-related tweet is not equivalent to a formal complaint or a reflective
post-use review.

2. Text preparation and signal extraction. This function involves filtering, preprocessing,
and extracting computational signals, such as sentiment, topics, emotions, aspects,
and complaint labels. Transport-relevant information, including line and station
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names, route references, accessibility terms, hashtags, emojis, and negation, should be
preserved where analytically meaningful.

3. Service-aspect mapping. This function maps text-derived outputs to specific transport
service dimensions, such as reliability, comfort, safety, accessibility, affordability,
information provision, staff interaction, and disruption management. This step links
computational outputs to meaningful service-quality constructs.

4. Contextual enrichment and spatial-temporal anchoring. This function links textual
outputs to contextual information, including mode, route, station, time, disruption
status, weather conditions, trip stage, and user characteristics where available. The
meaning of user sentiment depends on when, where, and under what operating
conditions it is expressed.

5. Validation, triangulation, and uncertainty assessment. This function compares social
media-derived signals with external evidence, such as surveys, operational data,
disruption logs, smart card data, complaint records, and ratings. The purpose is not
to prove that social media data are representative of all passengers, but to assess
whether the signal is credible, contextually plausible, and consistent with other forms
of evidence.

6. Indicator construction and decision support. This function translates sufficiently
validated and contextually interpreted signals into decision-support outputs, such
as aspect-level sentiment scores, complaint maps, perception metrics, equity alerts,
hotspot maps, or composite indices. These outputs should support monitoring,
investigation, policy evaluation, or targeted operational response, while remaining
conditional on transparent documentation of data limitations, assumptions, validation
evidence, uncertainty, and decision context.

This framework positions social media data mining as part of a broader service-
quality measurement and decision-support system. It does not reject sentiment analysis;
rather, it defines its appropriate role. Sentiment should be used as a dynamic signal
of expressed evaluation, not as a standalone measure of satisfaction. When combined
with aspect extraction, contextual enrichment, spatial–temporal anchoring, triangulation,
and uncertainty assessment, it can support more credible service-quality monitoring and
decision support.

To make the proposed framework more concrete, consider an illustrative scenario for
monitoring reliability-related dissatisfaction in a metropolitan public transport network.
The example is not presented as a new empirical case study, but as an implementation
scenario showing how the framework could be operationalized in practice.

The textual source would consist of public social media posts mentioning the transport
authority, operator accounts, line names, route numbers, station names, stops, disruption
terms, and mode-specific keywords during a defined monitoring period. Retweets, official
service announcements, advertisements, spam, and non-passenger posts would be removed
or coded separately so that the analytical corpus focuses on passenger-generated evaluative
content. The service aspect measured would be reliability, including references to delays,
cancellations, long waiting times, missed connections, unexpected closures, irregular
headways, and disruption-related crowding.

Text-derived outputs would include reliability-related post volume, aspect-level sen-
timent, complaint categories, topic clusters, and, where possible, emotion or urgency
labels. These outputs would not be treated as direct satisfaction scores, but as reliability-
related perception signals requiring contextual anchoring and validation. Contextual data
would include service-status records, disruption logs, planned works, timetable or head-
way data, ridership or smart-card validations, complaint records, and relevant passenger
survey indicators.
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Validation would proceed through three checks: manual annotation of a sample, model
performance assessment, and external comparison with disruption logs, complaints, rider-
ship anomalies, service status records, or survey trends. Agreement with external evidence
would strengthen construct validity, but it would not prove causality, representativeness,
or population-level satisfaction.

Conflicting information would be handled through triangulation. Operational records
indicate whether a measurable service event occurred; social media posts indicate the visi-
bility and perceived passenger impact of the event among digitally active users; complaints
capture formal escalation; and surveys provide broader but less immediate passenger
evaluation. The final decision-support output could be a reliability perception dashboard
by line, route, station, time period, and disruption event. Table 9 presents a simple deci-
sion rule for determining when a social-media-derived indicator is sufficiently reliable to
support action.

Table 9. Decision rule for using social-media-derived service-quality indicators.

