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ABSTRACT

Background: Trust is a precondition for the inclusive use of digital financial services, particularly for low-
income households and micro-entrepreneurs who rely on gold as a store of value and a source of emergency
liquidity. In Indonesia, the launch of bullion banking services in 2025 and the migration of Pegadaian's digital
services to the TRING application have moved gold savings, pawning, and trading onto a single mobile platform,
yet evidence on how the public experiences this transition remains limited. This study examines public trust in
TRING, operated by Pegadaian and Pegadaian Syariah, and interprets it through the lens of community financial
inclusion and grassroots economic empowerment. Methods: This research applies a quantitative text-mining
approach to 2,000 Google Play Store reviews posted between 16 December 2025 and 11 January 2026. The
workflow combines web scraping, Indonesian text preprocessing, sentiment labeling with a pre-trained
Indonesian RoBERTa model, Latent Dirichlet Allocation (LDA) topic modeling, Welch's t-test, temporal analysis,
and five supervised classifiers evaluated with standard metrics and confidence intervals. Findings: LDA
identified five topics: platform usability, transaction reliability, customer service, gold investment features, and
security and trust. Overall sentiment was moderately positive (60.05% positive, 39.95% negative). Security,
verification, and account-access issues dominated one-star reviews, usability dominated five-star reviews, and
negative reviews were more than twice as long as positive ones. Random Forest reproduced the transformer-
based labels with 93.5% accuracy (95% CI: 90.6% to 95.5%), with no meaningful difference among the five
classifiers. Conclusion: Public trust in digital bullion banking is conditional and experience-based. Access and
verification barriers during platform migration pose the greatest risk of excluding less digitally experienced
users, which calls for assisted onboarding and community-based digital and financial literacy support alongside
technical improvements. The findings are limited by single-platform, short-window data and automated labels
that were validated only indirectly. Novelty/Originality of this article: This study reframes app-store reviews
as a low-cost, bottom-up indicator of community trust in inclusive financial infrastructure and provides early
empirical evidence on public trust in Indonesia's bullion banking application during its migration phase, linking
text-mining results to financial inclusion and community empowerment outcomes.

KEYWORDS: digital bullion banking; financial inclusion; public trust; sentiment analysis;
topic modeling.

1. Introduction

The digital transformation of financial services has fundamentally reshaped how
individuals interact with investment products, particularly in emerging economies where
digital platforms increasingly reduce entry barriers to formal financial markets (Lee & Shin,
2018; Thakor, 2020). In Indonesia, one of the most notable developments in this
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transformation is the rapid growth of digital gold investment services, which enable retail
investors to access precious metal assets through mobile applications. Traditional
constraints associated with gold investment, such as high minimum purchase requirements,
physical storage concerns, and complex transaction procedures, have been substantially
mitigated through digitalization (Senyo & Osabutey, 2020).

Among these innovations, the TRING application, operated by Pegadaian and
Pegadaian Syariah, represents a new generation of digital bullion banking services in
Indonesia. Launched in October 2025 to replace the Pegadaian Digital and Pegadaian
Syariah Digital applications, TRING consolidates conventional and Shariah-based services,
including gold savings, gold pawning, gold deposits, and gold installments, within a single
application (CNN Indonesia, 2026). This transformation reflects the increasing
sophistication of digital gold investment services and their positioning as formal financial
instruments rather than supplementary retail products. The shift coincided with the launch
of Indonesia's first bullion banking services, operated by Pegadaian and Bank Syariah
Indonesia, in February 2025. Pegadaian's bullion customers grew from 3.2 million in
February 2025 to 5.6 million in February 2026, while public gold savings at Pegadaian rose
from 10.5 to 19.25 tons over the same period (ANTARA News, 2026). This rapid growth
underscores the strategic importance of understanding public trust and user perceptions
toward digital bullion banking services.

Trust is widely recognized as a central determinant of financial technology adoption,
particularly in services involving high-value assets such as gold (Stewart & Jiirjens, 2018).
Prior studies consistently demonstrate that user trust significantly influences both initial
adoption and continued usage of digital financial platforms (Ryu, 2018; Hu et al,, 2019). In
the context of digital gold investment, trust operates at multiple levels simultaneously.
Users must place confidence not only in the technological infrastructure that records and
processes transactions, but also in the institutional capability of service providers to
securely store physical gold reserves and ensure alighment between digital records and
underlying assets. The absence of direct physical possession intensifies the importance of
perceived system reliability, security, and transparency (Arner et al.,, 2016).

Beyond its commercial dimension, digital gold has a distinct community relevance in
Indonesia. Pegadaian has long served lower-income households and micro-entrepreneurs,
and it belongs to the state-owned ultra micro holding together with Bank Rakyat Indonesia
and Permodalan Nasional Madani/National Civil Capital (Bank Rakyat Indonesia, 2025).
Gold savings that can be accumulated in small amounts and pawned for emergency liquidity
function as a household savings and safety-net instrument, which is central to financial
inclusion and to the sustainable development goals on poverty reduction and access to
financial services (United Nations, 2015; Demirgli¢c-Kunt et al., 2022). Yet national survey
data show that financial inclusion in Indonesia (80.51%) still outpaces financial literacy
(66.46%), and that Shariah financial literacy is considerably lower at 43.42% (Otoritas Jasa
Keuangan & Badan Pusat Statistik, 2025). When access expands faster than understanding,
trust becomes the bridge that determines whether digital channels empower communities
or expose them to new forms of exclusion and risk (Gabor & Brooks, 2017; Ozili, 2018).
Examining public trust in TRING therefore concerns not only fintech performance but also
whether digital bullion banking can serve as sustainable financial infrastructure for
grassroots communities.

