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Abstract. The digital technology has transformed the platform-based transporta-
tion services and now, digital customer experience is playing a pivotal role in the
success of the service. But, there is a constant mismatch between what is expected
from the services and what the users experience, which can be seen in the social
media discourse. The goal of this study is to analyze the construction of digital
customer experience, its communication and its impact on online motorcycle taxi
services. The research uses a multi-method design, combining sentiment analy-
sis, social network analysis, text network analysis, emotion classification, and
trend analysis on social media discourse to get a comprehensive grasp of user-
generated discourse and its complexity. The results show that the digital customer
experience is multi-dimensional by nature, sometimes being characterized in a
positive way and sometimes in a negative way, and the act of speaking publicly
of it is a mixture of positive and negative. Furthermore, the discourse is struc-
tured, with the main actors being in the center of opinion formation and dissem-
ination in the digital network. These findings enable the theoretical sophistication
of the digital customer experience and the digital public sphere, since they show
how individual experiences turn into collective perceptions, as a result of their
interaction. For the practice, the study highlights the significance of businesses
proactively engaging in digital conversations, enhancing their services, and ef-
fectively managing digital communities.

Keywords: Public Discourse, Digital Customer Experience, Online Motorcycle
Taxi (Ojek Online), Social Network Analysis, Sentiment Analysis.

1 Introduction

Mobile apps, real-time data and interaction with users have revolutionised the services
landscape, particularly in platform-services, which have been digitalised [1]. In this
situation, digital customer experience has thus become crucial to service success, af-
fecting the perception of service, its evaluation and interaction with digital systems.
Digital customer experience is the customer's perception of the whole created by
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various digital touchpoints, such as mobile applications, social media and online service
ecosystems [2], [3], [4]. Platform-based services are supposed to provide seamless, ef-
ficient, and user-oriented experience to improve user satisfaction and long-term user
engagement [5].

But empirical evidence suggests that the digitalisation of the customer experience in
platform-based transportation services has not achieved these goals in full [6]. The con-
cerns raised by the public in online discussions often include problems with service
reliability, cost, algorithm transparency, provider—user interactions, and service incon-
sistencies [7]. These are expressed in the users created content through social media in
a range of perceptions from satisfaction to dissatisfaction [8]. The state indicates that
there is a disconnect between what users experience and what they expect, as well as
the need to gain a broader knowledge of how digital customer experience is created and
communicated in the real world.

Digital Customer Experience (DCX) is created when customers engage with a num-
ber of digital touches along the way, such as mobile apps, online payment platforms,
customer service, and driver interactions. In digital platform ecosystems, however, such
individual experiences are seldom kept private. People are externalizing their assess-
ments on social media platforms, enabling them to share their experiences with others.
In the Digital Public Sphere, these stories are subject to interaction, amplification, en-
dorsement and interpretation by other users, which can transform personal experiences
into collective perceptions that impact on the understanding of the quality of the plat-
form [9].

This study combines theory of Digital Customer Experience with the theory of Dig-
ital Public Sphere to propose that social media is the mediating space, the private Cus-
tomer Experience is socially constructed in the shared public sphere. As digital inter-
actions repeat, knowledge spreads through the network and emotions are reinforced,
collective assessments of online motorcycle taxi services are formed. Digital Customer
Experience is therefore not just a psychological phenomenon and reflection of one per-
son but also a socially negotiated phenomenon that occurs in digital communication
networks [10].

There have been a number of previous studies focusing on digital customer experi-
ence from different angles, such as the one that has explored the impact of digital cus-
tomer experience on customer engagement [11], customer satisfaction and loyalty [12]
and value creation in digital environments [3]. Other newer research further emphasizes
the interconnectedness of customers' experiences in the Social Media context, the ways
in which they negotiate them collectively and individually, and the ways in which they
echo these experiences [13]. Furthermore, the realtime insights from user-generated
content are currently becoming more commonplace by using large data analysis sys-
tems such as sentiment analysis and machine learning [14].

But the present studies in the realm of digital discourse are mostly single focused
(survey or single method analysis), hence fail to adequately reflect multi-dimensional-
ity of digital discourse [15]. Most of the studies are still centered on structured data,
that have less ability to support the dynamics of natural interactions and conversations
that take place on social media [16]. Besides, there are hardly any studies integrating
more than a single computational approach (e.g., text analysis, network analysis,
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sentiment classification and temporal trend analysis) in a single analytical structure
[17]. These constraints suggest that there is a lack of understanding concerning the so-
cial construction of customer experience through digital interactions as well as the in-
dividual process of its construction.

This research propose a new perspective on digital customer experience, combining
several analytical approaches to analyze social media discourse. In this research, the
word cloud extraction method is combined with the Text Network Analysis (TNA),
sentiment classification using the IndoBERT Large P2 model, Zero-Shot Classification,
Social Network Analysis (SNA), and trend analysis. This multi-method approach al-
lows for a more in-depth analysis of customer's expressions of their experiences, as well
as how they relate to each other and change over time in digital environments [18]. The
study is rooted in the Digital Customer Experience framework [2] and underpinned by
the idea of the Digital Public Sphere that is used to describe how perceptions are created
in digital environments through interaction and discourse [19].

