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Abstract The increasing volume of data in consumer complaint repositories poses considerable challenges for the
effective management and analysis of this information. A primary issue is the prevalence of duplicate complaints,
often submitted by the same consumer across different platforms as a strategy to exert pressure on service providers.
Furthermore, the identification of collective consumer demands embedded within these complaints is essential for
revealing systemic issues affecting broader consumer groups. This study proposes a computational framework to
address these dual challenges: (i) the detection of duplicate complaints through temporal correlation and cross-
platform matching of key attributes—such as consumer identity, service provider, and complaint subject—and (ii)
the identification of collective demands via clustering techniques based on semantic similarity. To this end, natural
language processing (NLP) methods are employed to extract and represent semantic content from unstructured
complaint texts. Empirical results indicate that 95% of duplicate complaints are submitted within a 30-day window
from the original entry. Additionally, the proposed clustering approach demonstrates validated effectiveness to
enhance the management of unstructured consumer complaint data, facilitating more efficient conflict resolution

and informed decision-making for regulatory agencies and service providers.
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1 Introduction

The worldwide widespread use of the Internet has led
to more and more users using Web systems for online
shopping. Recent studies have shown that in 2023 alone
62% of consumers make between two and five online
purchases per month!'. Furthermore, in countries such as
Brazil, around 85% of the population with Internet access
makes at least one online purchase per month. A recent
study also found that 61% of Brazilian consumers shop
more frequently online than in physical stores?.

With the increasing number of purchases in online
environments, the number of consumer complaints about
products and/or services due to various issues (e.g., defects,
delays, incorrect charges, etc.) has also increased. As a
result, several platforms have emerged in Brazil where
users can express their dissatisfaction. Examples include
“Reclame AQUI, “Consumidor.gov* and “Denuncio’,
to name just a few. Over time, the use of these services

Ihttps://forbes.com.br/forbes-money/2023/07/62-dos-consumidores-
fazem-ate-cinco-compras-online-por-mes-aponta-pesquisa/

Zhttps://g1.globo.com/economia/noticia/2022/12/14/61percent-dos-
brasileiros-compram-mais-pela-internet-do-que-em-lojas-fisicas-aponta-
estudo.ghtml

3reclameaqui .com.br

4consumidor.gov.br

Sdenuncio.com.br

has expanded to include complaints about purchases or
services made outside the online environment, for instance,
in telecommunications and banking. These phenomena have
contributed to the increase of technical challenges regarding
the effective management of “digital complaints”.

In practice, responses to initial complaints are not always
timely or forthcoming, leading consumers to submit re-
peated complaints — often across multiple platforms — as
a strategy to escalate their demands and compel a resolution.
As a result, the number of duplicate complaints on these
platforms keeps growing, posing significant challenges for
effective information management. This data redundancy
can hinder conflict resolution, as inflated complaint counts
may lead to incorrect or unrealistic conclusions about
the prevalence of issues related to a specific product or
company [de Carvalho et al., 2008].

In the event of unresolved issues, consumers can take
legal action against the companies that caused the problem.
In order to facilitate access to justice and reduce the number
of lawsuits, the competent bodies such as the Public Prose-
cutor’s Office and the Public Defender’s Office can file the
so-called collective demands based on the number of com-
plaints targeting a same company or product. These lawsuits
are aimed at defending the interests of a group of consumers
who face similar situations. In this work, we present an
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approach to address both issues: (i) removal of complaint
redundancy and (ii) automatic detection of collective de-
mands, which is an extension of our previous work [Rabbi
et al., 2024]. In particular, this study has the following
guiding research question (RQ): How can we automati-
cally detect and group duplicate and semantically similar
consumer complaints, written in Brazilian Portuguese,
across multiple platforms to support the identification of
collective consumer demands in a practical, scalable, and
interpretable way? Here, we hypothesize that combining
BERT-based semantic similarity with topic modeling
techniques enables the identification of latent collective
issues from noisy, large-scale consumer complaint data in a
manner that is useful and actionable for public institutions.

In order to do this, we analyzed 1,723,245 complaints
registered by consumers on three different platforms from
2006 to 2024 (see details in Table 1), all originating from
cities in the state of Minas Gerais, Brazil: Consumidor.gov,
PROCON-MG and Sindec. We proposed an approach to
identify duplicate complaints that involves the temporal anal-
ysis [Mourdo et al., 2008; Salles et al., 2010] and the study of
attributes such as the consumer (complainant), the provider
(complained party) and the subject of the complaint.

Our proposed approach utilizes advanced natural lan-
guage processing (NLP) techniques for Brazilian Portuguese,
specifically the BERTimbau model [Souza et al., 2020],
which is superior to traditional methods such as fuzzy
matching [Wang et al., 2017] or other machine learning
techniques based on soft computing, being more robust to
the variability of natural language in consumer complaints
[de Carvalho et al., 2006, 2008]. The overall goal is to rec-
ognize semantic similarities between complaints by setting
appropriate thresholds for the identification of duplicates.

The results obtained from our duplicate complaint identi-
fication approach show that 95% of duplicates were posted
within 30 days after the initial submission, indicating a tem-
poral range of consumer persistence in seeking resolution
for their issues. Additionally, the length and word clouds
of duplicates across the three data repositories highlight
significant differences in the content and posting patterns of
duplicated complaints. These differences include references
to legal fragments or more mentions of services and compa-
nies, reflecting the unique characteristics of each dataset.

Duplicate complaints may artificially inflate analytical
outcomes by misrepresenting repeated individual cases as
distinct, collective grievances and thereby exaggerate their
prevalence. Thus, having identified duplicate complaints,
we propose a method for systematically identifying genuine
collective demands. Particularly, we apply BERTopic [Groo-
tendorst, 2022], a method that incorporates algorithms for
automatically searching dense topics in a collection of docu-
ments (in the case, complaints), assuming that semantically
similar documents form topics (i.e., potential collective de-
mands). Experimental results demonstrate that the proposed
method produces semantically coherent clusters of com-
plaints. A manual evaluation of these groupings yielded sub-
stantial inter-annotator agreement (Fleiss’ Kappa® = 0.6580),

OFleiss’ Kappa is a statistical measure of inter-rater agreement for cate-
gorical labels [Fleiss ez al., 1971].
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indicating the method’s effectiveness in identifying potential
collective demands. These findings highlight the approach’s
potential to enhance the management and prioritization of
consumer complaints recorded across digital platforms.

The remainder of this article is organized as follows.
Sections 2 and 3 present definitions and related work.
Section 4 describes the details of the proposed approach for
identifying duplicate complaints. Next, section 5 describes
the manual validation conducted. The main results are
discussed in Section 6. Section 7 concludes the study and
outlines directions for future research.

2 Background

We here define the concepts of duplicate consumer
complaints and collective demands adopted in this work.

When engaging with online complaint registration plat-
forms, consumers may submit duplicate records, often as
a means of exerting pressure on the company in question
to prompt a timely response. This is typically achieved by
entering a new complaint containing identical text to a previ-
ously submitted record or by making minor alterations that
either preserve the original message or further emphasize it.