Despite the growing body of literature on sentiment analysis in financial technology
applications, several important gaps remain. Previous studies on Pegadaian-related
applications have predominantly focused on earlier versions of the Pegadaian Digital
platform, using long historical datasets that span initial development phases and predate
major system upgrades. These studies primarily emphasize classification accuracy and
technical performance of machine learning models, with limited attention to the evolving
nature of digital bullion banking services or the underlying trust mechanisms shaping user
perceptions. As a result, existing findings may not adequately reflect the characteristics and
user expectations associated with newer platforms such as TRING.
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Moreover, much of the existing research treats sentiment analysis as a descriptive too],
without explicitly grounding the analysis in established theories of trust, technology
acceptance, or perceived risk. The lack of theoretical integration limits the ability to
interpret user sentiment as an indicator of broader trust dynamics. Additionally, few studies
combine topic modeling and sentiment analysis to simultaneously explore thematic
structures and emotional evaluations within user discourse, particularly in the context of
digital bullion banking that integrates institutional guarantees, physical asset backing, and
Shariah compliance. More importantly for community development, prior review-mining
studies rarely interpret user sentiment as evidence of whether digital financial services
support or hinder inclusion among the communities they are meant to serve. The
contribution of this study is conceptual as well as methodological: it treats aggregated user
reviews as a bottom-up signal of community trust in inclusive financial infrastructure.

To address these gaps, this study examines user-generated reviews of the TRING
application collected from the Google Play Store between 16 December 2025 and 11 January
2026, shortly after the consolidation of Pegadaian's digital services into a single platform,
using an integrated approach that combines topic modeling and sentiment analysis. This
research pursues four interrelated objectives. First, it identifies the dominant topics that
characterize user discussions of the TRING application, revealing which service dimensions
are most salient to users. Second, it analyzes the sentiment polarity of user reviews to assess
overall user satisfaction and trust-related perceptions. Third, it develops a lightweight
classification model that approximates the transformer-based sentiment labels, enabling
low-cost, continuous monitoring of public trust indicators in digital bullion banking
services. Fourth, itinterprets these findings of community financial inclusion and grassroots
economic empowerment, identifying where trust breakdowns may exclude vulnerable
users and how community-based interventions could respond. Collectively, these objectives
contribute to both theoretical understanding of trust in digital financial services and
practical insights for building inclusive and sustainable bullion banking platforms.

1.1 Trust in digital financial services

From a theoretical perspective, trust in digital financial services can be explained
through several complementary frameworks. Institution-based trust theory posits that
trust is shaped by perceptions of institutional legitimacy, regulatory safeguards, and formal
mechanisms that reduce uncertainty (Zucker, 1986; Stewart & Jiirjens, 2018). In bullion
banking, institutional trust becomes critical because users rely on financial institutions to
manage assets they cannot directly observe. Technology trust theory further emphasizes
that trust in digital platforms is influenced by perceptions of system security, operational
reliability, and consistency of service performance (McKnight et al., 2002). Failures in
application performance, transaction processing, or data accuracy can therefore directly
erode user trust. Perceived risk theory suggests an inverse relationship between perceived
risk and trust, where concerns regarding system failures, asset loss, or transaction
uncertainty negatively affect user confidence and satisfaction (Featherman & Pavlou, 2003).

In Indonesia, the trust formation process is further complicated by the integration of
Islamic finance principles within digital bullion banking services, particularly through
Pegadaian Syariah. Compliance with Shariah principles, clarity of contracts (akad), and
transparency in asset management introduce additional evaluative dimensions for Muslim
users, shaping expectations and trust assessments beyond purely technical considerations
(Darmansyah et al.,, 2020). Consequently, trust in digital bullion banking emerges as a
multidimensional construct influenced by technological performance, institutional
credibility, perceived risk, and religious compliance.

1.2 Digital gold savings, financial inclusion, and community economic empowerment

Financial inclusion refers to access to, and effective use of, affordable formal financial
services by individuals and businesses, and it is increasingly delivered through digital
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channels (Demirglic-Kunt et al., 2022; Ozili, 2018). Digital finance can lower transaction
costs and reach underserved communities, and fintech has been positioned as an
instrument for achieving the sustainable development goals, particularly targets 1.4 and
8.10 on equal access to economic resources and financial services (Arner et al., 2020; United
Nations, 2015). Research on savings among low-income households shows that simple,
trusted, and accessible savings instruments help households smooth consumption, cope
with shocks, and invest in small enterprises (Karlan et al., 2014). In Indonesia, gold is widely
held by households, and the bullion banking initiative explicitly aims to mobilize an
estimated 1,800 tons of gold owned by the public (Bank Rakyat Indonesia, 2025).
Pegadaian's gold savings and gold-backed pawning products translate this practice into
formal financial services that can be accessed in small amounts.

Access alone, however, does not guarantee empowerment. Empowerment involves the
ability to make and act on strategic choices, which depends on resources, agency, and the
achievements that follow (Kabeer, 1999). In financial terms, users must understand, trust,
and be able to operate the services they are offered, and financial literacy has been shown
to strengthen the link between access and actual use (Grohmann et al., 2018). Digitalization
can also create new exclusions when services require stable connectivity, digital identity
verification, and familiarity with app-based procedures, shifting risks to users who are least
able to manage them (Gabor & Brooks, 2017). Trust therefore functions as the mechanism
through which digital access is converted into sustained participation and economic benefit
at the community level, and breakdowns in trust are an early signal that inclusion gains may
not be sustained.

1.3 User-generated reviews as community feedback and text-mining approaches

User-generated reviews on digital platforms provide a valuable and authentic source
of data for examining these trust dynamics. Unlike structured surveys that may constrain
responses through predefined questions, online reviews capture spontaneous user
experiences and concerns using natural language (Verkijika & Neneh, 2021). The Google
Play Store, as one of Indonesia’s primary application distribution platforms, hosts a large
volume of such reviews that reflect diverse user perspectives across demographic and
geographic segments. Analyzing this data enables researchers to identify recurring themes,
evaluate user sentiment, and detect emerging issues that may not yet be formally
recognized by service providers (Genc-Nayebi & Abran, 2017; Khalid et al,, 2015).

Recent advances in computational text analysis have introduced topic modeling and
sentiment analysis as powerful tools for extracting insights from large-scale textual data.
Topic modeling techniques, particularly latent dirichlet allocation (LDA), allow the
identification of dominant themes that structure user discourse, revealing which aspects of
a service users consider most salient. Sentiment analysis complements this approach by
quantifying the emotional polarity of user feedback, distinguishing between positive and
negative evaluations. The integration of these methods provides a comprehensive
understanding of both what users discuss and how they evaluate digital services (Suryono
et al, 2021). Such approaches are especially relevant in fintech research, where user
perceptions are complex and continuously evolving.