Study's novelty is the integrative methodological approach and the use of a massive
amount of social media data to reflect the complexity of digital customer experience.
This research is different from previous studies, which mostly used only one computa-
tional analysis technique, as it incorporates multiple computational analysis techniques
to uncover patterns of sentiment, relationships, themes, emotions and time trends in the
public discourse. As such, this study offers a more detailed and holistic understanding
of the process of platform-based service ecosystems in which digital customer experi-
ence is created, challenged and shared.

In view of this background, the aim of this study is to analyze the Digital Customer
Experience in Platform-based Transportation Services using Social Network Analysis
and Sentiment Analysis Approach. Specifically, this study will seek to discover domi-
nant themes and narratives in the user's conversation, understand sentiment and emo-
tional patterns within their customer experience, and map the network structure of user
interactions as well as understanding the public conversation over time. The study is
anticipated to make theoretical and practical contributions to the field of understanding
digital customer experience in today's digital service environment through these objec-
tives.

The following research questions are answered in this study:

1. How is public discourse on social media used to create and shape digital cus-

tomer experience in online motorcycle taxi services?

2. Which sentiment, emotion and theme trends appear from social media discus-

sions regarding online motorcycle taxi services?

3.  What are the effects of key actors and network structures on the dissemination

and framing of customer experience narratives in the digital public sphere?

2 Methodology

This research is conducted using a Social Network Analysis (SNA) with Sentiment
Analysis technique to explore the dynamics of digital customer experience in the plat-
form-based transportation sector in public discourse on a social media platform, namely
X (Twitter). This method is selected as it can not only uncover the structure and
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interaction between users in digital conversation networks but also expose public sen-
timents around services discussed within these networks. This study utilizes Social Net-
work Analysis (SNA) approaches to map the relationships between actors, characterize
accounts as influencers and/or hubs of information flow, and explore how information
about customer experience flows through social networks. Meanwhile, sentiment anal-
ysis is applied to assign positive, negative or neutral sentiment to opinions, thereby
generating an overview of public perceptions and evaluations of platform-based
transport services. This method is chosen because social media is becoming a known
source of data that can capture public opinion in real time and at scale. Furthermore,
social media is a virtual public place where the users interactively share their experi-
ences, opinions and evaluations of the services they receive [20], [21]. By using SNA
and sentiment analysis, this study can not only grasp, but also monitor the way users
think about a brand, the reasons behind it, and the way it is being promoted in the digital
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Fig. 1. Methodology Framework

The data collection time was set between April 24, 2026, 06:00 and 06:12, the search
time was set between January 1, 2026, and April 24, 2026. These include the keywords
such as “Ojek Online” OR “Ojol” OR “Ojek Daring.” These keywords were chosen to
reflect variations of the conversations that are relevant to the experiences users have
with transportation through an app [22], [23]. The data gathered are public tweets
(mode: all languages), enhanced by critical information generated automatically, like
timestamps, mentions of interactions (likes, replies, reposts), etc., or by relationships
with other users (relationships based on mentions). The systematic and transparent data
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collection process with the use of SocialX upholds the principle of reproducibility in
scientific research [24]. Thus, this study can be replicated by other researchers using
the same configuration. The next phase is data preprocessing to ensure that the data is
of good quality and suitable for analysis. This is done automatically by SocialX and
involves removing text from URLs, emoji, non-standard characters and duplicate data.
Besides, text normalization process is conducted by tokenizing and lowercasing the text
data to standardize the text data structure [25], [26]. In unstructured data research, this
process is very important to eliminate noise or possible bias that can impact the analysis
outcomes. In the analysis stage, it means that the data analyzed is more consistent and
can be processed by various computation methods [27].

The Main part of the study is performed with the help of a few computational anal-
ysis approaches, all implemented within the framework of SocialX. First, Sentiment
Analysis is used to automatically categorize public opinions as positive, negative and
neutral, and to visualize the sentiment distribution in the conversation network [28].
Sentiment classification is carried out by using SocialX sentiment analysis API that
uses a language model based on Indonesian ROBERTa/IndoBERTa to process the In-
donesian social media data. Because SocialX is a commercial proprietary platform, spe-
cific information about the platform architecture of the underlying model, validation
processes, and performance metrics are not made publicly available [29]. Hence, the
reliability of the language model is substantiated by the previous studies on IndoBERT
that has been consistently shown to be state-of-the-art in Indonesian Natural Language
Understanding (NLU) tasks. When evaluating the performance of IndoBERT Large on
the IndoNLU benchmark [30], the model achieved an average classification score of
around 88.43%, which is better than some multilingual transformer models. In addition,
recent fine-tuned studies with IndoBERT-BASE-P2 on Indonesian Twitter data have
re-ported the accuracy of 84.43% and macro F1-score of 84.33% for sentiment and text
classification on social media data [31] which shows the effectiveness of transformer-
based language models for sentiment and text classification on informal Indonesian
social media texts.