Formally, the task of identifying duplicate consumer com-
plaints can be defined as follows: given a pair of complaints
[ci, ¢j], made by the same user u about a product or service
p in a time interval ¢, a similarity threshold 7 and a similarity
function (e.g., cosine) s(¢;, ¢;) € [0, 1] indicating the extent
to which ¢; and c; are (semantically) similar, we define a pa-
rameterized similarity function F ; between two complaints
c; and c; as:

F-(ciycj) = {1 lfS(C“.CJ) =7
0 otherwise.

A further challenge in the domain of consumer com-
plaints is the growing volume of reports concerning specific
companies, products, or services, which frequently point to
systemic issues affecting a broad range of individuals. These
recurring complaints, commonly referred to as collective
demands, signify widespread dissatisfaction that extends
beyond isolated incidents. If not addressed properly, such
claims can significantly undermine consumer trust, damage
corporate reputations, and disrupt market stability, thereby
underscoring the importance of their timely identification in
effective complaint management.

Identifying collective demands is essential to reveal pat-
terns indicative of systemic issues and facilitate data-driven
interventions. By detecting clusters of similar complaints,
companies are better positioned to implement targeted en-
hancements to their products and services, while regulatory
bodies can derive actionable insights to uphold consumer
rights and enforce relevant legal protections. However,
this process presents significant challenges due to the
unstructured nature of the complaint data, the variability in
how issues are articulated, and the dispersion of complaints
across multiple platforms, all of which hinder the reliable
detection of meaningful patterns.

Formally, the task of identifying collective demands
can be defined as follows: given a set of complaints
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C = {ci,c,...,c,} registered by distinct users about the
same product or service p in a time interval ¢, a similarity
threshold A and a scoring function 7(C') € [0, 1] indicating
the extent to which the complaints in C' refer to a shared issue
affecting multiple consumers, we define a binary classifica-
tion function G, »(C) as:

1 ifr(C) > A

0 otherwise.

Gr,)\(c) = {

3 Related Work

This section discusses related work along two main dimen-
sions: (i) consumer complaints and (ii) general strategies for
removing duplicate information in data repositories across
different contexts (not limited to complaints).

3.1 Consumer Complaints

Consumers increasingly utilize online platforms to voice
their dissatisfaction with specific products and/or services
[Almeida and Ramos, 2012]. This widespread behavior
has resulted in the generation of substantial volumes of
data, which has garnered the attention of researchers across
various disciplines for a range of analytical purposes. For
instance, Sargiani ef al. [2020] conducted a study leveraging
consumer complaint data to identify problematic sectors
within the market. The researchers analyzed complaints
submitted to the Sindec database between 2013 and 2017,
identifying the banking sector as the most frequently
targeted, with approximately 90,000 complaints. A more
detailed examination indicated that retail banks were respon-
sible for the majority of these complaints, including around
10,000 related to incorrect fees.

Similarly, [Félix et al., 2018] conducted an investiga-
tion into the application of natural language processing
techniques for identifying prevalent topics in consumer
complaints related to telecommunications service providers.
The study utilized a dataset comprising approximately
300,000 complaints collected from PROCON-MG, Reclame
AQUI, and Twitter (currently referred to as X). For topic
modeling, the Latent Dirichlet Allocation (LDA) algorithm
was employed [Jelodar et al., 2019]. The findings indicated
that the predominant issues related to telephone and Internet
services, with the Reclame AQUI platform yielding more ac-
tionable insights than the other sources, thus offering greater
utility for businesses seeking to address consumer concerns.

In [Freitas and Andredo, 2021], the authors proposed a
methodology for the automation and preprocessing of raw
data obtained from a consumer complaint service, with
the objective of facilitating the development of automatic
classifiers to determine whether service providers success-
fully contacted consumers in response to their complaints.
The study utilized approximately 13,000 complaints related
to telecommunications and pay-TV companies, collected
from the Anatel Consumidor platform. The proposed
methodology demonstrated a reduction in training time
for classification models, while maintaining classification
accuracy at a satisfactory level.
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3.2 Strategies for Removing Duplicate Information

Approaches to identify and remove duplicate data have
been proposed in various domains, such as healthcare
records [Elmagarmid et al., 2007], product catalogs in
e-commerce [Ripon et al., 2010], social media and Web
content [Mansoor ef al., 2020], and bibliographic databases
[de Carvalho et al.,2011]. In fact, poor handling of duplicate
information can lead to various problems, such as increased
processing costs and reduced performance of models trained
on such data [Barz and Denzler, 2020].

Related research in this domain exhibits similarities with
the present study by analyzing or evaluating the discrimina-
tive capacity of attributes for the purpose of entity resolution
[Mangaravite ef al., 2022; Carvalho et al., 2022; Belém et al.,
2023; Silva et al., 2019]. While these prior studies primarily
focus on structured data and investigate which attributes
(such as name, identification number, or address) most effec-
tively distinguish between entities, the approach presented in
this study extends this line of inquiry to unstructured textual
data—specifically, consumer complaints. In this context, the
central challenge involves identifying semantically similar
content within noisy and heterogeneous textual descriptions.

Previous research on the elimination of duplicate infor-
mation has predominantly focused on structured data, such
as records within tabular databases, and has often employed
rule-based approaches — either manually defined or gen-
erated through machine learning techniques [Elmagarmid
et al., 2007; Mangaravite et al., 2022; Carvalho et al., 2022].
However, these methods are generally inadequate for han-
dling high-dimensional textual data, particularly noisy text
generated by end users. In such contexts, recent studies have
explored the use of semantic embeddings and deep learning
models to address the task more effectively [Mansoor et al.,
2020; de Andrade et al., 2023]. In particular, Mansoor
et al. [2020] proposed a hybrid model that integrates Long
Short-Term Memory (LSTM) networks with Convolutional
Neural Networks (CNNs) to assess semantic similarity
between sentence pairs, achieving an accuracy of 87.5% on
the Quora question pairs dataset. Related to this, de Andrade
et al. [2023] examined the class separability of contextual
embedding representations of texts, demonstrating that
well-optimized embeddings can produce highly separable
feature spaces, thereby reducing the dependence on complex
classifiers in text classification tasks.

3.3 Research Gap

This study distinguishes itself from the existing literature
in two primary ways: (i) by focusing on the analysis of
duplicate consumer complaints sourced from multiple
government platforms, which are examined collectively;
and (ii) by employing data preprocessing techniques to
enhance the accuracy of quantitative analyses. Notably,
the study incorporates natural language processing (NLP)
methods, which have not been extensively utilized in prior
research for this specific type of analysis.

With respect to duplicate information removal strategies,
traditionally centered on the deduplication of structured
data, this study adopts a distinct approach by targeting
unstructured data, specifically consumer complaint texts,
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Figure 1. Overview of proposed approach.

and addressing the linguistic nuances inherent to this context.
A further distinguishing feature of the study is its focus
on texts written in Brazilian Portuguese, a language for
which significantly fewer linguistic resources are available
compared to English.

While deep entity matching methods — as surveyed in
Neural Networks for Entity Matching (Barlaug & Gulla,
[Barlaug and Gulla, 2021]) - have advanced neural architec-
tures for structured record linkage, those techniques depend
on labeled data and structured schemas. Our pipeline, by
contrast, processes unstructured consumer complaint texts
in Brazilian Portuguese, performing deduplication using
BERTimbau embeddings and cosine similarity thresholds
without supervised labeling.