From a community engagement perspective, app-store reviews are a form of bottom-
up, unsolicited feedback from service users. Organizations that systematically listen to and
act on such feedback move from transactional toward more transformational forms of
community engagement (Bowen et al., 2010). Analyzing reviews thus provides a scalable
channel through which the concerns of dispersed users, including those in remote areas
without easy access to physical outlets, can inform service design and community-based
support.
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2. Methods
2.1 Research design and data collection

This research employs a quantitative approach utilizing text mining and machine
learning techniques to analyze user-generated content from the TRING application. The
study adopts a cross-sectional design, examining user reviews posted over a four-week
window to capture contemporary perceptions of digital bullion banking services. Although
the design is cross-sectional, review timestamps allow descriptive analysis of short-term
temporal variation within the observation window. The research framework integrates
topic modeling, sentiment analysis, and classification modeling to provide comprehensive
insights into public trust dynamics (Chakraborty et al., 2020). This methodological
approach enables systematic extraction of latent themes within user discourse while
simultaneously quantifying emotional valence and developing predictive capabilities for
continuous trust monitoring.

User reviews were collected from the Google Play Store, Indonesia's primary platform
for Android application distribution, and cover reviews posted between December 16, 2025
and January 11, 2026. The Google Play Store was selected as the data source due to its
widespread usage in Indonesia and the public availability of its review pages (Genc-Nayebi
& Abran, 2017). The data collection employed web scraping techniques using Python
programming language with the google-play-scraper library, which enables systematic
extraction of publicly displayed review metadata, including review text, user ratings,
timestamps, and reviewer identifiers (Khalid et al., 2015). Reviewer identifiers were not
used in the analysis and are not reported.

The final dataset comprised 2,000 user reviews posted between 16 December 2025 and
11 January 2026. The dataset therefore does not represent the full review history of the
application; it captures the period shortly after the migration of Pegadaian's digital services
to TRING. Each collected review comprises several attributes: the original review text
(content), numerical rating on a five-point scale (score), timestamp indicating date and time
of posting (at), and unique reviewer identifier. The dataset exhibits natural variation in
review length, ranging from brief single-sentence comments to detailed multi-paragraph
assessments, reflecting authentic user engagement patterns with the platform.

2.2 Data preprocessing

Raw text data from user reviews requires systematic preprocessing to enhance
analytical quality and computational efficiency (Vijayarani et al., 2015). The preprocessing
pipeline implemented in this research comprises five sequential stages. First, text cleaning,
which constitutes the initial preprocessing stage, removes non-informative elements that
do not contribute semantic value. This process eliminates special characters, punctuation
marks, numerical digits, URLs, and excessive whitespace while converting all text to
lowercase to ensure case-insensitive processing (Haddi et al., 2013). Second, normalization,
which addresses character encoding inconsistencies and standardizes unicode
representations, particularly important for Indonesian text which may contain diacritical
marks or mixed-script content (Wilie et al., 2020).

Third, slang word standardization, a stage that converts informal language,
abbreviations, and colloquial expressions commonly found in social media discourse into
their formal Indonesian equivalents (Arifin et al., 2020). This step is critical for Indonesian
text analysis due to prevalent informal language usage in digital communication. Fourth,
stemming, which reduces words to their root forms, consolidates morphological variants
and decreases vocabulary dimensionality (Adriani et al.,, 2007). For Indonesian text, the
Sastrawi stemming algorithm was employed, which implements rule-based morphological
analysis specifically designed for Indonesian language characteristics, including affixation
patterns. Fifth, stopword removal, a stage that eliminates high-frequency function words
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that carry minimal semantic content, such as articles, prepositions, and conjunctions (Saif
et al, 2014). A customized Indonesian stopword list was compiled, combining standard
linguistic stopwords with domain-specific common terms identified through frequency
analysis. Negation and intensifier terms (e.g., tidak/no and sangat/very) were deliberately
retained because they carry sentiment information. The complete preprocessing pipeline
produces the "ulasan_bersih" (cleaned review) field, transforming original user reviews
into standardized, computationally tractable text suitable for subsequent analytical
procedures. The preprocessing sequence is illustrated in the research framework diagram.

2.3 Sentiment labelling

Sentiment classification was performed using the robustly optimized bidirectional
encoder representations from transformers pretraining approach (RoBERTa), a
transformer-based deep learning model that has demonstrated superior performance in
sentiment analysis tasks across multiple languages (Liu et al., 2019). The implementation
utilized a pre-trained Indonesian RoBERTa model fine-tuned on sentiment classification
tasks, accessible through the hugging face transformers library (Wolf et al.,2020). RoBERTa
employs masked language modeling and dynamic masking techniques to learn robust
contextual representations of text.

The sentiment classification process operates on preprocessed review text, generating
binary sentiment labels (positive or negative) for each review. The model architecture
processes tokenized text through multiple transformer layers, producing contextualized
embeddings that capture semantic relationships. This automated labeling approach enables
consistent sentiment annotation across the entire dataset while leveraging state-of-the-art
natural language understanding capabilities. Because the labels are generated
automatically rather than by human annotators, their validity was assessed through
convergent evidence from star ratings, which are an independent, user-provided evaluation
of the same experience. The distribution of sentiment labels across the five rating levels was
examined for this purpose. The labels are therefore interpreted as model-based estimates
of sentiment polarity rather than as ground truth.

2.4 Topic modelling

Topic modeling employs latent dirichlet allocation (LDA), a generative probabilistic
model that discovers latent thematic structures within document collections (Blei et al,,
2003). LDA assumes each document comprises a mixture of topics, and each topic consists
of a distribution over words. The model estimates these distributions through variational
inference, revealing interpretable topic structures. The LDA model specification is,

PO,z,w|a,p) = POla) [I5=1P(z,|0)P(Wnlz,, B) (Eq. 1)

where 6 represents document-topic distributions, z denotes topic assignments, w indicates
observed words, a and 8 are Dirichlet priors, and N is the number of words in the document.
Prior to LDA application, preprocessed text undergoes vectorization using Count
Vectorization, which transforms text into document-term matrices (Salton & McGill, 1983).
The number of topics was set to K = 5, a choice guided by the distinctiveness and
interpretability of the resulting topics in the context of bullion banking services, in line with
the recommendation that topic models be validated through human interpretation (Maier
et al, 2018). Formal coherence-based selection of K was not performed and is
acknowledged as a limitation.