In addition, transformer based language models like IndoBERT are particularly
suited to extracting the semantic information of the context because they can better
identify in-formal language, abbreviations, lexical variations and conversational writ-
ing styles common in social media, which are not well captured by conventional ma-
chine learning techniques. In model development, elements specific to Twitter
(usernames, hashtags, URLs and other types of noisy tokens) are normalized or masked,
so that the context is better understood. However, sarcasm, implicit meanings, irony
and very context dependent expressions are still difficult for automated systems for
sentiment classification. Therefore, the SocialX sentiment labels should be understood
not as definitive measures of public opinion but rather as estimates of public opinion
based on computation [31].

Second, Zero-Shot Classification, which is used to classify topics without any train-
ing data is used, enabling flexible classification of new topics in the dataset [32]. Third,
Trend Analysis is applied to track the trends in conversation intensity over time, which
helps to identify some moments in time that trigger a rise in the level of public conver-
sation [33]. Fourth, Text Network Analysis (co-word network) can be employed to look
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for dominant keywords and relations among the concepts in the text, creating a thematic
structure which shows the main position of the discourse.

This makes it easy to get a quick view of public opinion and its trend over time [34],
[35], [36]. All the analytical results are then read against the theoretical underpinnings
of the Digital Customer Experience and the Digital Public Sphere. Digital Customer
Experience is a concept that focuses on the customer experience as a result of the vari-
ous different aspects of a digital interaction that form the whole experience, cognitive,
emotional and social [37]. In the meantime, the idea of the Digital Public Sphere [38]
describes how social media becomes a digital public space in which people not only
express their opinions, but also engage in the act of collectively building meaning
through discourse and interaction. This study integrates both views to illustrate the pro-
cess of customer experience from personal experiences to public perception, and how
the perception of the service image can affect the overall service image [39].

Overall, the research method aims to ensure transparency, accountability and repro-
ducibility in the research process, which is described in a detailed and systematic way.
Using SocialX as an analytical tool makes the research process consistent, documented
and reproducible by other researchers with the same parameters.

3 Result and Discussion

3.1 Result

The data set in this research was 300 tweets extracted using data mining technique
through SocialX platform on April 24, 2026. All posts were pulled from the X (formerly
Twitter) feed between January 1, 2026, and April 24, 2026. Data collection was done
through posts that are publicly available by searching the key words Ojek Online, Ojol,
and Ojek Daring, as well as their corresponding hashtags, to get information regarding
online motorcycle taxi services. These were chosen to capture as wide a range of cus-
tomer experiences and perceptions of the subject as possible as well as the public dis-
course on the subject.

The final data yielded tweet content, dates, user information, and data on social in-
teractions that occurred with each tweet such as retweets, replies, mentions, likes, and
quote tweets enabling both text and network analysis. The data was then cleaned by
eliminating duplicate posts, ads, spam, bot-generated content, and irrelevant discus-
sions from the posts that were not associated with online motorcycle taxi services. Only
posts with customer opinions, experiences in services or transportation related discus-
sions were posted if the content was not purely promotional or a repost of a news post
without customer discussion. The data collection methodology employed the “all lan-
guages” option in SocialX and hence, the resulting dataset represents multilingual pub-
lic discourse which allows a wider representation of online conversations about digital
transportation services.

Distributed in time, the activity of the tweets is not evenly spread across the study
period. There was a gradual increase in tweets per month: the number of tweets in Jan-
uary was relatively low (only a dozen), in February it was slightly higher, and in March
2026 it was significantly higher (hundreds of tweets). The upward trend appears to
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indicate a growing interest in raising awareness about the existing issues as well, in-
cluding customer feedback regarding their experiences with motorcycle taxi services,
Lodge complaints, and community events which attracted large numbers of people, and
were covered in the media. This is the same for the daily distribution which saw one or
two tweets in some days in January, but had much denser and more regular in March.
The temporal structure of the dataset thus establishes the fact that March is the height
of discourse dynamics.

Tweet Activity Heatmap (Hour vs Date)
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Fig. 2. Tweet Activity Heatmap (Hour vs Date)

Additional information about the daily activity rhythms is provided by the Tweet
Activity Heatmap (Hour vs Date) which shows activity by time and date. The heatmap
reveals that the highest activity period is from 12:00 to 18:00, where darker colors cor-
respond to higher numbers of tweets. Conversely, the early morning (00:00-06:00) has
very low levels of activity indicating that the most productive time for public conver-
sation is during the daytime and afternoon. The fact that the dominant color segmenta-
tion in March is again in the first phase of the study frame, which is the most active,
further confirms this analysis.

