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ABSTRACT

User trust is a fundamental determinant of success
for digital platforms such as mobile applications,
financial technology services, e-commerce systems,
and Software-as-a-Service (SaaS) platforms. When
trust deteriorates, users gradually disengage,
leading to churn, negative reviews, and revenue
loss. Traditional evaluation mechanisms such as
customer satisfaction surveys, churn analysis, and
Net Promoter Score assessments are reactive in
nature and detect problems only after trust has
already declined. To address this limitation, this
study proposes a Trust Loss Early Warning System
for Digital Products that proactively identifies early
signals of declining user trust. The proposed system
integrates behavioral analytics, sentiment analysis,
and machine learning techniques to continuously
monitor user interactions and detect patterns that
indicate potential trust erosion. Key behavioral
indicators such as login frequency, feature usage
trends, privacy setting modifications, subscription
activities, and session duration are analyzed along
with textual feedback obtained from customer
support interactions and user reviews. A hybrid
predictive  architecture combining Temporal
Convolutional Networks (TCN), Long Short-Term
Memory (LSTM) networks, and Bidirectional
Encoder Representations from Transformers
(BERT) is used to evaluate temporal behavioral
patterns and sentiment polarity. These insights are

aggregated to generate a Trust Health Index (THI)

that ranges from 0 to 100, representing the overall
trust level of a user. Based on this index, users are
categorized into risk levels, enabling organizations
to implement targeted interventions before churn
occurs. The proposed system  improves
transparency  through  explainable artificial
intelligence techniques and supports proactive
customer relationship management strategies.
Experimental results indicate that the system can
accurately detect early indicators of trust
degradation, allowing organizations to take
preventive actions and enhance long-term user

engagement.
TINTRODUCTION

Trust is one of the most important factors that
determine the adoption and long-term success of
digital products such as mobile applications, online
banking systems, and e-commerce platforms. In
modern digital ecosystems, users increasingly
depend on technology to perform everyday
activities including communication, financial
transactions, and data sharing. The reliability and
transparency of digital systems strongly influence
user perception and engagement. Studies in
electronic ~ commerce  highlight that trust
significantly affects users’ willingness to interact
with online services and provide personal
information [1]. Research has shown that perceived
security and privacy protection play a major role in
building trust in digital environments [2]. When

users believe that their personal data is handled
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responsibly, they are more likely to adopt and
continue using digital platforms [3]. However, trust
is fragile and can easily deteriorate when users
encounter issues such as data breaches, unexpected
service disruptions, or poor customer support [4].
Negative user experiences gradually reduce
confidence in a platform and may eventually lead
to disengagement or abandonment of the service
[5]. Therefore, maintaining user trust has become a
critical challenge for organizations operating in
digital markets [6]. Traditional customer evaluation
methods such as customer satisfaction surveys and
Net Promoter Score metrics attempt to measure
user perception of digital products [7]. Although
these approaches provide valuable insights into
customer attitudes, they often capture feedback
only after dissatisfaction has already occurred [8].
This reactive nature limits the ability of
organizations to identify early warning signals of
declining trust [9]. Consequently, companies
require advanced monitoring systems capable of
detecting early indicators of trust loss before users
disengage [10]. Researchers have emphasized the
importance of continuous behavioral monitoring to
understand how users interact with digital
platforms over time [11]. Behavioral indicators
such as login frequency, feature usage patterns, and
transaction activities provide valuable information
about user engagement levels [12]. When these
indicators show significant changes, they may
signal a decline in user confidence or satisfaction
[13]. As a result, organizations are increasingly
exploring predictive analytics approaches to detect
potential trust issues in advance [14]. Machine
learning techniques provide powerful tools for
analyzing large volumes of behavioral data

generated by digital platforms [15].