Signal Confidence Minimum Evidence Criteria Interpretation Recommended Response

Low

Isolated or low-volume posts;
uncertain service aspect; weak

spatial/temporal match; no
external corroboration

Possible perception
signal only

Monitor; no direct
operational action

Medium

Repeated posts above baseline;
acceptable classification

confidence; partial
spatial/temporal match; partial

support from complaints,
operational data, or
contextual evidence

Plausible emerging
service-quality issue

Investigate; check operational
logs, complaints, staff reports,
passenger information, and

local context

High

Clear increase above baseline;
validated service-aspect

classification; specific
line/route/station and time

window; corroboration by at least
one independent source, such as

disruption logs, complaints,
survey trend, ridership anomaly,

or service-status record

Credible service-quality
signal with

decision-support value

Act or escalate; adjust
operations, improve passenger
information, inspect affected
service, or trigger targeted

follow-up survey

This worked example illustrates the added value of the proposed framework. Ex-
isting studies already construct social-media-derived indicators, spatial complaint maps,
perception metrics, urgency classifications, and decision-support outputs. However, the
proposed framework integrates these elements into a more explicit evidence-to-decision
logic by requiring service-aspect mapping, contextual anchoring, triangulation, uncertainty
assessment, and a transparent decision rule before social-media indicators are used to
support operational or policy decisions.

6.3. Future Research Priorities and Implications

Five research priorities emerge from the review.
First, future studies should develop hybrid indicators that combine social media senti-

ment, service aspects, surveys, complaints, and operational data [33,51]. Research should
move beyond algorithmic accuracy and test whether computational indicators correspond
to meaningful service-quality patterns, thereby strengthening construct validity [41,95].
Survey validation can reveal whether online expressions reflect broader passenger opinions

https://doi.org/10.3390/electronics15143086

https://doi.org/10.3390/electronics15143086


Electronics 2026, 15, 3086 28 of 38

or mainly capture extreme dissatisfaction due to negativity bias and self-selection [95,114].
Operational validation can assess whether negative sentiment related to reliability, safety,
crowding, or information provision aligns with observed service conditions [51]. Future
work should also define confidence criteria for when hybrid indicators are suitable for
monitoring, investigation, or intervention, rather than treating any statistically significant
association between social media and external data as sufficient evidence for action.

Second, research should focus on aspect-based, emotion-aware, and context-sensitive
models. Service quality is multidimensional, and passengers often evaluate conflicting
aspects in a single post [28]. Document-level sentiment methods may miss these nu-
ances [88,151], whereas ABSA links sentiment to specific service attributes and provides
more actionable diagnostics [44]. Future work should also integrate emotion analysis,
since discrete emotions such as anger, fear, frustration, anxiety, trust, and relief may reveal
distinct passenger experiences and service-quality concerns [23,108]. These approaches re-
quire domain-specific adaptation, including custom ontologies, service-quality dictionaries,
transport-aware language models, and validation against manually annotated or externally
benchmarked data [19,26,77].

Within this methodological progression, the application of LLMs represents an im-
portant emerging direction for interpreting unstructured passenger-generated text [29,30].
LLMs may offer greater flexibility in aspect extraction, contextual sentiment interpretation,
and the semantic mapping of informal passenger feedback to service-quality dimensions,
particularly in short, noisy texts that contain implicit meanings, mixed sentiment, sarcasm,
or references to operational events [29,30]. However, their use introduces methodological
risks, including prompt sensitivity, limited reproducibility, model opacity, hallucinated
explanations, contextual reasoning errors, ambiguity misclassification, privacy concerns,
and the need for domain-specific validation [29,30]. LLMs should therefore be treated
as supplementary components within a validation-oriented analytical framework, not as
autonomous shortcuts for satisfaction measurement. Their outputs should be anchored
to expert-defined service-quality taxonomies, manual annotation, survey-based evidence,
and operational data [29,152].