Overall, the heatmap illustrates the uniformity of the public conversation rhythms
throughout the day as well as any regular temporal behavior patterns of the users. It is
deemed sufficient to capture the structure of public discourse on online motorcycle taxis
in the digital sphere, as the number of posts, the intensity of these posts in each hour of
the study, and the nature of interaction within the public discourse gave enough room
for further analysis, such as mapping the social network, analyzing the nature of senti-
ment within it, and examining the dynamics of issues throughout the study.
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3.1.1 Wordcloud Analysis
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Fig. 3. Wordcloud Analysis

The public discussion of online motorcycle taxi (ojek online/ojol) service on the X
(Twitter) platform resulted in a Word Cloud Analysis as presented in figure X. The
visualization focuses on the word that occurs most often in the data set, words that are
bigger have a higher occurrence count, making them more pertinent in the discourse.
Ojol” and “Ojek Online” are the most dominant words, used in large fonts, at the center
of the word cloud. This is a confirmation that they are very relevant to the evolvement
of online motorcycle taxi services discussion and they stand a central topic of public
discussion. These keywords are most prominent, suggesting that there is a strong need
for users to refer to transportation services through the internet using the abbreviated
keyword ‘ojol’ or the full expression ‘ojek online’.

Some other words often appear in the dataset, like “Motorcycle Taxi Driver”,
“Driver”, “Work” and “Online”, which tend to focus on drivers' activities. The salience
of public discourse, which recognize the importance of the driver, also extends to the
persons delivering the service. Not only does this reveal that drivers are a vital piece of
the digital customer experience but it also demonstrates that user perceptions can often
be effected first-hand by the driver.

In addition, the phrases “Jakarta” “City” “Government” “Economy” and “Service”,
also show more contextually related discussion in relation to mobility aspects in urban
developments, public policy or economy related to online transportation. These terms
appear in this context, indicating that motorcycle taxis service is often mentioned in
different social and economic issues that impact urban populations.

The word cloud also includes terms like “Application”, “Order”, “Route”, “Quota”,
“Partner” and “Job”, highlighting areas related to the running of platform transportation
services. The keywords highlight issues that users have with service accessibility, the
functioning of the platform, working conditions, and between platforms and drivers.
Additionally, the words "Don't,"” "Hopefully," "Decrease," and "Difficult" indicate
some fears, frustrations, and/or hopes of improvement are present in some
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conversations. A positive meaning of these terms is that not all views of public opinion
are positive and users often talk about problems and issues with the service. But you
will see some words that are related to everyday life experiences, community activities
and delivery services, such as “Family,” “Citizens,” and “Food.”

Overall, the results of the Word Cloud Analysis suggest that the public discourse on
online motorcycle taxi services was multidimensional, with concerns about the activi-
ties of the drivers, the experiences of the passengers, the operations of the service, urban
mobility, the economic consequences, and the political implications. The dominance of
the driver and service-related keywords indicates that the digital customer experience
is tightly linked to service quality as well as to the customer-service interaction with
the driver. These results give a preliminary idea of the general aspects of the topics that
were discussed by the public as a basis for more in-depth analyses, such as sentiment
analysis and text network analysis, as well as social network analysis [35].

3.1.2  Sentiment Analysis

. 7.330/0 Positive

50.33% neuira

. 42.330/0 Negative

127 dat

Fig. 4. Sentiment Analysis

Based on the sentiment analysis of 300 tweets, public discussion of online motorcycle
taxi (ojol) services on the X/Twitter platform can be seen as having a neutral sentiment,
with 151 of them or 50.33% having a neutral sentiment. This moderate percentage is
relatively high, indicating that most users use informative and descriptive language
and/or report factual experiences with little emotional expression. Neutral tweets are
usually trip reports, service mentions or brief comments to not include emotional opin-
ions. This means that ojo/ has entered into everyday language, but does not always lead
to polarization.

127 or 42.33% of tweets are negative. This is a fairly high percentage as many people
voice complaints, criticism and negative experiences about ojol services. Signs of neg-
ative sentiment are typically related to safety, comfort, cost, delays and how they
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interact with drivers. The prominence of negative sentiment indicates that public dis-
course tends to be more critical in nature than appreciative.

However, positive sentiment only accounts for 7.33% or 22 tweets. Although rela-
tively small, this portion indicates that some user express appreciation and satisfaction
with ojol services. Generally, positive tweets are related to nice experiences, feeling
safe, or appreciation for friendly and professional drivers. The presence of positive sen-
timent is important, since it means there is still space for positive stories even if they
are in minority to negative sentiment.