Topic interpretation involves examining the top-weighted terms for each topic, with
the author assigning semantically meaningful labels based on term coherence and
contextual relevance to digital bullion banking services. The model generates topic-
document distributions, enabling analysis of topic prevalence across the review corpus and
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identification of dominant themes in user discourse. Each review was assigned to its
dominant topic, defined as the topic with the highest document-topic probability, and topic
prevalence was computed as the sum of document-topic probabilities across the corpus.
The distribution of dominant topics across rating levels was then used to identify which
themes characterize satisfactory versus unsatisfactory user experiences.

2.5 Sentiment analysis and classification modelling

Beyond binary classification, comprehensive sentiment analysis examines
distributional characteristics, temporal patterns, and associative relationships between
sentiment and other review attributes (Liu, 2012). Temporal sentiment trends are analyzed
through time-series aggregation, computing daily sentiment proportions to identify
patterns, shifts, or stability in user perceptions over the observation period. A three-day
moving average was applied to reduce daily volatility. Then, cross-tabulation analysis
examines relationships between sentiment and rating scores, providing a descriptive
convergent validity check on the consistency between numerical ratings and textual
sentiment expressions. Review length analysis investigates whether sentiment polarity
correlates with review verbosity, examining whether users experiencing strong emotions
(positive or negative) tend to write more extensively. Word count serves as the length
metric, and the difference in mean length between negative and positive reviews was tested
using Welch's t-test, which does not assume equal variances, with Cohen's d as the effect
size. Heatmaps of negative review counts by day of week and hour of day were used
descriptively to locate periods of concentrated complaints.

Classification modeling develops supervised machine learning models to predict
sentiment labels from review text, enabling automated sentiment monitoring for future
reviews (Pang & Lee, 2008). Because the target labels are produced by RoBERTa, the
classifiers are designed as lightweight surrogates that approximate the transformer labels
at a lower computational cost; their accuracy therefore measures agreement with the
RoBERTa labels rather than with human judgment. The modeling process employs term
frequency-inverse document frequency (TF-IDF) vectorization, which weights terms based
on their discriminative power:

TF — IDF(t, d) =TF(t,d) X IDF(t) (Eq. 2)
where
ftd
TF = — Eq.
(6. ) = Lo (Ea.3)
N

Here, f; 4 represents the frequency of term t in document d, N denotes the total number of
documents, and D indicates the document collection.

TF-IDF vectorization parameters include maximum features (1500), n-gram range (1
to 3) for capturing unigrams through trigrams, minimum document frequency (3),
maximum document frequency (0.85), and sublinear term frequency scaling applying
logarithmic scaling to term frequencies. The dataset undergoes stratified train-test splitting
with 80% allocated to training and 20% to testing. Class imbalance, if detected with
imbalance ratio exceeding 1.5, is addressed through synthetic minority over-sampling
technique (SMOTE), which generates synthetic examples for the minority class (Chawla et
al,, 2002). Because the positive-to-negative ratio in this dataset was 1.503 (1,201 to 799),
which exceeds this threshold, SMOTE was applied. The 95% confidence interval for test-set
accuracy was computed using the Wilson score method (Wilson, 1927).

Five classification algorithms are trained and compared to identify optimal
performance: logistic regression, multinomial naive Bayes, support vector machine (SVM),
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random forest, and gradient boosting. Each algorithm represents distinct machine learning
paradigms, providing a comprehensive performance comparison. First, logistic regression,
a linear classification model that estimates the probability of an observation belonging to a
particular class using the logistic function. In text classification tasks, the model learns a
linear relationship between TF-IDF-weighted textual features and the log-odds of
sentiment classes (Hosmer et al., 2013). Logistic Regression estimates class probability as:

1

PO =11%) = e Garr)

(Eq.5)

where 8, and BT are learned coefficients. Second, multinomial naive Bayes, a probabilistic
classifier based on Bayes’ theorem with the assumption of conditional independence among
features. The model is particularly well suited for text data represented by word frequencies
or TF-IDF weights, as it models the likelihood of term occurrences within each sentiment
class (McCallum & Nigam, 1998). Multinomial naive Bayes applies:

P(y|x) =PIz, P(x; | ¥) (Eq.6)

where P(y) represents prior probability, and P(x;|y) denotes conditional probability of
feature x; given class y.

Third, the support vector machine (SVM), a discriminative classification algorithm that
aims to identify the optimal hyperplane that maximizes the margin between classes. In
sentiment analysis, SVM is effective in handling high-dimensional feature spaces by focusing
on support vectors that are most informative for class separation (Cortes & Vapnik, 1995).
Support Vector Machine optimization is defined as:

.1
min> Iwll>+CXk & (Eq.7)

subject to y;(wTx; + b) > 1 — ¢; and &; > 0, where w represents the weight vector, b is
bias, C is the regularization parameter, and ¢; are slack variables. Fourth, random forest, an
ensemble learning method that constructs multiple decision trees using bootstrap sampling
and random feature selection. Each tree produces an independent prediction, and the final
classification is determined through majority voting (Breiman, 2001). Random forest
prediction follows majority voting:

y = mode{h,(x), ..., hr(x)} (Eq.8)

where h;(x)represents the prediction of the t-th tree, and Tdenotes the total number of
trees (set to 100). Fifth, gradient boosting, an ensemble method that builds models
sequentially, where each new weak learner is trained to correct the errors made by previous
models. By iteratively minimizing a loss function using gradient-based optimization,
Gradient Boosting can capture complex and non-linear patterns in text data (Friedman,
2001). Gradient Boosting updates the ensemble as:

Fn(x) = Fpe1 (%) + Yimhm () (Eq.9)

where F,, (x)represents the ensemble after miterations, h,, (x)is the m-th weak learner, and
¥mis the step size of the m-th update, scaled by the learning rate.

Model evaluation employs multiple metrics to assess classification performance
comprehensively. Model performance is evaluated using accuracy, precision, recall, and F1-
score:

TP+TN
Accuracy = o rprEn (Eq. 10)
.. TP
Precision = e (Eq.11)
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P

T
Recall = —— (Eq.12)
F, = 2 x Precision x Recall (Eq. 13)

Precision + Recall

where TP, TN, FP, and FN represent true positives, true negatives, false positives, and false
negatives, respectively.