Recent advancements in artificial intelligence have
significantly improved the ability to analyze
complex patterns in user behavior and feedback
data. Deep learning models have been successfully
applied to various predictive analytics tasks,
including user engagement prediction and churn
analysis [16]. Long Short-Term Memory networks
are particularly effective in analyzing sequential
behavioral data because they can capture long-term
dependencies in user activity patterns [17].
Temporal Convolutional Networks have also
demonstrated strong performance in modeling
time-series data and detecting behavioral anomalies
[18]. In addition to behavioral signals, textual
feedback from users provides valuable insights into
their emotional responses and opinions regarding
digital services [19]. Online reviews, support
tickets, and chat conversations often contain early
indicators of dissatisfaction or trust concerns [20].
Natural language processing techniques allow
automated analysis of such textual information to
identify sentiment and opinion trends [21].
Sentiment analysis models classify user feedback
into positive, negative, or neutral categories to
evaluate overall perception toward a product or
service [22]. Recent transformer-based models such
as BERT have significantly improved the accuracy
of sentiment classification tasks [23]. By
combining behavioral analytics with sentiment
analysis, organizations can obtain a comprehensive
understanding of user trust dynamics [24].
Predictive systems can integrate these insights to
generate early alerts when patterns associated with
trust erosion are detected [25]. Such proactive
monitoring approaches enable companies to
address issues affecting user confidence before they
escalate into churn [26]. Furthermore, explainable
artificial intelligence techniques help organizations

understand the factors influencing trust-related
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predictions [27]. These insights support more
effective decision-making and targeted intervention
strategies [28]. Therefore, the development of
intelligent trust monitoring systems represents an
important research direction in digital product
management [29]. This study proposes a Trust Loss
Early Warning System that integrates behavioral
analytics, machine learning, and sentiment analysis
to detect early signals of declining user trust and

enable proactive organizational response [30].
II LITERATURE SURVEY

Several studies have examined the role of trust in
shaping user behavior in digital environments.
Early research in electronic commerce emphasized
that trust is a key determinant of online transaction
acceptance and user engagement [1]. Researchers
found that factors such as perceived security,
reliability, and website design strongly influence
trust formation in digital platforms [2]. Other
studies highlighted the importance of transparency
in privacy policies and service operations for
building user confidence [3]. In addition, effective
customer support and quick problem resolution
contribute significantly to maintaining long-term
trust relationships with users [4]. As digital services
expanded across industries, scholars began
exploring methods to measure user trust and
satisfaction more systematically [5]. Traditional
evaluation techniques such as  Customer
Satisfaction Index and Net Promoter Score were
widely used to assess user perception and loyalty
[6]. Although these methods provide valuable
insights into customer attitudes, they rely heavily
on voluntary feedback and may not capture the
behavior of dissatisfied users who do not respond
to surveys [7]. Furthermore, survey-based
approaches often fail to detect early dissatisfaction

signals before users discontinue using a service [8].

To address these limitations, researchers introduced
churn prediction models that analyzebehavioral
data to identify users at risk of leaving a platform
[9]. Machine learning techniques such as logistic
regression, decision trees, and support vector
machines have been widely applied for churn
prediction tasks [10]. These models analyze
variables such as usage frequency, transaction
patterns, and customer demographics to identify
risk patterns [11]. However, many traditional churn
prediction models focus primarily on structured
behavioral data and ignore qualitative feedback
from users [12]. As a result, these approaches may
overlook important emotional or psychological
factors that contribute to trust loss [13]. Scholars
have therefore emphasized the need for integrated
models that combine behavioral analytics with
sentiment analysis to better understand user
experience [14]. Such approaches can capture both
quantitative activity data and qualitative opinion
data, leading to more accurate predictions of user

dissatisfaction [15].

Advancements in artificial intelligence and deep
learning have opened new possibilities for
analyzing large-scale user interaction data.
Sequential deep learning architectures such as Long
Short-Term Memory networks have demonstrated
strong performance in modeling user behavior over
time [16]. These models are capable of capturing
complex temporal relationships between user
activities and engagement patterns [17]. Temporal
Convolutional Networks have also been widely
applied in time-series analysis due to their ability to
process long behavioral sequences efficiently [18].
In parallel, natural language processing research
has produced powerful models for analyzing
textual feedback from wusers [19]. Sentiment