Third, bias mitigation and equity analysis are critical. Social media users are not
representative of all passengers, affecting equity-sensitive planning [6]. Online data may
overrepresent younger, more digitally active, and more affluent users, while underrepre-
senting older passengers, low-income users, disabled passengers, non-native speakers, or
passengers with limited digital access [35,45,46]. Studies should therefore assess platform,
demographic, and language bias and avoid prioritizing interventions solely on the basis of
topic volume. Small clusters related to harassment, accessibility, discrimination, safety, or
exclusion may signal severe issues even when they are infrequent [22]. Equity-sensitive
indicators should therefore combine signal volume with issue severity, affected user group,
spatial concentration, and corroborating contextual evidence.

Fourth, research should develop multilingual, multimodal, and platform-sensitive
methods. Restricting analysis to English-language data or to a single dominant language
may exclude relevant passenger groups and introduce bias [92]. Multilingual models,
language-specific preprocessing, validated translation workflows, and multilingual lexicons
can help reduce errors across diverse passenger populations [92,140,153]. Platform sensitiv-
ity is necessary because platforms such as Twitter/X [18,21,50], app store reviews [70,71],
and CRM complaints [26] capture different forms of passenger expression and different mo-
ments of the service experience. Multimodal analysis using images, emojis, or visual cues
can supplement text, but it presents technical, ethical, privacy, and interpretive challenges
and must remain aligned with service-quality goals [88,139].
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Fifth, decision-support systems must be transparent, interpretable, and confidence-
based. Social media mining can help operators identify problem locations, affected service
dimensions, and emerging perception signals, but these outputs should not automatically
trigger operational or policy responses. Future systems should make explicit how confi-
dence levels are assigned, how conflicting evidence from social media, complaints, surveys,
and operational records is handled, and what type of response is appropriate under low-,
medium-, or high-confidence conditions. Explainable Artificial Intelligence (XAI) and
transparent conceptual design can help address black-box issues by providing managers
with the reasoning behind specific sentiment, aspect, or classification outputs [29,30,154].
A dashboard displaying spatial clusters of negative sentiment is operationally useful only
if the underlying data source, classification method, spatial inference logic, validation pro-
cess, uncertainty level, and recommended response are transparent and methodologically
justified to stakeholders [15,41].

The field should therefore move from exploratory social media mining towards vali-
dated, context-sensitive, and theory-informed service-quality assessment. Social media-
derived indicators can support timely monitoring, disruption detection, complaint cat-
egorization, and public perception tracking [19]. Their analytical value increases when
sentiment is linked to specific service aspects, spatial and temporal contexts, and cor-
roborated by survey-based or operational evidence [28,51]. Advanced computational
models, including transformers, domain-adapted variants, and LLMs, can improve aspect
classification and semantic interpretation [26,30,155], but they must be integrated with
service-quality theory, domain expertise, transparent assumptions, and rigorous external
validation [26,29]. These tools should therefore be understood as complementary diag-
nostics rather than definitive measures of customer satisfaction [95]. The most credible
approach is a triangulated service-quality and decision-support framework, in which social
media provides timely perception signals [6], surveys offer structured and demographic
passenger evaluations [41], complaints capture formal escalation, and operational datasets
provide empirical evidence of service conditions [51]. Integrating these layers offers a
more robust and actionable basis for assessing transport service quality than relying on any
single source [33,51], provided that uncertainty, confidence levels, and source conflicts are
made explicit.

7. Conclusions
This paper reviewed how social media data mining and natural language processing

have been used to extract service-quality indicators, satisfaction-related evidence, and
decision-support signals from user-generated textual data in transport research. It exam-
ined the analytical pathway through which social media posts, online reviews, app-store
reviews, and complaint records are transformed into computational outputs, including
sentiment scores, topics, aspects, emotions, complaint categories, and composite service-
quality indicators.

The review shows that social media and other forms of user-generated text provide
valuable but partial evidence of passenger experience. These data capture timely and
context-specific expressions of user perception, revealing service problems, dissatisfaction,
safety and accessibility concerns, and digital service failures that may be less visible in
traditional survey instruments. Their main contribution lies in supporting the monitoring
of public reactions, the identification of service pain points, and the detection of shifts in
user discourse across operational, spatial, and temporal contexts.