3. Results and Discussion
3.1 Data preparation results

This section presents the results of the processes conducted prior to the substantive
analysis. It reports the outcomes of data scraping, text preprocessing, and sentiment
labeling. First, data collection through web scraping was carried out on the TRING
application available on the Indonesian Google Play Store. The scraping process yielded a
total of 2,000 user reviews posted between 16 December 2025 and 11 January 2026, which
were stored in CSV format. Overview of the raw data obtained from the scraping process
(Table 1).

Table 1. Overview of the raw data

No Content Score At

1 sangat membantu saat tidak bisa Igsung datang ... 5 2026-01-11 13:20:49
2 Bang, Tolong balikin system aplikasinya... 2 2026-01-11 13:10:25
3 mau di pakai transaksi malah harus update... 1 2026-01-11 13:03:48
2000 Aplikasi Tring! ini benar benar game changer ... 5 2025-12-16 20:14:15

The raw data obtained from the scraping process were subjected to data preprocessing
to facilitate subsequent labeling and modeling stages. The preprocessing results indicate
that there were zero missing values and no reviews written entirely in English; therefore,
no data were removed from the dataset. Text preprocessing was then conducted through
several stages, including text cleaning, normalization, slang word standardization,
stemming, and stopword removal. An overview of the text data before and after
preprocessing is presented below (Table 2).

Table 2. Text preprocessing result

No Before Score After
1 Sangat membantu saat tidak bisa 5 Sangat bantu tidak bisa langsung
lgsung datang ke kantor... datang kantor... (very helpful, can't

come directly to the office)

2 Bang, tolong balikin system aplikasinya 2 Bang tolong balikin sistem aplikasi
ke tahun 2020... tahun 2020... (bro, please return
the application system to 2020...)
3 Mau di pakai transaksi malah harus 1 Mau pakai transaksi malah harus
update... update.. (i want to use it for
transactions but i have to update
it...)
2000 Aplikasi tring! Ini benar benar game 5 Aplikasi tring benar-benar game
changer-... changer... (tring application is

really a game changer...)

The clean and tidy dataset was subsequently subjected to the labeling process. In this
stage, each review was automatically assigned a sentiment label using the RoBERTa-based
system. In this study, a label of 1 was assigned to reviews expressing positive sentiment,
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while a label of 0 was assigned to reviews expressing negative sentiment. The results of the
sentiment labeling for the clean dataset are presented below (Table 3).

Table 3. Data labelling result

No Review Score  Label  Sentiment
1 sangat membantu saat tidak bisa lgsung datang ... 5 1 Positive

2 Bang, Tolong balikin system aplikasinya... 2 0 Negative
3 mau di pakai transaksi malah harus update... 1 0 Negative
2000 Aplikasi Tring! ini benar benar game changer ... 5 1 Positive

3.2 Topic modelling: Identifying user concerns and expectations in bullion banking services

The LDA analysis successfully identified five primary topics from 2,000 user reviews of
the TRING application, revealing the multifaceted nature of user engagement with digital
bullion banking services. The topic modeling analysis provides crucial insights into what
users prioritize when evaluating digital gold investment platforms, particularly in the
context of emerging financial technologies in Indonesia's growing digital economy. Table 4
presents the highest-ranked terms for each topic, alongside human-assigned interpretive
labels based on term coherence and contextual relevance to digital bullion banking services
(Table 4).

Table 4. Identified topics and representative terms from LDA analysis

No Topic Top terms (ranked by probability)

1 Platform usability & interface Application, easy, usable, navigation, features,
design, simple, practical, fast, access, menu, display,
responsive

2 Transaction processing & reliability =~ Transaction, buy, sell, process, fast, smooth, failure,
error, time, confirmation, delay, completed,

automatic

3 Customer service & support CS (customer service), service, response, help,
complaint, answer, chat, phone, slow, professional,
complaint

4  Gold investment features Gold, investment, price, grams, savings,

installments, physical, digital, print, withdrawal,
balance, asset

5 Security & trust Safe, data, personal, account, verification, password,
protection, fraud, doubt, trust, guarantee

Topic 1 “platform usability & interface” emerges as the most frequently discussed
theme, reflecting users' primary concern with the ease of navigating and operating the
application. High-frequency terms such as mudah (easy), simpel (simple), and praktis
(practical) indicate that interface design significantly influences user evaluations. Reviews
within this topic emphasize the importance of straightforward navigation pathways, clear
visual hierarchies, and minimal steps required to complete core functions. This finding
corroborates technology acceptance literature demonstrating that perceived ease of use
constitutes a fundamental determinant of user satisfaction and continued usage intentions
in financial technology applications (Ryu, 2018). For digital bullion banking specifically,
where users may possess varying levels of financial literacy and technological proficiency,
intuitive interface design reduces cognitive barriers to adoption and enhances accessibility
across diverse user segments.

Topic 2 “transaction processing & reliability” addresses the operational performance of
transaction mechanisms, encompassing gold purchasing, selling, and account management
functions. The prominence of terms such as cepat (fast), lancar (smooth), gagal (failed),
delay, and error reveals that transaction speed and reliability represent critical evaluation
criteria. Users express strong preferences for instant transaction confirmation and seamless
processing without interruptions. Conversely, transaction failures, prolonged pending
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statuses, and processing errors generate substantial dissatisfaction and trust erosion. This
pattern reflects the high-stakes nature of financial transactions, where even minor delays or
technical glitches can trigger anxiety regarding fund security and platform competence
(Arner et al.,, 2016). The central role of transaction reliability in user discourse underscores
the necessity for robust technical infrastructure and redundancy mechanisms to maintain
continuous operational integrity.