Overall, it is concluded that the sentiment pattern of the public discourse on ojol is
primarily critical and negative, followed by neutral and informational, and has a small
proportion of positive sentiments. The outcomes provide a solid foundation for further
analysis, such as mapping of the most important challenges to address negative senti-
ment; identification of factors that enhance customer satisfaction; and development of
communication strategies to create positive perception in the digital public sphere in
relation to the ojol services [32].
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3.1.3  Text Network Analysis
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Fig. 5. Text Network Analysis

Results from the analysed data are used to identify the interrelationship of words of the
tweets in the network analysis, which reveals the occurence of certain discourse pat-
terns. The visualization of the network reveals that the terms “ojek”, “ojol”, “driver”
and “online” have the largest node size and are central to the network, highlighting the
fact that they are used much more often than all the other words and at the heart of
public discourse around digital motorcycle-based transport services. This network not
only illustrates word frequency, but also the co-occurrence of words in the same tweet,

creating a number of thematic co-occurrence clusters.

The first group is focused on the words driver and work and the words day, partner
and job. The pattern suggests that the topic of drivers' work and daily life is a dominant
subject in ojol discourse, both in terms of drivers' livelihood and the employment rela-

tionship with the platform companies.
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2 ¢

The second cluster is the word “driver,” “motorcycle” and “ride” that are associated
with words such as “road”, “speed” and “delivery.” This indicates that public dialogue
also focuses on users' first-hand experiences, such as their encounters with drivers, the
travel method and travel efficiency.

The third cluster focuses on the terms ‘online’, ‘application’ and ‘government’ and
addresses the need to digitalise services and the public's perceptions of ojol as a solution
to urban mobility related to regulation. Find parallels between ojol and economic pro-
cesses, city life, or cultural moments by picking up on nuances and contextual elements
such as “economy”, “Jakarta”, and “Eid”.

Additionally, there are ambivalent words like “difficult” and “don't”, and “but” that

are found within the network and linked to several of the clusters, representing conver-
sations that include complaints, resistances or negative experiences. This repeats the
pattern of previous sentiment analysis, in that although neutral discourse occurs, there
is also a significant amount of criticism and evaluation of the ojol discourse.
To sum up, this entire wordnet is complex and interwoven, showing that the "discourse
system" of public discussion about ojo/ is multidimensional. The network brings to-
gether elements of drivers' work, users' experiences, the digitalization of services, the
regulation and public appraisal. Ojol's strong word relationship shows that these words
complement each other in building a meaningful story of the role of an essential element
in modern mobility in Indonesia [40].
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3.1.4 Emotion Analysis

Happy
57%
Love Sadness
0% 16.67%
Fear Anger
6.33% 20%
Happy (171) @ Sadness (50) @ Anger (60) @ Fear (19) @® Love (0}

Fig. 6. Emotion Analysis

The emotion analysis of 300 tweets indicates that the highest emotion in the data set is
“Happy” with 57% or 171 tweets. This positive emotion seems to be dominant, showing
that the expression of this emotion is mostly appreciative and optimistic in the discus-
sion of online motorcycle taxi (ojo/) services on X/Twitter. Tweets that are related to
happiness usually occur when there is a positive experience, satisfaction with the ser-
vice, or a positive interaction with drivers. This indicates that while there is some crit-
icism, there is scope for stories that focus on the positive aspects of using ojo/ in eve-
ryday life.

The second most noticeable sentiment is “Anger”, with 20% (60 tweets) of the total.
The ratio may indicate that there are a large proportion of public chats of complaints or
dissatisfaction such as pricing, safety, delays, or driver behaviour. Across the relatively
high proportion of anger, it is possible to see that earlier sentiment analysis results are
supported, as criticism of the ojol services is an important aspect of public discourse.

Sadness is seen in 16.67% (50 tweets) and is typically related to negative experi-
ences, loss and/or disappointment regarding the service. At the same time, however,
“Fear” comes up in 6.33% (19 tweets) and is frequently used when talking about safety
in travels, accident risks or regulatory uncertainty. The emotion “Love” is not present
at all (0%), meaning that explicit expressions of love are not common in conversations
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about ojol, but are sometimes implied by pride or appreciation of specific communities
of drivers.

In general, the Emotion Analysis results show that there is a mixture of positive and
negative emotions expressed in public conversations in the dataset, with the majority
of conversations being positive and the negative ones including a high proportion of
anger and sadness. This pattern correlates with Sentiment Analysis results, which indi-
cated that the expression of emotion and the polarity of sentiment reveal different con-
tent of public discourse and Sentiment Polarity Analysis indicated there was a balance
of negative and neutral sentiment, with less of a positive sentiment. It means that the
content and opinion of the discourse are ambivalent — positive and gratifying comments
are set against critical, concerned and negative comments from the experiences of oth-
ers, creating dynamics for public discourse that complement one another [41].

3.1.5  Social Network Analysis
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Fig. 7. Social Network Analysis

The conversations around online motorcycle taxis (ojo/) reveal several important actors
that have a significant impact on forming the dynamics of public discourse, as identified
through Social Network Analysis (SNA). The most connected users, such as
@SPituin86164, @MarshallVallent, and @alekda69, are one of the main sender and
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receiver of mentions. These accounts can thus serve as references, or as a source of
information, and as cues to start a conversation. They might be community leaders who
get involved in conversation, community representatives who share information and/or
individuals who have regular opinions and decisionmaking about ojo/ that can affect
the direction of community conversation about ojol.