Indeed, BERTopic has been applied successfully to con-
sumer complaint corpora, such as the U.S. Consumer Fi-
nancial Protection Bureau (CFPB) dataset [Vaishnav et al.,
2024], demonstrating greater topic coherence and inter-
pretability than traditional methods like LDA and LSA. To
our knowledge, our implementation is one of the first to
apply BERTopic at scale to Brazilian Portuguese consumer
complaints [dos Santos et al., 2023; Bastani ef al., 2019].

Finally, our study diverges from previous ones by
proposing a novel approach to identify potential collective
demands. To the best of our knowledge, this specific task
has not yet been addressed in the existing literature. The
proposed approach is expected to offer valuable support to
data management professionals operating in this context.

4 Methodology

This section outlines the proposed approach for address-
ing two key aspects of the problem investigated in this study:
(i) the identification of duplicate complaints across multiple
data repositories, and (ii) the detection of collective demands
within the remaining complaint data. The first phase is
dedicated to identifying duplicate and near-duplicate com-
plaints to ensure data consistency and reduce redundancy.
In the second phase, the remaining complaints are organized

by company, service, and/or product, utilizing semantic
representations to generate potential clusters of collective de-
mands. Both phases underwent manual validation to ensure
reliability. An overview of the proposed approach is pre-
sented in Figure 1, with each step described in detail below.

4.1 Data Repository

In this study, we explored data from three different repos-
itories: Consumidor.gov, PROCON-MG, and Sindec. A
description of these repositories is given below:

4.1.1 Consumidor.gov

A public platform managed by Senacon (the National Con-
sumer Secretariat), an agency under the Ministry of Justice
and Public Security responsible for consumer protection poli-
cies in Brazil. Through this platform, consumers can file
complaints directly against companies and seek resolution.
To participate, companies must register and sign a commit-
ment agreement. Consumers must also have a Silver or
Gold account on Gov.br to access the service. The plat-
form has been available since 2021 and can be accessed at
consumidor.gov.br.

4.1.2 PROCON-MG

A State Consumer Protection and Defense Program that,
among other responsibilities, receives consumer complaints
and mediates potential solutions with companies. The
agency was established to safeguard consumer rights and
also takes action against practices that harm collective inter-
ests. Complaints against a company can be filed online, by
phone, or in person at a PROCON-MG office.

4.1.3 Sindec

The National System for Consumer Protection Informa-
tion is a set of technologies to integrate and consolidate in-
formation on consumer protection authorities, providing a
robust management tool to meet these authorities’ dynamic
needs.
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Figure 2. Distribution of complaints by repository per year.

Table 1. Summary of complaints per repository with unique consumer (or complainant) and company (or complained party) identifiers.

Repository Complaints Complainants Complained Avg. per Avg. per Period
Parties Complainant Complained Party

Consumidor.gov 477,436 213,478 845 22 565.0 01/2021-03/2024

PROCON-MG 5,476 5,065 2,814 1.1 1.9 08/2010-11/2017

Sindec 134,198 98,426 13,754 1.4 9.8 10/2006-02/2024

Total 617,110 316,969 17,413 1.9 35.4 10/2006-03/2024

4.1.4 Data Summary

In total, we collected 951,814; 427,239; and 344,192 com-
plaints from the platforms Consumidor.gov, PROCON-MG
and Sindec, respectively, dating back to 2006, all originating
from cities in the state of Minas Gerais, Brazil. The distri-
bution is shown in Figure 2, where a clear increase in the
volume of complaints can be observed from 2021 onwards,
probably related to the launch of Consumidor.gov. Finally,
these 1,723,245 complaints are consolidated into a single
data repository that serves as input for the subsequent steps.

4.2 Step 1: Data Preprocessing

The initial phase of our methodology involves data pre-
processing, which leverages unique identifiers for com-
plainants and complained parties (i.e., the company or
organization against which the complaint was filed) de-
rived through a Master Data Management (MDM) process
[Loshin, 2010]. Comprehensive details regarding the imple-
mentation adopted in this study are available in [Mangaravite
et al., 2022]. In essence, this process ensures the consis-
tent and unambiguous identification of entities across all in-
tegrated data sources, thereby facilitating more accurate and
efficient analytical procedures.

Table 1 presents the number of complaints recorded in
each individual data repository following the preprocessing
stage. Consumidor.gov accounts for the highest volume
of complaints, totaling 477,436 entries, followed by Sindec
and PROCON-MG, with 134,198 and 5,476 records, respec-
tively. Notably, Consumidor.gov also reports the greatest
number of unique complainants (213,478), whereas Sindec
registers the highest number of distinct complaint targets
(13,754). On average, each platform received approximately
two complaints per complainant and 35 complaints per com-

plained party.
4.3 Step 2: Identification of Duplicate Complaints

The objective of this step is to identify complaints from the
same consumers that pertain to the same company or prod-
uct within a specified time frame. This step is essential to

ensure the accuracy of the subsequent quantitative data anal-
ysis. Consumers may submit multiple complaints to the same
or different organizations in response to a single incident re-
quiring intervention by these authorities, which can lead to
an artificial inflation of statistics for certain companies or in-
dustries. To address this, the proposed approach is divided
into three primary steps described in detail below.

4.3.1 Complaints Blocking

The first stage involves a blocking procedure, in which
complaints submitted by the same user and directed to the
same company are grouped together. This blocking process
is performed using unique user and company identifiers that
have been previously filtered. As a result, multiple blocks
are created, each comprising the complaints of a specific con-
sumer directed to a particular company within a one-month
period. The primary objective of this step is to reduce the
number of necessary comparisons, thereby optimizing com-
putational efficiency and lowering processing costs.

4.3.2 Representing Complaints Using Contextual Embed-
dings

Following the blocking phase, a pre-trained sentence em-
bedding model based on the BERT architecture was em-
ployed to generate vector representations of the complaints,
capturing their underlying semantic content. These em-
beddings facilitate the identification of complaint pairs that
exhibit a level of similarity exceeding a specified thresh-
old. The model adopted in this study was BERTimbau
[Souza et al., 2020], which is specifically trained on Brazil-
ian Portuguese data, in conjunction with the sSBERT library
[Reimers and Gurevych, 2019], which encodes each com-
plaint into a semantic vector within a latent space. This rep-
resentation enables the application of vector-based similarity
metrics, such as cosine similarity or distance measures, to
detect instances of semantically equivalent or near-duplicate
complaints.

In this context, it is important to underscore the necessity
of employing deep learning-based approaches in place of tra-
ditional methods, such as fuzzy matching [Wang et al., 2017,
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Miller et al., 2009], given the inherent complexity and vari-
ability of natural language found in consumer complaints.
These texts frequently contain informal language, spelling
mistakes, lexical variation (e.g., synonyms), and idiomatic
expressions. Such linguistic nuances pose significant chal-
lenges for traditional techniques, which lack the robustness
needed to effectively handle the diverse and often noisy lan-
guage typical of user-generated content. Moreover, conven-
tional models are limited in their capacity to capture semantic
similarity, as different individuals may express complaints
about the same entity using distinct phrasing while convey-
ing equivalent meanings.