Topic 3 “customer service & support” captures user experiences with institutional
support mechanisms, including customer service responsiveness, problem resolution
effectiveness, and communication quality. Terms such as respon (response), lambat (slow),
and bantu (help) indicate that support service quality substantially shapes overall platform
evaluations. Users experiencing technical difficulties or transactional issues evaluate
platforms not solely based on problem occurrence, but critically on the quality and
timeliness of institutional assistance in resolving these problems. Effective customer service
functions as a trust repair mechanism, mitigating negative sentiment arising from technical
failures and demonstrating institutional commitment to user welfare (Ozkan et al., 2020).
Conversely, delayed responses, unhelpful assistance, or unresolved complaints amplify
dissatisfaction and signal institutional indifference, accelerating trust deterioration.

Topic 4 “gold investment features” encompasses substantive discussions of product-
specific functionalities unique to bullion banking services, including gold accumulation
mechanisms, price tracking, physical gold withdrawal options, and portfolio management
tools. The prevalence of terms such as investasi (investment), tabungan (savings), cicil
(installment), fisik (physical), and cetak (print/convert) reflects users' engagement with
core value propositions of digital gold platforms. Reviews within this topic evaluate whether
platform features align with investment objectives, facilitate flexible accumulation
strategies, and provide transparent mechanisms for converting digital holdings to physical
gold. This theme highlights that beyond technological functionality, users assess whether
the platform effectively serves their financial goals and investment preferences. The
discussion of physical gold conversion options specifically addresses a distinctive trust
dimension in digital bullion banking: users' need for assurance that digital records
correspond to tangible assets that can be redeemed when desired (Darmansyah et al., 2020).

Topic 5 “security & trust” directly addresses users' perceptions of platform safety, data
protection, and fraud prevention mechanisms. High-salience terms include aman (safe),
data, verifikasi (verification), password, proteksi (protection), and percaya (trust). Although
this topic exhibits lower prevalence compared to usability and transaction processing
themes, its presence underscores that security concerns remain salient for a significant user
segment, particularly in the context of financial services involving valuable assets. Users
express both confidence in security measures (citing multi-factor authentication, one-time
password verification, and encryption) and anxieties regarding potential vulnerabilities
(mentioning fraud risks, data breaches, and scams). This ambivalence reflects the inherent
tension in digital financial services, where users must balance convenience benefits against
perceived security risks (Featherman & Pavlou, 2003). The explicit discussion of security
features suggests that transparent communication regarding protective measures can
enhance perceived trustworthiness and reduce adoption barriers among risk-averse users.
The co-occurrence of security terms with verification and password terms also indicates
that this topic captures the practical difficulty of accessing accounts, a distinction that
becomes important when topics are compared across rating levels.

Based on the topics and terms identified in Table 4, topic prevalence was calculated for
each topic as the sum of its document-topic probabilities across all 2,000 reviews, so that
the total across topics equals the number of reviews. The distribution of topic prevalence
across all identified topics is presented below (Figure 1).
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Fig. 1. Distribution of topics in TRING app reviews
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The distribution of topics across the corpus (Figure 1) shows that operational
functionality (topics 1 and 2, approximately 56% of total topic prevalence) dominates user
attention, while institutional factors (topics 3 and 5, approximately 29%) and product-
specific features (topic 4, approximately 15%) receive substantial but secondary emphasis.
This pattern indicates that for digital bullion banking platforms, technological performance
and reliability form the foundation of user trust, upon which institutional credibility and
product attractiveness are subsequently evaluated. The distribution of topics across user
rating levels is also presented (Figure 2).
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Fig. 2. Distribution of topics across user rating

Figure 2 shows that the thematic composition of reviews shifts markedly across rating
levels. Topic 5 (security & trust) was the most frequent dominant topic among one-star and
three-star reviews (approximately 43% in each), and together with topic 3 (customer
service & support), it accounted for roughly two-thirds of two-star reviews. In contrast,
topic 1 (platform usability & interface) accounted for approximately 63% of five-star
reviews but less than 5% of one-star and two-star reviews. This gradient indicates that
dissatisfaction is driven primarily by problems of account access, verification, and security,
compounded by slow service recovery, whereas satisfaction is anchored in ease of use. The
pattern is consistent with the migration of Pegadaian's digital services to TRING, which
required existing customers to re-register their accounts (Pegadaian, 2025). From an
inclusion perspective, access barriers of this kind are particularly consequential, because
users with limited digital experience are the least able to resolve verification problems on
their own.

These findings contribute to the understanding of digital financial services in emerging
markets, particularly for specialized services like bullion banking that combine traditional
asset management with modern digital interfaces. The topic modeling results suggest that
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building public trust in such services requires not only robust technical infrastructure but
also intuitive design, transparent operations, and responsive customer support systems that
can address the unique concerns of users managing valuable physical assets through digital
channels. For communities that rely on Pegadaian as an accessible source of savings and
emergency liquidity, these requirements determine whether digital bullion banking
supports, rather than hinders, financial inclusion.

3.3 Sentiment analysis: measuring public trust through user opinions

The sentiment analysis of 2,000 TRING application reviews revealed a moderately
positive overall perception, with 60.05% positive sentiment (1,201 reviews) and 39.95%
negative sentiment (799 reviews) (Figure 3). This distribution suggests that while the
majority of users maintain favorable views of the digital bullion banking service, a
substantial minority experiences significant dissatisfaction. A comparable mix of
evaluations has been reported for digital banking elsewhere; Alawaji & Aloraini (2025),
analyzing Arabic reviews of Saudi digital banks, found that reviews combined positive,
negative, and conflicting evaluations, and that traditional machine learning classifiers
remained competitive with large language models.

1201
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Number of Reviews
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0
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Fig. 3. Distribution of sentiment

The relationship between user ratings and sentiment polarity demonstrates strong
consistency and provides convergent evidence for the validity of the automated labels.
Reviews with one-star ratings showed 95.69% negative sentiment, while five-star ratings
exhibited 93.23% positive sentiment (Figure 4). This strong association confirms that users'
explicit ratings align closely with the emotional tone of their textual feedback. The gradient
from predominantly negative sentiment at lower ratings to overwhelmingly positive
sentiment at higher ratings reflects a coherent pattern where user satisfaction directly
translates into positive emotional expression. Notably, four-star reviews were still
predominantly negative in tone (approximately 63%), suggesting that users who rate the
application favorably continue to use the review space to report problems or request
improvements. This validation is important because it supports the reliability of sentiment-
based trust measurement, although it does not replace human annotation (see Section 5).