Additionally, users like @kukuhya, @zhil arf, and @stevel8230 are used as a
“bridge” between clusters. These aren't necessarily the subject of much talk, but they're
a key element of the connecting between communities. These types of bridging ac-
counts could enable info flow among groups, without the information silos and main-
tain an integrated info ecosystem. This bridging is crucial in that it enables the transfer
of problems raised in one cluster to another, promotes inter-community communication
and create the continuity of the discourse. These key players set a gravitational map in
the digital discourses, and the discourse of ojo/ doesn't just happen, but is shaped and
focused on certain accounts. They act as the “core” of the network, reinforce the public
stories, highlight relevant issues such as pricing, safety and user experience, and help
to create a dialogue among the various sections of the community clusters.

this study uses a mention-based SNA (Social Network Analysis) to analyze the in-
teraction among the users and determine the influential actors in the conversation net-
work. The influential users were determined by Degree Centrality, which counts the
number of direct links (mentions) each actor has into the network. The selection of
Degree Centrality was determined by the goal of this study, which is to find out users
who receive the largest number of interactions or who create the most interactions, in
order to find out which users are the most central in disseminating information and
contributing to forming public opinion about online motorcycle taxi services. The cen-
trality of each actor influences their visibility and influence in the digital public sphere,
such that higher degree centrality implies higher visibility and influence as they are
connected to more users and can lead to wider dissemination of customer experiences
throughout the digital public sphere.

The SNA generally shows that the "ojo/" discourse in the X platform is coherent,
interconnected and collaborative, as for a number of actors, they have become dominant
in the building of a complex and multidimensional ecosystem of digital discourse [42].
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3.1.6  Trend Analysis
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Fig. 8. Trend Analysis

Looking at the historical trend of publications, there is clearly a pattern — tweets are
generally lower in January and to mid-March with day to day numbers being rather
stable but with intermittent small peaks and troughs. From the second week of March,
however, there appears to be a bigger rise in the graph up to March 19, which represents
a spike event with almost 200 tweets in one day.

This This is not a random event in mid-March but is linked to certain social contexts.
This "boom" of public interactions can be a reaction to issues that are occurring, like
user experiences using ojol, criticism of services, or events that garnered public atten-
tion on social media. During the period, it has been seen that the discourse of ojo! is
very sensitive to social momentum and the occurrence of any event can cause a rapid
rise in discussion.

Further, the trend of the 7-day moving average is more stable and gradual in an up-
ward trend. This suggests that overall, the public debates on ojo/ have become more
intense after late-February and into March, but there are extreme days as well. In other
words, user engagement is not just fleeting, but a sustained degree of involvement and
interaction.

Therefore, this increase in activity during mid-March can be understood as a conse-
quence of greater interest in information, a user experience and a heightened criticism
of the ojol services. This trend demonstrates the ability of social dynamics in digital
media to directly impact on models of public discussion, particularly in relation to top-
ics that are relevant to daily traffic and the public's interaction with online transportation
provision [33].
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3.1.7 Zero-Shot Classification
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Fig. 9. Zero-Shot Classification Analysis

According to the frequency of the single result of Zero-Shot Classification analysis in
300 tweets, it can be seen that the public attitude towards motorcycle taxi services in
Indonesia is mainly positive. Positive sentiment makes up 58% (174 tweets) of public
sentiment; the majority of the public tweets are appreciative, supportive and/or satisfied
with the ojol services. Such positive tweets usually come from pleasant experiences, a
sense of safety, or praise for drivers that are perceived as friendly and professional.
Positive sentiment overwhelmingly outnumbered criticism, indicating that there is a
strong positive discourse about the possibilities of ojo/ in everyday mobility, even in
the online public sphere.

Negative But negative sentiment makes up 26.33% (79 tweets), reflecting that there
is still a considerable amount of criticism and complaint. The negative tweets are nor-
mally associated with the price, driver interactions, safety, or delays. This ratio is in-
dicative that some customers think that the service is not meeting their expectations.

Meanwhile, the neutral sentiment has a proportion of 15.67% (47 tweets). Neutral
tweets are usually factual, a description of things, experiences without emotion, or men-
tions of the ojol services in normal settings. Ojol has entered into the mundane public
discourse, although not always with emotional opinions.

In general, the Zero-Shot Classification results reveal that public discussions of ojo! are
multi-faceted, with a majority of positive sentiment, but also include negative criticism
and neutral information. This raises the possibility that discussions about ojol on social
media do not revolve around a single narrative, but follow a range of possible user
dynamics. The result could be used as a basis for further analysis, for example, mapping
dominant issues in negative sentiment, identifying elements that cause customer
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satisfaction and creating communication

strategies to build positive sentiment in the

digital public sphere [32].