4.3.3 Calculating Similarity

Subsequently, the similarity between the embedding vec-
tors generated in the previous step is calculated. This is ac-
complished by computing the cosine distance between pairs
of complaint vectors, resulting in a similarity score for each
pair. The scores are ranked in descending order, allowing a
domain expert to determine an appropriate similarity thresh-
old for classifying complaints as duplicates. Based on empiri-
cal evaluations conducted in this study, a similarity threshold
of 90% was established for the analysis. Accordingly, two
complaints are considered duplicates if their similarity score
meets or exceeds this threshold and if they were submitted
within a 30-day period, as defined by the domain expert.

The similarity threshold of 7 = 0.90 was not arbitrarily
chosen. It was based on empirical evaluations during our
preliminary experiments and confirmed by domain experts,
aiming to minimize false positives in institutional contexts.
This conservative setting was further supported by the man-
ual validation in Section 5, where annotators achieved sub-
stantial agreement (Fleiss’ k = 0.748).

As a result of this process, pairs of candidate duplicate
complaints are identified along with their corresponding sim-
ilarity scores. In the context of this study, a total of 17,583 du-
plicate complaints were identified among the 617,110 com-
plaints analyzed (as presented in Table 1), spanning multiple
data repositories. It is important to highlight that the similar-
ity threshold adopted in this analysis was intentionally con-
servative. In practical applications, the identified complaint
pairs could be ranked in descending order of similarity to fa-
cilitate further expert review, which may enhance the overall
effectiveness and adaptability of the proposed approach.

4.4 Step 3: Identification of Collective Demands

After identifying duplicate complaints, the next phase of
the proposed approach focuses on detecting potential collec-
tive demands. As outlined in Step 3 of Figure 1, this phase
involves a three-step process: (i) filtering complaints based
on contextual parameters (e.g., time period and company),
(i1) grouping them by company or service, and (iii) applying
semantic clustering techniques to identify recurring issues af-
fecting multiple consumers. These clusters are subsequently
interpreted as potential collective demands, which are further
validated by experts.

The process begins with predefined parameters, such as
the desired time period, data repository, and target company.
In a practical application, the expert user can input these pa-
rameters through a user-friendly interface. The “Company”
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parameter is optional, allowing for flexible analysis. Based
on the inputs provided, the approach filters complaints that
meet the defined criteria and organizes them accordingly.
Relevant complaint information is retrieved, including com-
plaint identifiers and content.

This approach employs semantic grouping techniques, uti-
lizing BERTopic [Grootendorst, 2022], a topic modeling al-
gorithm, to cluster complaints based on similarity. It iden-
tifies clusters that represent potential collective demands by
grouping complaints with common semantic features related
to a shared problem, product, or service.

Before detailing the semantic grouping technique, it is im-
portant to clarify that BERTopic was not used for deduplica-
tion or entity matching. That process was fully addressed in
the prior step using BERTimbau embeddings and cosine sim-
ilarity with a high threshold. In the current phase, BERTopic
is applied solely to the set of complaints that have already
been deduplicated. Its role is to group them into interpretable
clusters representing potential collective demands, enabling
a more actionable interpretation for human validation.

Unlike the previous step, this phase compares complaints
from different complainants regarding the same company or
product, excluding previously identified duplicates. Com-
plaints are initially filtered by the target company using in-
put parameters such as the time period and company name,
if available. If company information is absent, an additional
internal filtering process ensures that all analyzed complaints
refer to the same company.

The clusters generated by our approach represent poten-
tial collective demands, each corresponding to complaints
grouped by a shared issue. An example is provided in Ta-
ble 2. These clusters offer valuable insights for identifying
systemic problems within companies, services, or products,
forming a data-driven foundation for collective consumer
protection actions. However, the approach is intended to as-
sist domain experts, who must manually validate the results
and determine the appropriate actions.

Table 2. Example of clustering results for a telecommunications
company with associated keywords and representative complaints
in Portuguese.

Topic Id Associated Keywords Representative Complaints

-1 [<company>, internet, plano, ...] [O reclamante é consumidor...]
0 [cancelamento, plano, controle ...] [Em outubro fiz a solicitaggo...]
1 [gb, assinantes, 00, bonus, ...] [Localizei uma oferta de...]
2 [cashback, liuz, reclamac, ...] [Eu ja fiz uma reclamagio...]
3 [internet, cmicos, 18 dias, ...] [Contratei a <company>...]

252 [contestac, dificuldade, art, ...] [Boa noite!\n Entrei em...]

253 [31, meros consigo, mero 1056, ...] [Estou recebendo diversas...]

254 [ditos recarga, encargos, ...] [Fiz uma consulta no...]

255 [eusta, rua padre, padre...] [Em outubro do ano de 2023...]

Based on the results presented in Table 2, the approach suc-
cessfully identified 256 potential collective demands, each
represented by a cluster of complaints grouped around com-
mon keywords. The first row (Topic or Demand ID -1) cor-
responds to a complaint that did not align with any specific
group, remaining isolated and not forming a collective de-
mand. As an example, the first valid collective demand
(i.e., Demand ID 0), shown in Table 3, was derived from
36 individual complaints and is characterized by represen-

tative terms such as “cancellation”, control”, and

LR N3

plan”,



Detecting and Analysing Duplicate Consumer Complaints and Collective Demands Across Multiple Platforms

“billing”. Terms enclosed in angle brackets in Table 2 (e.g.,
<company>) indicate omitted named entities.

Table 3. Example of complaints used to build a collective demand.

ComplaintId  Index  Opening Date  Text (in Portuguese)
125589 0 2024-04-30 Meu plano teve aumento de prego...
127875 1 2024-04-22 empresa cancelou numero e passou...
129660 2 2024-03-31 Na noite de hoje tentei realizar o...
131294 3 2024-03-26 Ja faz um tempo que estou tentando...
134959 34 2024-03-18 Solicitei o cancelamento dos servi...
136900 35 2024-03-13 Bom dia\n\nPor favor o cancelam...

4.5 Validation Measure

The evaluation of our approach required not only quanti-
tative analysis of system outputs but also qualitative assess-
ment of their interpretability and practical relevance. In both
tasks — duplicate complaint identification and collective de-
mand detection — the final step involved human annotators
judging whether the results produced by the system were cor-
rect. To transform this subjective evaluation into a reliable
measure of quality, we employed an inter-rater agreement
statistic. Specifically, we adopted Fleiss’ Kappa [Fleiss et al.,
1971], which quantifies the degree of consensus among mul-
tiple raters while correcting for the level of agreement ex-
pected by chance.

To formally assess inter-rater reliability in the manual val-
idation, we calculated Fleiss’ Kappa [Fleiss et al., 1971].
Given N items independently classified into k categories by
n raters, let n;; denote the number of raters who assigned
item ¢ to category j. The proportion of raters who agreed on
item ¢ is:

k
1
n(n_l);nj(n] )

The overall agreement is the average across all IV items:

1
P= ; P
Let p; = - Zf\;l n;; be the overall proportion of as-

signments to category j, and define

Finally, Fleiss’ Kappa is given by:

P—-P,
K= —

1-P,

This statistic corrects for chance agreement and ranges
from —1 (complete disagreement) to +1 (perfect agreement),
with 0 corresponding to chance-level agreement. According
to McHugh [McHugh, 2012], values between 0.61 and 0.80
indicate substantial agreement, while values above 0.80 indi-
cate almost perfect agreement.
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Table 4. Results of the manual labeling performed by three
independent evaluators over candidate duplicate pairs. The table
reports agreement levels (total, partial, none) and the proportion
of instances confirmed as duplicates (Yes) or rejected (No), per
repository.