When comparing the vocabulary of positive and negative reviews, distinct patterns
emerge that illuminate the factors driving satisfaction versus dissatisfaction (Figure 5).
Positive sentiment emphasized the application's helpfulness (sangat bantu), quality (bagus,
sangat bagus), and ease of use (mudah), suggesting that when the platform functions as
designed, users appreciate its accessibility and utility. The prominence of gadai (pawn)
among positive reviews also indicates that users value the application as a channel for
obtaining liquidity against their gold holdings, a function of direct relevance to household
financial resilience. Conversely, negative sentiment concentrated on technical failures (tidak
bisa, malah, update), access issues (login, masuk, buka), registration and verification (daftar,
verifikasi, password), and unmet expectations (mau, tetapi, sudah). This stark contrast
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indicates that user trust in bullion banking services is highly contingent on consistent
technical performance and feature reliability.
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Fig. 4. Distribution of sentiment across user rating

The temporal analysis of sentiment trends provides insight into the dynamic nature of
public trust in the TRING application over the observation period from 16 December 2025
to 11 January 2026 (Figure 6). Positive reviews rose sharply during the first week, peaking
at close to 90 reviews per day (three-day moving average) around 21 December 2025, and
then declined steadily. Negative reviews remained comparatively stable at roughly 20 to 40
per day and exceeded positive reviews between approximately 31 December 2025 and 7
January 2026, before positive reviews recovered in the final days of the window. Because
the design is cross-sectional and no event data were collected, these fluctuations cannot be
attributed to specific causes; they are, however, consistent with a period of service
consolidation following the migration from Pegadaian Digital (CNN Indonesia, 2026). Prior
research shows that functional, system, information, and service failures in mobile banking
reduce usage and user satisfaction (Kamboj et al.,, 2022). With Pegadaian's bullion customer
base growing from 3.2 million to 5.6 million within a year (ANTARA News, 2026),
maintaining consistent service quality during scaling represents a significant challenge that
manifests in sentiment fluctuations.
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Fig. 5. Word cloud of each sentiment

One particularly revealing finding emerged from the analysis of review length relative
to sentiment. Negative reviews averaged 19.49 words with a standard deviation of 15.37
words, while positive reviews averaged only 7.64 words with a standard deviation of 9.43
words. The difference was statistically significant (Welch's t (1197.8) = 19.49, p < 0.001)
and large in magnitude (Cohen's d = 0.97). This substantial difference suggests that
dissatisfied users invest considerably more effort in articulating their complaints, providing
detailed accounts of problems encountered. This pattern corroborates findings by Verkijika
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& Neneh (2021), who observed that negative experiences prompt more elaborate
explanations as users seek to communicate specific failures or frustrations. For bullion
banking services, where financial stakes are tangible and users may feel particularly
vulnerable when technical issues arise, this tendency to provide detailed negative feedback
represents valuable diagnostic information for service improvement. Conversely, satisfied
users tend to offer brief affirmations, suggesting that when the service meets expectations,
users see little need for extensive commentary.
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Fig. 6. Daily sentiment trends (three-day moving average)

The heatmap of negative reviews by day of week and hour of day (Figure 7) shows that
complaints were concentrated in the early hours and around midday, with the largest single
cell on Thursday at approximately 01:00. The time zone of the timestamps returned by the
scraping library was not independently verified, so exact hours should be interpreted with
caution. Because the observation window covers only four weeks, each day-hour cell
aggregates at most four occurrences of that weekday, so isolated peaks may reflect single
incidents rather than recurring patterns. The heatmap is therefore interpreted
descriptively, as a tool for locating periods when monitoring and customer support capacity
may need to be strengthened, rather than as evidence of stable weekly cycles.
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Fig. 7. Heatmap of negative reviews by day of week and hour of day

For digital bullion banking services in Indonesia's emerging fintech landscape, these
sentiment patterns suggest that public trust remains conditional and responsive to service
quality. The substantial user base that Pegadaian has cultivated, with 90 tons of gold under
management in 2024 (Bank Rakyat Indonesia, 2025) and 5.6 million bullion customers by
February 2026 (ANTARA News, 2026), demonstrates market demand for digital gold
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services. However, the sentiment analysis reveals that sustaining and expanding this market
requires continuous attention to the factors driving negative sentiment, particularly
technical reliability, transaction success rates, and customer service responsiveness.

The integration of sentiment analysis with topic modeling provides a comprehensive
framework for understanding public trust in bullion banking services. While sentiment
measures the emotional valence of user experiences, topic modeling identifies the specific
aspects of service delivery that generate these emotional responses. Together, these
methods reveal that public trust in digital bullion banking operates at multiple levels,
encompassing technical functionality, security perceptions, service quality, and overall user
experience, and that maintaining trust requires excellence across all these dimensions
simultaneously.

3.4 Sentiment classification modeling: Predictive framework for trust monitoring

The development and evaluation of machine learning models for sentiment
classification achieved strong predictive performance, with the random forest algorithm
emerging as the optimal classifier with 93.5% accuracy (Figure 8). This subsection examines
the modeling process, comparative performance across algorithms, and implications for
automated trust monitoring in digital bullion banking services. Because the test set contains
400 reviews, the 95% Wilson confidence interval for this accuracy is 90.6% to 95.5%. The
five classifiers differed by less than two percentage points (Figure 8), well within this
interval, so the models should be regarded as performing comparably rather than random
forest being clearly superior. As noted in Section 3.5, these figures measure agreement with
the RoBERTa labels rather than with human judgment.

Performance Comparison of Sentiment Classification Models
Metrics: Accuracy, Precision, Recall, F1-Score
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Fig. 8. Performance comparison of sentiment classification models

The performance of these classification models also supports the broader applicability
of machine learning approaches to trust measurement in financial services. As digital
financial platforms continue to proliferate in emerging markets like Indonesia, the ability to
automatically monitor user sentiment and trust becomes increasingly important for
maintaining service quality at scale. The methodological framework demonstrated in this
study, combining topic modeling for interpretability with sentiment classification for
automation, offers a template that other financial service providers can adapt to their
specific contexts.