3.1.8 Sentiment Index
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Fig. 10. Sentiment Index Analysis

The sentiment index analysis shows how the public opinion shifted from negative (-1)
to positive (+1) over the years. The overall sentiment index is slightly negative: -0.50,
meaning that in general, the discussion in the observed period is dominated by negative
perceptions. This timeline graph indicates that the public's opinion is active and changes
often, with some reading of positive, neutral, and negative sentiment, implying that it
is highly dependent on current events or experiences.

The most optimistic sentiment was on February 2, 2026 (+1.00) reflecting a very

positive public sentiment. The highest negative sentiment (or disapproval) score is -
1.00 on Jan 03 2026, indicating just a lot of dissatisfaction and/or criticism. They
demonstrate that for some events or issues, people's opinion may be affected, even re-
sulting in a big change of opinion within a certain period of time.
In addition, there was an increase in public engagement or discussion on March 20,
2026, as evidenced by the 201 data points recorded on that date. One interesting thing
to note is that high activity does not always mean positive sentiment — the increased
activity can be related to negative factors or controversy. In conclusion, the analysis
highlights the need for ongoing sentiment monitoring to gain insights into public opin-
ion and to guide strategic actions to foster trust or mitigate it [28].

3.2 Discussion

While at first this results might seem inconsistent, they do not therefore indicate incon-
sistencies in the results, but rather differences in the analytical aspects obtained from
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different computational methods. The main goal of Sentiment Analysis is to determine
the explicit evaluative polarity (positive, negative, neutral) of tweets. However, neutral
sentiment should be taken with a pinch of salt because neutral posts do not necessarily
mean that customers are having a neutral experience. Many neutral tweets are, however,
neutral content that does not necessarily state satisfaction or dissatisfaction, such as
factual information, service announcements, traffic updates, transportation news, or
other informational content. Therefore, it is necessary to consider neutral sentiment as
an informational discourse that is part of the larger framework of the Digital Public
Sphere and not as an indicator of customer evaluation.

Emotion Analysis, on the other hand, identifies the person's emotions that are ex-
pressed in a conversation, and may occur in parallel with the critique or as part of the
information being conveyed. As a result, positive evaluations, such as appreciation to-
wards drivers, empathy, humor, or other positive emotions can be conveyed together
with neutral and/or negative evaluative orientations. Similarly, Zero-Shot Classifica-
tion is based on the ability to see the semantics across contexts, such that positive fram-
ing or narratives can be detected even in the absence of explicit positive lexical features.

All these analytical products collectively shows the multidimensionality of the pub-
lic discourse on online motorcycle taxi services, in which criticism, information shar-
ing, emotional expression, humor and appreciation of service experiences are all in-
cluded. Thematic analysis also indicates that public discussion is mainly focused on the
quality of services, driver related problems, pricing, safety and regulatory questions.
Combined, these results indicate that Digital Customer Experience is not limited to
functional service attributes (efficiency, reliability, price), but also to the emotional and
social aspects (trust, satisfaction, frustration and collective interaction).

Each computational technique provides one of the pieces of the puzzle to under-
standing Digital Customer Experience, but does not stand alone. Sentiment Analysis
reveals the evaluative orientations of customers, Emotion Analysis reveals the psycho-
logical dimension of the evaluative orientations of the customers, Text Network Anal-
ysis reveals the dominant discussion themes, Social Network Analysis explains how
these themes are disseminated through influential actors, and Trend Analysis depicts
how the public discourse evolves over time. These analytical approaches collectively
yield an explanatory framework for individual customer experiences emerging, devel-
oping, circulating and eventually collectively created in the Digital Public Sphere.

Moreover, SNA analysis unearths some users who become central agents in the dig-
ital discourse network, as opinion leaders and as connectors of discourse communities.
These influential actors are key players in spreading, shaping and enhancing narratives,
which helps to create collective perception of online transportation services. This dis-
covery confirms the understanding of Digital Customer Experience as something more
than a cognitive or emotional experience — it is a socially constructed and networked
experience that is constantly negotiated in public interaction within the digital commu-
nication environment.

This study also recognizes that the social media users population is not entirely rep-
resentative of the population of online motorcycle taxi customers. Active forum users
can have different characteristics, level of participation, or amount of service experi-
ences than silent users. Thus, the results should be interpreted as being representative
of customer discourse that is publicly expressed and do not necessarily reflect the total
customer base. However, social media is still a key source of capturing natural
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customers' experience, and has been used widely to understand public opinion as a
means of capturing public opinion in digital platform studies.