. Agreement (%) Are duplicates (%)
Repository Total Partial None T - Yes 2 -No
Consumidor.gov 87.00 10.00 3.00 78.00 9.00
PROCON-MG 90.48 9.52 0.00 90.48 0.00
Sindec 85.00 12.00 3.00 55.00 30.00

5 Manual Validation

First, we performed a manual evaluation of the results ob-
tained from the execution of Steps 2 and 3 (Figure 1) of the
methodology proposed for carrying out this study, as pre-
sented below.

5.1 Duplicate Complaints

To qualitatively assess the performance of the proposed
approach, a random sample of candidate duplicate pairs iden-
tified in each data repository was manually labeled. Specif-
ically, from the 17,583 duplicate pairs identified, 100 pairs
were randomly selected from each repository, with the excep-
tion of PROCON-MG, where only 21 candidate duplicate
pairs were identified. In total, 221 complaint pairs were sub-
jected to manual evaluation. Each pair was independently re-
viewed by three volunteers, who classified the instances into
one of three categories: (1) “Duplicate” for cases that clearly
represented a duplicate record of an original complaint; (2)
“Not duplicate” for cases that did not; and (3) “Inconclusive”
when the evaluator was unable to confidently assign a label.

To assess the level of agreement among the evaluators,
Fleiss’ Kappa was calculated. The degree of agreement was
categorized as follows: total agreement when all evaluators
assigned the same label, partial agreement when at least one
evaluator assigned a different label, and no agreement when
all three evaluators assigned distinct labels to the same in-
stance.

The results of this evaluation are summarized in Table 4.

In the case of the Consumidor.gov repository, 78% of the
instances were labeled as duplicates by the evaluators, while
9% were labeled as non-duplicates. This indicates that 9%
of the cases identified as duplicates by the model were, in
fact, not considered duplicates by the evaluators. For the
Sindec repository, 30% of the model-identified duplicate
samples were classified as non-duplicates by the evaluators,
suggesting a higher rate of false positives. In contrast, for
the PROCON-MG repository, all samples identified by the
model as duplicates received unanimous agreement from the
evaluators, confirming their classification as true duplicates.

Overall, the Fleiss’ Kappa score was 0.748, indicating sub-
stantial agreement among evaluators. As illustrated in Figure
3(a), total agreement was achieved for 86.4% of the evalu-
ated samples, corresponding to 191 out of 221 samples. Par-
tial agreement was observed in 10.9% of the samples (24 out
of 221), and no agreement was reached in only 2.7% of the
samples (6 out of 221).

An instance of complete disagreement among the three
evaluators is presented in Table 5. The complaints exhibit
a high degree of textual similarity, including mentions to the
same order number, some overlapping dates, and an identical
protocol number. However, the first complaint refers to only
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(a) Agreement among evaluators (b) Duplicate confirmation

Figure 3. Agreement among evaluators and duplicate confirmation.

one order and one protocol, whereas the second includes ref-
erences to two additional orders and two additional protocols.
The evaluator who classified the pair as duplicates may have
interpreted the first complaint as being subsumed within the
second. Nevertheless, among the four key dates cited in each
complaint—return date, order arrival date, refund date, and
stated deadline — only two dates coincide. Given that the
second complaint refers to multiple orders, it is possible that
the overlapping dates reflect the earliest or latest dates asso-
ciated with those additional transactions.

In this case, the evaluator who classified the texts as non-
duplicates may have concluded that the first text, which con-
tained fewer and differing details compared to the second,
could not be regarded as a duplicate. On the other hand, the
evaluator who labeled the texts as inconclusive may have
considered both interpretations to be valid and, as a result,
was unable to make a definitive judgment.

Figure 4 presents the distribution of labels assigned by the
three evaluators during the manual validation process. A no-
table level of consistency is observed among the evaluators
concerning the number of samples labeled as duplicates (la-
bel 1) and non-duplicates (label 2), while inconclusive labels
(label 3) were relatively rare. Additionally, Figure 3(b) il-
lustrates that, among the samples exhibiting total agreement,
79.6% of the instances identified as duplicates by the model
were also confirmed as duplicates during the manual evalu-
ation. This outcome reflects the satisfactory performance of
the approach proposed in this study.

5.2 Potential Collective Demands

Finally, to assess the effectiveness of our proposed ap-
proach in identifying collective demands, we applied it to
complaints registered by consumers within a predefined time
period, specifically from November 28, 2024, to December
31, 2024. This period was selected because it includes Black
Friday 2024, a major retail event that typically occurs on the

Table 5. Example of total disagreement among evaluators.

Text 1

Order XXXXXXXXXXXX3116 was returned on 12/12 and arrived at <COM-
PANY> on 12/13. The refund was supposed to be processed by 12/23 according
to the informed deadline, but they stated it would be processed by 12/27, as per
protocol XXXXX358. More than 10 days have passed since the refund deadline,
and the refund has still not been processed.

Text 2

Orders XXXXXXXXXXXX6431, XXXXXXXXXXXX3116, and
XXXXXXXXXXXX9871 were returned on 12/12 and arrived at <COM-
PANY> on 12/14. The refund was supposed to be processed by 12/23 according
to the informed deadline, but they stated it would be processed by 12/27, as per
protocols XXXXX942, XXXXX813, and XXXXX358. More than 10 days have
passed since the refund deadline, and the refunds have still not been processed.
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Table 6. Volume of complaints, number of identified clusters, and
average size of clusters per domain (Bank, Card, and Online Shop-
ping) from November 28 to December 31, 2024 .

Group Total Complaints Clusters Avg Complaints/Cluster
Bank 4740 468 10.13
Card 1394 92 15.15
Online Shopping 223 20 11.15

Friday following Thanksgiving in the United States and has
gained widespread popularity globally, including in Brazil.
Known for substantial discounts and special sales both in
stores and online [BlackFriday.com.br, 2024], Black Friday
induces a significant increase in consumer shopping activity,
thus increasing the likelihood of post-purchase complaints.

To facilitate the manual validation process of the identi-
fied results, we randomly selected potential collective de-
mands from three key areas of interest: “Banking Services,”
“Credit Card Services,” and “Online Shopping Platforms.”
These areas were chosen based on recent research indicat-
ing that they received the highest number of complaints in
2024 [Reclame Aqui, 2024]. As shown in Table 6, overall
we find that the Bank segment has the highest total num-
ber of complaints (4,740) and the largest number of poten-
tial collective demands (468 clusters), with an average of
10.13 complaints per cluster. The Card segment follows
with 1,394 complaints spread across 92 clusters, resulting in
a higher average of 15.15 complaints per cluster. Finally,
Online Shopping segment has the lowest total number of
complaints (223) and 20 clusters, with an average of 11.15
complaints per cluster.

In summary, Table 6 offers an overview of the volume of
potential collective demands across different segments, em-
phasizing the Bank segment as the most significant, both in
terms of total complaints and potential collective demands.
The Card segment, while featuring fewer clusters, exhibits
a higher concentration of complaints per cluster, suggesting
a greater potential for more targeted collective actions. The
Online Shopping segment, although smaller in scale, remains
a relevant area for collective demand analysis due to its rela-
tively high average number of complaints per cluster.