analysis techniques enable automated identification
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of opinions, emotions, and attitudes expressed in
user reviews or support conversations [20]. Early
sentiment analysis methods relied on lexicon-based
approaches, which used predefined dictionaries to
determine emotional polarity in text [21]. Later
machine learning approaches improved
performance by training classifiers on labeled
datasets containing positive and negative opinions
[22]. Recently, transformer-based models such as
BERT have achieved state-of-the-art results in
sentiment classification and opinion mining tasks
[23]. These models can capture contextual
relationships between words, enabling more
accurate interpretation of user feedback [24].
Researchers have increasingly combined behavioral
analytics with sentiment analysis to develop
predictive user experience monitoring systems [25].
Such systems can detect early signals of
dissatisfaction by analyzing both activity patterns
and textual feedback simultaneously [26]. In
addition, explainable artificial intelligence
techniques such as SHAP and LIME have been
introduced to improve transparency in machine
learning predictions [27]. These methods help
identify the most influential factors affecting
prediction  outcomes [28]. Despite  these
technological advancements, relatively few systems
focus specifically on detecting early trust
degradation in digital products before churn occurs
[29]. Therefore, this research proposes an
integrated Trust Loss Early Warning System that
combines  behavioral analysis, sentiment
evaluation, and explainable predictive modeling to

proactively identify trust erosion and support

timely intervention strategies [30].
III METHODOLOGY

The proposed Trust Loss Early Warning System

follows a hybrid machine learning methodology

designed to analyze both behavioral and textual
indicators of user trust. The system begins with a
data collection phase where multiple data sources
from digital platforms are integrated into a
centralized analytics pipeline. These sources
include user activity logs, login frequency records,
feature usage statistics, session duration metrics,
subscription information, privacy setting changes,
and customer support interactions. The collected
data is preprocessed to remove inconsistencies,
handle missing values, and normalize numerical
attributes for model training. Behavioral data is
structured into time-series sequences to capture
trends in user engagement over time. A Temporal
Convolutional Network (TCN) and Long Short-
Term Memory (LSTM) model are then used to
analyze these sequential patterns and identify
anomalies or gradual declines in engagement that
may indicate potential trust degradation. In parallel,
textual data from support tickets, chat logs, and
user feedback is processed using Natural Language
Processing techniques. The text is cleaned,
tokenized, and analyzed using a BERT-based
sentiment classification model to determine the
polarity and emotional tone of user feedback. The
outputs of the behavioral models and sentiment
analysis module are combined through a feature
fusion layer that aggregates multiple trust
indicators into a unified representation. Based on
this combined feature set, a Trust Health Index
(THI) ranging from 0 to 100 is calculated to
represent the overall trust level of each user. The
system then categorizes users into predefined risk
levels such as low risk, moderate risk, and high risk
of trust loss. Explainable Al techniques are applied
to highlight the factors contributing to a declining
trust score, enabling organizations to understand
the reasons behind predictions. This methodology

enables proactive monitoring and early detection of
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trust erosion, allowing timely interventions to

prevent user churn.
IV SYSTEM DESIGN

The system design of the Trust Loss Early Warning
System is based on a modular architecture that
integrates data collection, processing, analytics, and
visualization components. The first layer of the
system is the data acquisition module, which
collects real-time information from multiple
sources within the digital platform. These sources
include application logs, user interaction records,
subscription management systems, customer
support databases, and feedback channels. The
collected data is transmitted to a centralized storage
environment such as a data warehouse or cloud-
based data lake. A preprocessing module is then
applied to clean and transform the raw data into
structured formats suitable for machine learning
analysis. This stage includes tasks such as data
normalization, feature extraction, missing value
handling, and timestamp alignment for sequential
analysis. The processed data is subsequently stored
in an analytics database that supports high-
performance querying and model training. By
integrating diverse data sources into a unified
framework, the system ensures that both behavioral
and textual indicators of trust are -captured

effectively.

The core analytics layer consists of multiple
machine learning modules designed to analyze
different aspects of user behavior and sentiment.
The behavioral analysis module utilizes Temporal
Convolutional Networks and Long Short-Term
Memory models to detect temporal patterns in user

engagement metrics such as login
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frequency, session duration, and feature usage
changes. Simultaneously, the sentiment analysis
module processes textual feedback using a BERT-
based natural language processing model to
determine user emotions and identify complaints or
dissatisfaction signals. The outputs from these
models are combined through a fusion engine that
calculates the Trust Health Index for each user. A
decision engine then evaluates the trust score and
assigns risk levels to users based on predefined
thresholds. The final component of the system is
the visualization and alert module, which presents
trust analytics through interactive dashboards and
generates automated alerts when high-risk users are
detected. This enables organizations to implement
proactive  interventions such as  targeted
communication, improved customer support, or
personalized service improvements. Overall, the
system design ensures scalability, real-time
monitoring capability, and transparency through

explainable Al techniques.
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V PROPOSED SYSTEM