4. Conclusion

This study aimed to investigate the construction, communication and influence of dig-
ital customer experience in online motorcycle taxis with an integrated computational
approach, based on social media discourse. The results show that digital customer ex-
perience is not a one-dimensional and constant phenomenon, but rather one that is mul-
tidimensional and socially constructed in the dynamic process of digital interactions in
the public sphere. First, the results address the research question of how digital cus-
tomer experience is built and is articulated: Customer experience is built collectively
through public discourse on social media, in which users talk about and reimagine and
negotiate their experiences. They are conveyed in a mix of informational stories, emo-
tional displays and evaluative assessments, suggesting that digital platforms are not just
a place where communication occurs but also a location where meaning is being pro-
duced. Second, in terms of patterns of sentiment, emotion and thematic clustering, the
findings show an ambivalent discourse pattern. The sentiment analysis shows that the
sentiment of the majority of the interactions is neutral or negative, which means that
there is a high proportion of evaluative discourse and criticism, while the emotion anal-
ysis reveals that positive emotions, such as being happy, are still dominant in many of
the interactions.

The study can be interpreted as an exemplary theoretical contribution to the notions
of “Digital Customer Experience” (DCE) and “Digital Public Sphere” (DPS), suggest-
ing the possibility of changing the perception of individual experiences into the percep-
tion of collective experience through networked processes. In terms of methodology,
several analysis approaches are adopted to complement each other for a more compre-
hensive analysis of the complexity of the unstructured data from social media. In a
business context, the results reveal that platform-based transportation firms need to go
beyond management of their services and be active not only in monitoring but also in
the management of digital discourse, because the perception of their service is con-
stantly being constructed and deconstructed as a result of the flow of social media. This
means implementing systematic social listening processes and using data to guide de-
cisions in order to identify social problems as they arise, grasp customer expectations
and make timely decisions to offset complaints or trending topics. Service quality im-
provement is still crucial, especially in regards to key areas of dissatisfaction with the
service like price transparency, service reliability and safety, which all feature highly
on public evaluations and play a strong part in the levels of users' trust in the service.
Organizations also have to understand that drivers are the first face their customers
encounter and therefore invest in driver training, driver welfare and driver performance
management as this investment will impact the customer service. In addition, the fact
that influential individuals exist in the digital network means that businesses can more
strategically leverage influential members of the online community, opinion leaders,
and active users to influence positive brand associations and narratives. This is a move
towards network based reputation management, where customer loyalty is developed
through interaction instead of being controlled by the company. Organizations should
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also have the ability to communicate and respond quickly to a sudden surge in public
attention, in addition to crisis management plans to effectively address issues as they
arise in a transparent and open way. By using positive customer experiences in their
storytelling and user-generated content, companies can also strengthen their trust and
emotional connection with the brand.

In conclusion, this research confirms that digital customer experience is a dynamic,
networked and discourse-based process in which perceptions are continuously negoti-
ated in the digital ecosystem.

4.1 Limitations and recommendations for further research

This study has several theoretical and methodological contributions but there are certain
limitations to be noted. First, the results are based on social media content that is pub-
licly available, which may not accurately reflect overall social media discussions
among motorcycle taxi users. People who post their own opinions online might not be
just as engaged or the same age, experience, or have the same characteristics as those
who appear to be silent. Thus the findings are to be understood in terms of the discourse
of customers who were present in the public forum, and not in terms of the entire cus-
tomer population. However, social media is still an excellent platform to record natural
user experiences and is a well-used measure of public opinion in digital platform stud-
ies.

Second, the data used in this study is relatively small sample size of 300 tweets col-
lected during the observation period. While the dataset and observations here are ade-
quate for the current exploratory study, future research would benefit from more exten-
sive and uniform data and more time in which to observe digital customer experience
over time.

Third, the study is conducted on a single social media outlet, namely X (formerly
Twitter). Customers' experiences are now shared on several digital platforms, such as
Instagram, TikTok, Facebook, online forums, and review platforms. Further studies that
investigated digital customer experience from a multi-platform perspective would give
a more holistic view of the building and dissemination of digital customer experience
in various online contexts.

Fourth, while this study combines several different kinds of computational tech-
niques, such as sentiment analysis, emotion classification, text network analysis, social
network analysis, and trend analysis, the study is largely quantitative. Further research
should be conducted to integrate the concepts of computation with qualitative research
methods, including interview, focus group, and digital ethnography, to gain deeper in-
sights into customer perceptions and experiences.

Fifth, this study does not make platform-specific comparisons, but treats online mo-
torcycle taxi services as a general digital transportation ecosystem. The service features,
pricing models, promotion offers, and the type of customers on each platform can all
impact the digital customer journey. Comparisons across different service providers,
and across regions or countries that have varying cultural, economic and regulatory
environments would also give a deeper understanding of digital customer experience.
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This study measures neither customer trust nor customer loyalty nor other behavioral
outcomes. Thus, the results are not meant to be understood as causal relationships be-
tween digital discourse and customer loyalty. Future studies could use survey, experi-
mental, or longitudinal studies to explore the causal relationships between digital cus-
tomer experience, online public discourse, their implications on customer trust and loy-
alty, platform usage and organization performance. Furthermore, given the ongoing
rapid evolution of digital platforms, recommendation algorithms, and platform govern-
ance, ongoing research is required to explore how the future evolution of technologies
and policies will affect the digital customer experience.
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