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Abstract. Research Context: The lack of representative data can limit the de-
velopment of robust clinical Natural Language Processing (NLP) models, as
models trained on idealized data can perform poorly on noisy real-world Elec-
tronic Health Records (EHRs). Scientific and/or Practical Problem: A perfor-
mance gap exists when these NLP models are deployed on noisy, real-world
clinical text. This issue can be found in less-resourced languages, such as
Brazilian Portuguese, where the scarcity of data can limit the development of ef-
fective clinical information systems. Proposed Solution and/or Analysis: This
study addresses this challenge by presenting a systematic approach to identify
and quantify textual noise patterns found in Brazilian Portuguese clinical nar-
ratives. Related IS Theory: Based in Task-Technology Fit (TTF) Theory, this
study investigates the misalignment between the task of reliable information ex-
traction from noisy EHRs and the technology of NLP models, which can presup-
pose clean data. Research Method: A multi-stage methodology was employed
to identify textual noise. Starting with a classification stage to flag candidate
tokens likely representing typos and abbreviations, followed by a lexicon-based
validation executed to refine this selection, ensuring that only authentic noise in-
stances were selected. Summary of Results: The analysis of a dataset of clinical
anamneses revealed not only a high incidence of textual noise, but also a con-
sistent recurrence of specific noisy tokens across the dataset, demonstrating the
widespread nature of data quality issues in this domain. Contributions and Im-
pact to IS area: A taxonomy of textual noise, complemented by two JSON files
that structurally map the noisy tokens, establishing an empirical benchmark for
Brazilian Portuguese clinical text and formalizing the data quality challenges
that must be overcome for successful NLP implementation.

1. Introduction
Natural Language Processing (NLP) in healthcare has potential to improve medical tech-
nologies by possibly revealing significant clinical information hidden in unstructured
Electronic Health Records (EHRs) [Juhn and Liu 2020]. By enabling large-scale analysis
of data from sources such as clinical notes and EHRs, NLP technologies can offer oppor-
tunities to increase diagnostic accuracy and accelerate medical research [Cai et al. 2016].
On the other hand, a significant language gap in academic research and the widespread
“noise” that can be found in clinical data [Liu et al. 2012], can still be a challenge that
needs to be addressed to increase the potential of NLP use in medical researches.



In this context, this “noise” refers to the range of lexical and syntactic irregularities
that deviate from standardized language. This textual noise is a defining characteristic of
clinical documentation and manifests in various forms, including typographical errors
and non-standard abbreviations. For NLP models, this “noise” presents challenges to
accurately extract meaningful clinical information from the anamnesis dataset.

Initially, the field of clinical NLP was marked by a significant linguistic disparity.
The overwhelming majority of benchmark datasets and pretrained models are concen-
trated on high-resource languages, primarily English [Hasan et al. 2024]. This linguistic
asymmetry can create a significant resource disparity for other major world languages,
including Brazilian Portuguese, which is spoken by over 200 million people. There is a
lack of extensible and accessible resources related to clinical data in languages other than
English [Névéol et al. 2018] that can cause issues for scientific progress and affect the
creation of healthcare technologies related to NLP tools designed to medical area.

Second, aside from the language barrier, a widespread yet often overlooked issue
is the “clean world” assumption that forms the basis for creating and training NLP models
[Shickel et al. 2017]. These models are typically trained and evaluated on curated, well-
formed texts, which contrasts with the reality of EHRs [Leaman et al. 2015]. Real-world
EHRs are usually “noisy” and can present a broad range of deviations from standard
grammatical and orthographic conventions. This noise is not completely random, it can
comprise systematic patterns of potential abbreviations and potential typos born from the
high-pressure, time-constrained environment of clinical practice. The resulting mismatch
between clean training data and noisy real-world inputs can be a critical vulnerability,
as numerous studies have demonstrated that model performance degrades significantly in
the presence of even minor textual perturbations, a brittleness that persists even in modern
transformer-based architectures [Moradi and Samwald 2021].

This study contends that before this noise can be mitigated, it must be systemati-
cally characterized. While the existence of noise in clinical text is widely acknowledged
[Nguyen and Patrick 2016], its specific forms and frequencies in Brazilian Portuguese
clinical documentation have not been formally quantified. Such an analysis can provide
an empirical foundation for developing targeted automated text-normalization pipelines
and more realistic synthetic data augmentation methods. To achieve this goal, the results
were demonstrated using two artifacts:

1. Brazilian Clinical Noise Patterns Dataset: 2 datasets of textual noise patterns,
typos.json1 and abbreviations.json2, systematically identified and
cataloged from a de-identified source corpus of 8,411 clinical anamnesis notes.
This high-quality, structured resource was designed to be a foundational bench-
mark to support research on noise-aware model development, addressing a critical
prerequisite for advancing NLP in medical context.