At the same time, the findings confirm that sentiment analysis alone cannot be consid-
ered a valid measure of customer satisfaction. Sentiment captures the affective tone of a text,
whereas satisfaction is a broader evaluative judgment shaped by expectations, perceived
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performance, service attributes, and context. Interpreting positive sentiment as satisfaction
and negative sentiment as dissatisfaction is therefore conceptually weak unless supported
by aspect-level interpretation, contextual information, and external validation. Sentiment
should be understood as an intermediate analytical signal rather than as a standalone
satisfaction measure.

The reviewed literature demonstrates increasing methodological sophistication, mov-
ing from lexicon-based sentiment classification towards machine learning, deep learning,
topic modeling, ABSA, emotion detection, and hybrid analytical frameworks. These meth-
ods improve the extraction of meaning from large and noisy textual datasets. However,
technical sophistication does not automatically produce valid evidence of service quality.
Even highly accurate classifiers may generate weak or misleading conclusions if the under-
lying data are biased, the operational context is unclear, or the outputs are not validated
against external evidence.

A central limitation identified in the review is the gap between technical and substan-
tive validation. Many studies assess classification performance using technical metrics, but
fewer examine whether text-derived outputs correspond to actual passenger satisfaction
or service-quality conditions. In transport research, validation must therefore extend be-
yond model accuracy to include comparison with surveys, ratings, manual annotations,
operational records, complaints, and other external evidence. The strongest approaches
are those that triangulate social-media-derived indicators with structured satisfaction mea-
sures and operational performance data. Such triangulation should not be understood
as a simple search for agreement across sources; it also requires explicit handling of dis-
agreement, uncertainty, source bias, and confidence thresholds before indicators are used
to support action.

Several methodological risks remain. Social media users are not representative of the
full passenger population, and online discourse is shaped by platform characteristics, self-
selection, and negativity bias. Complaint-rich data may overrepresent dissatisfaction, while
routine or positive experiences are often underreported. Linguistic ambiguity, sarcasm,
multilingual content, emojis, bots, and weak spatial attribution further complicate analy-
sis. These limitations require cautious interpretation, transparent preprocessing, explicit
mapping to service-quality dimensions, and rigorous validation.

Overall, this paper positions social media data mining as one component of a broader
transport service-quality measurement system. Sentiment provides a dynamic signal of
passengers’ expressed perceptions; aspect extraction identifies the service dimensions being
evaluated; contextual enrichment links these signals to mode, location, time, and disruption
conditions; and validation assesses whether the resulting indicators align with broader
satisfaction or operational evidence. This approach avoids both dismissing social media
data as too biased to be useful and treating sentiment as a direct substitute for traditional
survey-based assessment. It also clarifies that social-media-derived indicators should
inform monitoring, investigation, or response only when supported by transparent service-
aspect mapping, contextual anchoring, validation evidence, and confidence assessment.

Future research should prioritize hybrid, validated, and context-sensitive frameworks
for measuring transport service quality. Key priorities include developing aspect-based
models tailored to transport service quality, integrating social media analytics with sur-
vey, complaint, and operational datasets, addressing representativeness and equity con-
cerns, improving multilingual and platform-specific analysis, and designing transparent
decision-support tools with explicit confidence thresholds and conflict-handling rules.
The objective should not be to replace traditional passenger surveys with social media
analytics, but to integrate both within a more responsive, multi-source, and interpretable
assessment framework.
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In conclusion, social media data mining has considerable potential to support the
evaluation of transport service quality, provided that its outputs are interpreted with
conceptual and methodological rigor. Sentiment is not equivalent to satisfaction; it becomes
satisfaction-relevant only when linked to service attributes, contextual conditions, and
validation evidence. Even then, it should be interpreted as decision-support evidence
rather than as proof of population-level satisfaction. This distinction is essential for moving
from exploratory opinion mining towards robust, actionable, and theoretically grounded
service-quality measurement in transport.
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