Based on the results obtained, we randomly selected three
potential collective demands from each area (for a total of
nine) and analyzed ten associated random complaints for
each demand. The groups of potential collective demands
and complaints were manually evaluated by three volunteers,
who classified them into the following categories: (i) coher-
ent with the cluster (Yes), (ii) not related to the cluster (No),
or (iii) undecidable due to insufficient or ambiguous informa-

Distribution of labels
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mm Evaluator Rp2
mmm Evaluator Rp3

) .
0 N .

Duplicates Non-duplicates Inconclusive
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Figure 4. Distribution of labels among evaluators.
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tion (Inconclusive). This annotation process was designed
to assess the alignment between the complaints within each
cluster according to human judgment. To evaluate the con-
sistency of the annotations, we also calculated Fleiss’ Kappa.
The results from this step are further discussed in the next
section (Section 6.2.2).

6 Results and Discussion

This section presents the main results of the proposed ap-
proaches for identifying (i) duplicate consumer complaints
from different data repositories and (ii) potential collective
demands, based on the conducted manual validation.

6.1 Duplicate Consumer Complaints

The identification of duplicate complaints is a vital
component in improving data quality and ensuring the
integrity of consumer protection analyses. Such duplicates
can emerge due to various factors, including individual user
behavior, redundancies at the system level, or inconsisten-
cies in data integration practices across different platforms.
For the purposes of this study, duplicate complaints are
defined as separate records submitted by the same consumer
against the same company that demonstrate a high degree of
textual similarity and are filed within a specified time frame.
Effectively detecting these duplicates is essential not only
to avoid inflating complaint volumes but also to enhance
the detection of recurring issues that may signal broader
patterns of consumer harm.

In this section, we present the results of our duplicate
detection methodology, applied to three heterogeneous
consumer complaint repositories: Consumidor.gov, Sindec,
and PROCON-MG. We begin with an overview of the preva-
lence and distribution of duplicate complaints across these
datasets, followed by a multi-dimensional analysis focusing
on (i) textual content, (ii) user behavior, and (iii) temporality.
Each dimension provides distinct insights into the nature
and dynamics of duplication phenomena within and across
platforms. The results offer a fundamental understanding of
complaint redundancy patterns, which can support both data
curation strategies and subsequent analytical tasks, such as
the identification of potential collective claims.

6.1.1 General Analysis

A preliminary characterization was conducted across the
three repositories under analysis, encompassing a total of
617,110 complaints with identifiable complainants and de-
fendants, as detailed in Table 1. This dataset constitutes the
full scope of data utilized for the duplicate detection analysis.
Following the application of the proposed methodology,
17,583 complaints were identified as duplicates, accounting
for approximately 2.8% of the total dataset.

The Consumidor.gov repository accounted for the major-
ity of identified duplicates, with 16,185 cases, representing
94.3% of the total. In comparison, the Sindec repository con-
tained 816 duplicate cases (4.6%), while the PROCON-MG
repository had the fewest, with only 182 instances, corre-
sponding to 1.0% of the total duplicates.

Building upon the general analysis, we conducted a
more detailed examination of the characteristics of duplicate
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complaints across the three repositories (Consumidor.gov,
Sindec, and PROCON-MG). This analysis was structured
around three key dimensions:

1. Textual content — focusing on the primary textual fea-
tures of the complaints;

2. User behavior — investigating the frequency with which
individual users submitted duplicate complaints; and

3. Temporality — evaluating the time intervals between the
original complaint and its corresponding duplicate.

6.1.2 Textual Content

To visually characterize the textual content of duplicate
complaints across the repositories, word clouds were gener-
ated using the text from the earliest complaint in each du-
plicate pair — that is, the initial record within the defined
temporal window. These visualizations, presented in Figure
5, illustrate notable differences in the thematic focus of the
complaints across the datasets.

In the Consumidor.gov repository, the content of com-
plaints was directed primarily toward companies. By con-
trast, the PROCON-MG data exhibited a more balanced em-
phasis on both services and products. The Sindec repository
was distinguished by the frequent inclusion of legal refer-
ences, such as articles and clauses, often quoted verbatim.
Additionally, many complaints in Sindec were written in the
third person, suggesting they may have been submitted by
representatives on behalf of consumers. The presence of for-
mal legal language likely contributed to longer complaint
texts, a pattern examined in further detail below.

As shown in Table 7, the average lengths of duplicate com-
plaints in the Consumidor.gov and PROCON-MG reposito-
ries were comparable, at 139 and 151 words, respectively.
In contrast, complaints in the Sindec repository were signif-
icantly longer, a difference that can be attributed to the fre-
quent inclusion of detailed legal references.

Table 7. Mean and standard deviation of the number of words and
characters in complaints registered in the analyzed repositories.

Repository #Words #Characters
Consumidor.gov 139 (£119) 835 (£727)
PROCON-MG 151 (£153) 903 (£947)
Sindec 343 (£433) 2977 (£3974)

6.1.3 User Behavior

Subsequently, we analyzed user behavior, specifically the
actions of complainants, in submitting duplicate complaints
across the examined platforms. Overall, 95% of duplicate
complaints consisted of no more than two additional copies
beyond the original, although in rare cases, up to 19 dupli-
cates were observed. As illustrated in Figure 6, the cumu-
lative distribution functions for each repository confirm that
the vast majority of complaints—95%—had at most two du-
plicates, consistent across all datasets.

Despite the significantly larger dataset in Consumidor.gov
compared to the other repositories, the pattern of up to two
duplicates per user was consistent across all domains.
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Figure 5. Word clouds (in Portuguese) for duplicated complaints in each repository.
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Figure 6. Cumulative distribution of duplicates per repository.

6.1.4 Temporality

The analysis then turned to the temporal dynamics of du-
plicate complaint submissions across the different platforms.
Notably, nearly half of all identified duplicates were submit-
ted on the same day as the corresponding original complaint.

Descriptive statistics for the time intervals between du-
plicate submissions revealed the following: for Consumi-
dor.gov, mean interval was 8.54 days (+0.07), with standard
deviation of 10.21 days (£0.05); for Sindec, mean interval
was 4.83 days (£0.25), with standard deviation of 9.23 days
(£0.18); and for PROCON-MG, mean interval was 0.34 days
(£0.14), with standard deviation of 2.06 days (+0.10).

As illustrated in Figure 7, 95% of duplicate complaints
were submitted within 30 days of the original across all repos-
itories. However, significant variation was observed in the
proportion of same-day duplicates: in Consumidor.gov, be-
tween 40% and 50% of duplicates were submitted on the
same day; in PROCON-MG, this proportion exceeded 90%;
and in Sindec, it was approximately 70%.

One possible explanation for these differences lies in the
disparity in the volume of identified duplicates across the
repositories. Consumidor.gov accounted for over 17,000 du-
plicate cases, whereas PROCON-MG and Sindec had only
816 and 182, respectively. This discrepancy suggests that the
figures for PROCON-MG and Sindec may not fully capture
broader temporal patterns. Unlike the user behavior analysis,
where consistent trends were supported by the data, the cur-
rent findings do not conclusively demonstrate distinct tempo-
ral characteristics across the repositories. Further research
would be required to validate this hypothesis, indicating a
potential direction for future study.