Looking forward, the predictive models developed in this research can evolve as the
TRING application user base grows and service features expand. Regular retraining with
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new review data, together with periodic human annotation of a random subsample, will
ensure the models adapt to changing user concerns and remain aligned with human
judgment. Because these surrogate models are far less computationally demanding than
transformer-based models (Liu et al.,, 2019; Wilie et al,, 2020), they are suitable for routine
monitoring by service providers, regulators, or community organizations with limited
computing resources.

The achievement of 93.5% accuracy in sentiment classification represents more than a
technical milestone; it demonstrates the feasibility of systematic, scalable trust monitoring
for digital bullion banking services. In an industry where public confidence directly
influences adoption and usage, the ability to continuously measure and respond to trust
indicators provides a significant competitive advantage. For Pegadaian, as one of the two
institutions designated to operate Indonesia's first bullion banking services in 2025 (Bank
Rakyat Indonesia, 2025), these tools for monitoring public trust offer essential capabilities
for sustaining market leadership as the digital gold investment sector continues its rapid
expansion.

3.5 Implications for community financial inclusion and grassroots economic empowerment

The findings carry implications that extend beyond platform management to the
communities that digital bullion banking is intended to serve. Digital gold savings allow
households to accumulate a trusted asset in small amounts, and gold-backed pawning
provides liquidity without forcing the sale of that asset. The prominence of gadai (pawn)
and bantu (help) in positive reviews suggests that users value TRING for these safety-net
functions. At the same time, the dominance of security, verification, and account-access
problems in one-star reviews indicates that the main threat to inclusion is not the
attractiveness of the product but the ability of users to reach and operate their accounts. In
terms of Kabeer's (1999) framework, the application expands resources, but agency
depends on whether users can navigate the procedures required to use them.

These access barriers are unlikely to be distributed evenly. The gap between financial
inclusion (80.51%) and financial literacy (66.46%) in Indonesia, and the lower level of
Shariah financial literacy (43.42%), imply that a substantial share of users hold accounts
without the knowledge needed to resolve problems independently (Otoritas Jasa Keuangan
& Badan Pusat Statistik, 2025). Users in rural and remote areas, older users, and first-time
investors are plausibly more affected by migration, re-registration, and verification failures,
although the review data do not allow users' characteristics to be identified. For these users,
a failed login may mean temporary loss of access to savings and emergency liquidity, and
negative experiences shared publicly may discourage prospective users within the same
social networks from adopting formal savings (Gabor & Brooks, 2017; Grohmann et al,
2018).

Several community-oriented actions follow from these findings. First, digital migration
and account verification should be accompanied by assisted onboarding through Pegadaian
outlets and agents, village-owned enterprises/Badan Usaha Milik Desa, cooperatives, and
community organizations, so users who cannot resolve access problems online are not
excluded. Second, financial and digital literacy programs, including university community
service programs, can use the recurring pain points identified here (registration,
verification, password recovery, and security awareness) as practical training content.
Third, customer service responsiveness should be treated as a trust repair mechanism,
particularly for complaints that involve access to funds. Finally, the lightweight monitoring
framework demonstrated can be used by service providers, regulators, and community
partners as a low-cost early-warning indicator of when digital channels begin to exclude the
communities they serve, supporting SDG targets 1.4 and 8.10 on equitable access to
economic resources and financial services (Arner et al., 2020; United Nations, 2015).
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4., Conclusions

This study investigates public trust in digital bullion banking services through an
integrated topic modeling and sentiment analysis of user reviews from the TRING
application. By analyzing 2,000 user-generated reviews collected from the Google Play Store
between 16 December 2025 and 11 January 2026, the research provides empirical evidence
on how users perceive and evaluate digital gold investment services in Indonesia’s
emerging fintech ecosystem and relates these perceptions to community financial inclusion.
The combination of LDA and sentiment classification offers a comprehensive perspective
on both the substantive issues discussed by users and the emotional valence underlying
their experiences.

The topic modeling results reveal five dominant themes structuring user discourse:
platform usability, transaction processing and reliability, customer service and support,
gold investment features, and security and trust. The distribution of these topics across
rating levels demonstrates a clear gradient: low ratings are dominated by security,
verification, and account-access issues together with customer service failures, whereas
five-star ratings emphasize ease of use. This pattern confirms that public trust in bullion
banking services is closely tied to platform performance and service quality rather than
solely to the attractiveness of the investment product itself. Sentiment analysis further
indicates that while a majority of users express positive sentiment toward the TRING
application, a substantial proportion of negative sentiment persists. Negative reviews were
significantly longer than positive reviews, providing detailed diagnostic information, and
negative sentiment exceeded positive sentiment during part of the observation window.
The concentration of complaints in certain day-hour periods suggests when monitoring and
support capacity may need to be strengthened, although the short window limits inference
about recurring patterns. These findings highlight the importance of real-time monitoring,
proactive system management, and responsive customer support in maintaining trust,
particularly for financial services involving valuable physical assets such as gold.

Overall, this study contributes to the growing literature on digital financial services in
emerging markets by demonstrating that trust in digital bullion banking operates across
multiple dimensions, including technical stability, transparency, and user experience. From
a community development perspective, the results show that the main risk to inclusive
participation lies in access and verification barriers rather than in product appeal.
Sustaining public trust therefore requires assisted onboarding, community-based digital
and financial literacy support, and responsive service recovery, so that digital bullion
banking can function as sustainable savings and liquidity infrastructure for grassroots
communities.

This study has several limitations. First, the data cover a single platform, a single app
store, and a four-week window shortly after a major platform migration, so the findings may
not generalize to other periods, to iOS users, or to users who do not write reviews; review
writers are also likely to over-represent users with strong experiences. Second, sentiment
labels were generated by a pre-trained model and validated only indirectly through star
ratings, without human annotation of a random subsample. Third, the classification models
were trained to approximate these automated labels, so their accuracy reflects agreement
with the labeling model rather than with human judgment, and their stability was not
assessed through k-fold cross-validation. The number of topics was also chosen on
interpretive grounds rather than through formal coherence comparison. Fourth, the
reviews contain no demographic or geographic information, so the implications for specific
communities are inferred rather than directly observed. Future research should
incorporate human-annotated validation sets, longer and multi-platform data, comparisons
between conventional and Shariah service users, and field-based studies with community
members to examine how trust in digital bullion banking translates into savings behavior
and economic resilience.
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