The proposed Trust Loss Early Warning System
introduces a proactive approach to identifying and
addressing trust erosion in digital platforms. Unlike
traditional reactive systems that rely on periodic
surveys or historical churn analysis, the proposed
solution continuously monitors user behavior and
sentiment signals to detect early signs of
dissatisfaction. The system integrates behavioral
analytics, machine learning, and natural language
processing techniques to evaluate trust indicators in
real time. Key behavioral parameters such as login
frequency, feature usage patterns, transaction
activity, and privacy setting changes are monitored
to understand user engagement trends. When
significant deviations from normal behavior are
detected, the system flags them as potential
indicators of declining trust. At the same time,
textual feedback from support chats, complaint
tickets, and user reviews is analyzed using
advanced sentiment analysis models. This dual-
analysis approach enables the system to capture
both quantitative and qualitative aspects of user
experience. The collected insights are aggregated
into a Trust Health Index that reflects the overall

trust level of a user on a numerical scale.

A significant advantage of the proposed system is
its ability to provide explainable predictions and
actionable insights for organizations. Instead of
only identifying users who are likely to churn, the
system highlights the specific factors contributing
to declining trust, such as negative sentiment in
support interactions, reduced feature engagement,
or privacy-related concerns. This transparency
enables product managers and customer support
teams to implement targeted interventions such as
personalized assistance, service improvements, or
proactive communication strategies. The system
also includes a risk classification mechanism that
categorizes users into multiple trust risk levels.
This allows organizations to prioritize high-risk
users and allocate resources effectively to prevent
churn. Furthermore, the proposed architecture is
designed to be scalable and adaptable to different
types of digital platforms, including mobile
applications, financial technology systems, and
subscription-based  services. By  combining
predictive analytics with explainable Al, the system
helps  organizations maintain  strong  user
relationships, improve customer satisfaction, and

enhance long-term platform sustainability.
VI RESULTS & DISCUSSION

The implementation of the Trust Loss Early
Warning System demonstrates the effectiveness of
combining behavioral analytics and sentiment
analysis to detect early indicators of trust
degradation. Experimental evaluation using user
interaction logs and textual feedback datasets
shows that the hybrid machine learning architecture
accurately identifies patterns associated with
declining engagement and dissatisfaction. The
integration of Temporal Convolutional Networks
and Long Short-Term Memory models enables the

system to capture temporal trends in user behavior,
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Overall, the results indicate that the proposed
system significantly improves the ability to
proactively identify trust erosion and allows timely

intervention strategies to enhance user retention

and satisfaction.
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VII CONCLUSION

User trust is a critical factor influencing the
adoption, engagement, and long-term success of
digital platforms. As users increasingly rely on
online services for communication, transactions,
and information access, maintaining trust becomes
essential for organizations seeking to sustain
competitive advantage. Traditional feedback
mechanisms such as surveys and churn analysis
often fail to detect early signals of dissatisfaction,
resulting in delayed responses and potential
customer loss. This study proposed a Trust Loss
Early Warning System that leverages behavioral
analytics, machine learning, and natural language
processing techniques to proactively identify trust
erosion in digital products. The system integrates
multiple data sources including user activity logs,
feature usage statistics, and textual feedback to
generate a comprehensive understanding of user
experience. By combining Temporal Convolutional
Networks, Long Short-Term Memory models, and
BERT-based sentiment analysis, the system
effectively captures both behavioral trends and
emotional signals related to trust. The Trust Health
Index developed in this research provides a
quantitative measure of user trust levels and
enables risk-based classification for early
intervention. Additionally, the use of explainable
artificial  intelligence  techniques  improves
transparency and allows organizations to

understand the key factors influencing trust decline.

The experimental results demonstrate that the
proposed system can successfully detect ecarly
warning signs of trust degradation, enabling
organizations to implement timely corrective
actions. In conclusion, the Trust Loss Early
Warning System provides a scalable and intelligent
solution for proactive trust monitoring, contributing
to improved user satisfaction, reduced churn, and
stronger long-term relationships between digital

platforms and their users.
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