These findings answer the first part of our Research Ques-
tion by showing that automatic detection of duplicates is
feasible with high reliability through BERTimbau embed-

dings combined with a conservative similarity threshold and
a 30-day temporal window, capturing the vast majority of
repeated complaints with empirical validation.

6.2 Collective Demands

Consumer complaints often point not only to individual
grievances, but also to broader, recurring issues that may jus-
tify collective legal action. In this subsection, we examine
how such patterns emerge within the data by analyzing the
frequency, thematic content, and distribution of complaints
across different service domains. By combining quantitative
insights with qualitative annotations, we aim to identify signs
of potential collective demands that warrant further legal or
institutional attention.

6.2.1 Overview

In this section, we show a distribution of complaints by
company, separated by domain. This distribution is directly
relevant to the identification of collective demands: in prac-
tice, even a relatively small number of complaints directed
at a few companies may be sufficient to trigger a class action
or institutional intervention. Thus, understanding whether
dissatisfaction is concentrated or dispersed across providers
helps contextualize the clusters of potential collective de-
mands identified in subsequent analyses.

Figure 8 provides a visual representation of how consumer
dissatisfaction is distributed within each sector, whether it is
concentrated among a few companies or distributed across
many. The figure highlights the ten companies with the high-
est number of complaints in three distinct domains: banking
(a), credit card services (b), and online shopping (c).

In the banking sector, complaints are more evenly dis-
tributed among several institutions. The bank with the high-
est number of complaints received nearly 500, while others
followed closely with totals ranging between 300-400. This
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Figure 7. Cumulative distribution of duplicates per day in each repository.

pattern suggests a relatively widespread level of consumer
dissatisfaction affecting multiple entities within the sector.

By contrast, the credit card services domain exhibits a
higher concentration of complaints. In this category, just two
companies account for a substantial proportion of the total
complaints, indicating that issues may be more localized, po-
tentially stemming from specific service deficiencies or iso-
lated user experience problems.

The online shopping sector presents a markedly different
pattern, with a single company dominating the complaint
landscape. This company received over 170 complaints—
more than three times the number reported by the second-
ranked one. This significant centralization of consumer com-
plaints points to the possibility of systemic issues concen-
trated within a particular platform.

To examine the prevailing themes and linguistic patterns
within consumer complaints, we employed a combined ap-
proach that integrates frequency-based and score-based anal-
yses of terms associated with each service domain. Figure 9
presents word clouds depicting the most frequently men-
tioned terms in complaints related to banking (a), credit card
services (b), and online shopping (c). In parallel, Figure 10
displays the top-ranked words based on their average impor-
tance scores, which reflect the discriminative relevance of
each term within its respective category.

In the banking domain, both frequency and scoring analy-
ses reveal a blend of textual noise — such as terms like “agg”,
“vendo”, and “cc”, which may originate from automated sys-
tems or data artifacts — and substantively meaningful words
including “desconformidade” (non-compliance), “encamin-
har” (to forward), and “notificagdo” (notification). These
terms suggest recurring issues related to document process-
ing, procedural inconsistencies, and communication failures
between institutions and consumers.

For the credit card services category, there is a stronger

alignment between frequently occurring and highly scored
terms. The word “notificagdo” (notification) emerges as both

the most common and impactful, highlighting the centrality
of formal notices and billing disputes in consumer dissatis-
faction. Other relevant terms, such as “prazo” (deadline), “re-
duzido” (reduced), and “extrajudicial”, point to a heightened
focus on legal proceedings and time-sensitive concerns.

In the online shopping sector, both types of analysis
converge around financial and legal terminology. Fre-
quently cited and highly weighted terms such as “cobradas”
(charged), “dividas” (debts), and “serasa” (credit bureau) un-
derscore the prominence of financial grievances. The pres-
ence of terms like “stj” (Supreme Court), “cancelar” (to can-
cel), and various product or brand names reflects ongoing
issues related to transaction disputes, customer service defi-
ciencies, and the potential impact on consumer credit.

This dual analysis offers insights not only into the most
common complaint topics but also into the linguistic patterns
through which consumers express dissatisfaction. These
findings may aid in the early identification of potential collec-
tive claims by highlighting recurring terms and themes that
reflect broader consumer concerns.

6.2.2 Qualitative Analysis

We conduct a qualitative assessment of the results, as de-
fined in Section 5.2. Table 8 presents the Fleiss’ Kappa val-
ues per cluster, along with their respective 95% confidence
intervals (CI) obtained via bootstrap resampling. In addition
to the point estimates, these intervals offer insight into the sta-
tistical stability of the agreement measures. The results show
variation in inter-rater agreement across clusters. Notably,
Cluster 7 achieved perfect agreement (x = 1.000), reflecting
unanimous consensus among annotators. In contrast, Clus-
ter 6 has a wide confidence interval (CI = [—0.111, 1.000]),
indicating substantial uncertainty and inconsistency. Other
clusters display a range of agreement levels, from slight to
substantial, with varying degrees of statistical confidence.

These differences may stem from the clarity or ambiguity
of the complaint texts within each cluster or from differences
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Figure 8. Top companies per area.
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Figure 10. Top-ranked terms by domain based on average importance scores. Darker bars indicate higher within-domain discriminative importance; scores
summarize each term’s contribution to distinguishing that domain’s complaints. This highlights domain-specific vocabulary beyond raw frequency.

in topic complexity. The confidence intervals were com-
puted using non-parametric bootstrapping: for each cluster,
1,000 random resamples (with replacement) of the annotated
items were generated, and the Kappa value was recalculated
for each sample. The CI corresponds to the 2.5th and 97.5th
percentiles of the resulting distribution.

Table 8. Fleiss’ Kappa values per cluster, with 95% confidence in-
tervals, for the three domains (Credit Card, Bank, and Online Shop-
ping). The measure quantifies inter-rater agreement in the manual
validation of collective demand clusters.

Group Cluster Kappa CILow CIUp
Credit Card 1 0.7000  0.2039  1.0000
Credit Card 2 0.3096 -0.2097 0.7285
Credit Card 3 0.8295 0.4231 1.0000
Bank 4 0.5982  0.1346 1.0000
Bank 5 0.3096 -0.2097 0.7285
Bank 6 0.5833  -0.1111  1.0000
Online Shopping 7 1.0000 1.0000  1.0000
Online Shopping 8 0.7012 0.2581  1.0000
Online Shopping 9 0.8661 0.5200  1.0000

Figure 11 shows the Fleiss’ Kappa values per cluster,
grouped by topic, along with 95% confidence intervals (CI)
represented as error bars. The length of each bar reflects
the statistical stability of the agreement estimate. Clusters
with shorter intervals, such as Clusters 3, 8, and 9, indicate
more robust agreement and greater consistency among anno-
tators. In contrast, Clusters 2, 5, and 6 exhibit wide confi-
dence intervals, suggesting substantial uncertainty and vari-
ability in the ratings. Cluster 7 stands out with perfect agree-
ment (x = 1.000) and no interval, reflecting unanimous de-
cisions across all raters. Despite variation in point estimates,
the overall trend suggests that many clusters achieved mod-
erate to substantial agreement.

In addition to the per-cluster analysis, we also computed

Fleiss' Kappa per Cluster by Group (with 95% CI)

= Credit Card

= Bank

== Online shopping

--- Overall Kappa = 0.6580

Cluster

Figure 11. Fleiss’ Kappa per cluster with 95% confidence intervals. Error
bars were computed using 1,000 bootstrap resamples per cluster.

Fleiss’ Kappa values aggregated by group and across the en-
tire dataset. As shown in Table 9, the Online Shopping group
achieved the highest level of agreement among annotators,
with a mean Kappa of 0.8558, indicating near-perfect con-
sensus. The Credit Card group followed with a mean Kappa
of 0.6131, reflecting substantial agreement, while the Bank
group showed a moderate level of agreement with a mean
Kappa of 0.4971. When considering all annotated instances
together, the overall Fleiss’ Kappa was 0.6580, which also
corresponds to a substantial agreement level. These results
suggest that, although some variation exists between topics,
the annotation process was overall consistent and reliable
across different domains.

Differences in inter-rater agreement within groups may
stem from topic-specific challenges in both manual inter-
pretation and automated clustering. Some domains involve
more ambiguous or heterogeneous complaint narratives,
making it harder for annotators to consistently judge cluster
coherence. These contextual factors likely contributed to the
observed variation in Kappa values across groups.

Figure 12 illustrates the distribution of labels assigned by
annotators across the entire dataset and within each thematic
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Table 9. Mean Fleiss’ Kappa values per domain (Bank, Credit Card,
and Online Shopping) and overall, with 95% confidence intervals.
The results summarize inter-rater agreement in the manual valida-
tion of collective demand clusters across groups.

Group Mean Kappa CI Low CI Up
Bank 0.4971 0.3233 0.5975
Credit Card 0.6131 0.3291 0.8231
Online Shopping 0.8558 0.7094 0.9933
Overall 0.6580 0.5281 0.7690

group. In the overall distribution (Figure 12a), the propor-
tions of “No” (49.4%) and “Yes” (49.0%) are nearly identi-
cal, while the “Inconclusive” label accounts for only 1.5%
of cases. This near-equal distribution between positive and
negative judgments suggests frequent disagreement among
annotators, which is reflected in the moderate variability ob-
served in the Fleiss’ Kappa values.

Upon examining each group individually, distinct patterns
emerge. In the Banking category (Figure 12b), the distribu-
tion remains relatively balanced between “Yes” and “No,”
which may reflect ambiguities in the financial complaint
texts and the inherent challenges in interpreting cluster co-
herence within that domain. The Credit Card group (Fig-
ure 12¢) demonstrates a slight predominance of “Yes” labels,
suggesting greater perceived cohesion among the complaints
in those clusters. Conversely, the Online Shopping group
(Figure 12d) exhibits a clearer dominance of “Yes” labels,
with very few “No” or “Inconclusive” responses, indicating
stronger agreement and clearer thematic consistency.

These results address the second part of our Research
Question, indicating that clustering semantically similar
complaints with BERTopic yields interpretable groups of po-
tential collective demands. The manual validation with sub-
stantial agreement (Fleiss’ k = 0.658, CI 95%) confirms the
practical and interpretable value of this grouping for institu-
tional use.

These distributions provide insights into the observed vari-
ation in inter-rater agreement across the groups. Topics char-
acterized by more homogeneous and well-defined content
tend to yield higher agreement, whereas more ambiguous or
diverse topics result in more balanced or uncertain label as-
signments.

7 Conclusion and Future Work

This study introduced a computational approach address-
ing two major challenges: (i) the identification of dupli-
cate consumer complaints by combining temporal patterns
with key attributes — such as complainant identity, service
provider, and complaint subject — across distinct platforms,
and (ii) the detection of collective demands through cluster-
ing methods based on semantic similarity.

For the first challenge (i), we conducted a comprehen-
sive characterization of duplicate consumer complaints sub-
mitted across three repositories. The proposed methodol-
ogy integrated temporal analysis, semantic similarity assess-
ment, and attribute-based matching, supported by natural
language processing (NLP) techniques tailored for Brazilian
Portuguese. This enabled accurate detection and interpreta-
tion of duplicate records.

Rabbi et al. 2026

The analysis yielded several key findings with practical
implications for complaint management:

* 95% of duplicates were submitted within 30 days of the
original complaint, establishing a clear temporal win-
dow for detecting repeated entries.

* The textual content of duplicates reflected domain-
specific reporting behaviors, with issue frequency vary-
ing across platforms.

+ Inmost cases, duplicates did not exceed two per original
complaint, suggesting a normative duplication pattern.

+ A significant portion of duplicates was submitted on the
same day as the original, evidencing the common prac-
tice of rapid resubmission.

The proposed methodology also demonstrated high poten-
tial for identifying collective consumer demands within un-
structured complaint data (i.e., challenge (ii)). By integrat-
ing semantic embeddings with topic modeling techniques —
using BERTopic — the approach effectively grouped com-
plaints into semantically coherent clusters that captured re-
curring grievances across various service domains. Manual
validation performed by independent annotators confirmed
a significant degree of internal consistency within the clus-
ters, yielding a Fleiss’ Kappa score of 0.6580. Among the
domains analyzed, the credit card sector exhibited the high-
est average number of complaints per cluster, indicating a
greater concentration of dissatisfaction around a narrower set
of well-defined issues.

The designed solution has been successfully integrated
and is undergoing evaluation within the production environ-
ment of PROCON-MG, the Consumer Protection Agency of
the State of Minas Gerais. It has been fully incorporated into
the ProconData System, a platform developed by this same
research group and adopted as a primary technological in-
frastructure by PROCON-MG for the processing and anal-
ysis of consumer complaints. Among its core functionali-
ties, the system incorporates the automated identification of
collective demands, enabling the detection of recurrent pat-
terns and emerging consumer issues at scale. This success-
ful integration and ongoing evaluation demonstrate the solu-
tion’s potential as a strategic instrument for regulatory and
consumer protection authorities, as it enhances the capacity
for early identification of collective demands and provides a
robust foundation for data-driven, targeted interventions in
consumer defense.

A main limitation of the study lies in handling complaints
generated from standardized text templates, which often led
to erroneous duplicate classifications. This issue could be
mitigated by incorporating user-specific information through
Named Entity Recognition (NER) and by applying differ-
ential weighting to named entities, thereby improving both
duplicate detection and the identification of collective de-
mands.

Another limitation concerns the detection of collective de-
mands, which relied on manually predefined keywords and
filters. While effective for controlled experiments, this ap-
proach reduces adaptability to dynamic scenarios. Further-
more, while the results and insights presented are grounded
in real deployments, we acknowledge that they are specific
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Label Pistribution - Bank

(a) Overall (b) Bank
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Figure 12. Distribution of labels assigned by annotators for each group and overall. The pie charts show the proportion of votes across categories: Yes, No,

and Inconclusive.

to Brazilian Portuguese consumer complaints and regula-
tory frameworks. The system’s performance and utility may
vary in different jurisdictions, languages, or domains. Fu-
ture work is needed to assess generalizability across broader
datasets and institutional contexts.

Future research should explore automated or semi-
automated mechanisms capable of generalizing beyond fixed
keyword sets and identifying emerging issues in real time.
We also plan to broaden the scope of the analysis by incor-
porating additional complaint repositories, such as Reclame
AQUI’, and by experimenting with alternative language
models such as BERTabaporu, and assess the robustness and
feasibility of deployment, conducting efficiency analysis.
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