2. A Taxonomy of Clinical Textual Noise: A detailed quantitative and qualitative
taxonomy of the noise patterns found is presented, establishing possibly the first
empirical benchmark for documentation errors and shortcuts in this domain for

1https://github.com/sbsi2026-paper/SBSI-2026/blob/main/potential_
typos.json

2https://github.com/sbsi2026-paper/SBSI-2026/blob/main/potential_
abbreviations.json

https://github.com/sbsi2026-paper/SBSI-2026/blob/main/potential_typos.json
https://github.com/sbsi2026-paper/SBSI-2026/blob/main/potential_typos.json
https://github.com/sbsi2026-paper/SBSI-2026/blob/main/potential_abbreviations.json
https://github.com/sbsi2026-paper/SBSI-2026/blob/main/potential_abbreviations.json


Brazilian Portuguese.

The contributions presented in this research may provide an essential foundation
for advancing the development of robust, equitable, and clinically effective NLP tech-
nologies in Brazilian Portuguese.

2. Related Work

2.1. NLP for Healthcare Documentation

The maturation of clinical NLP as a field has been intrinsically linked to the avail-
ability of large-scale de-identified datasets. In the English-speaking world, founda-
tional resources such as the MIMIC-III and MIMIC-IV databases have become the stan-
dard [Johnson et al. 2016, Johnson et al. 2023]. Another great example of these studies
is i2b2-2010, which contains patient reports annotated with various types of relations
linking medical problems to treatment entities [Uzuner et al. 2011]. By providing vast
quantities of data for training and evaluation, these databases have catalyzed the devel-
opment of sophisticated models and driven innovation across a range of clinical tasks
[Johnson et al. 2018].

On the other hand, this progress can be linguistically uneven. Since NLP research
remains highly concentrated in English [Lopes et al. 2019], a lack of resources for other
languages, such as Brazilian Portuguese, can be noticed [Pereira 2021], and this incon-
sistency can present a challenge, as the lack of domain-specific data for these languages
can delay scientific advancement. Due to this, the automation of clinical tasks via NLP
has proven less effective for non-English languages, largely because of these foundational
data deficits [Crema et al. 2022].

To address these gaps found in Brazilian Portuguese, researchers have been de-
veloping valuable, specialized works that includes SemClinBr, a semantically annotated
corpus of 1,000 multi-specialty clinical notes [Oliveira et al. 2022] and also BRAX, a
dataset of radiology reports [Reis et al. 2022]. While these resources are crucial, a need
for a large-scale corpus of general clinical notes, such as anamneses, is still required, to
capture the unfiltered language of routine medical practice.

2.2. Studies on Noise and Non-Standard Language in Clinical Text

Although structured data entry is encouraged, clinical documentation is a unique linguis-
tic domain and a lot of vital information within an EHR is often captured in free-text
narratives [Johnson et al. 2008]. This text is not formally structured but is shaped by the
need for efficient communication in high-pressure, time-constrained environments.

The linguistic properties of this type of clinical text have been studied, particularly
in the English language. A large-scale analysis of Veteran Affairs (VA) clinical notes, for
example, revealed a variance in document structure and language use across different
notes [Zeng et al. 2011]. This “noise” is not just a simple linguistic curiosity but one
of the main causes of performance decrease in NLP models [Sheikhalishahi et al. 2019].
The fragility of high-performing systems is well documented, their accuracy often de-
creases when inputs contain even minor deviations from the clean text on which they
were trained [Smith 2025].



The characterization and mitigation of noise are active research areas in clinical
AI, which can cover different modalities, from the impact of acoustic noise on AI scribes
[Draper et al. 2025] to the effect of label noise on the training of models [Wei et al. 2024].
On the other hand, the primary goal of this study is to categorize and label noises presented
in clinical data to help avoid a decrease in NLP performance in models trained using
real-world data. While the characteristics of English clinical text have been explored
[Zeng-Treitler et al. 2007], a systematic, quantitative taxonomy of noise for Brazilian
Portuguese clinical notes remains unaddressed [de Oliveira et al. 2022]. In order to adress
this gap, a methodology for noise pattern extraction is proposed in this study, providing
an empirical foundation for building noise-robust NLP tools for Brazilian Portuguese lan-
guage.

3. Dataset Overview
The source data for this study is composed by 8,411 entries in the EHR systems of Brazil-
ian hospitals, the focus was exclusively on the free-text field labeled queixa_principal
(chief complaint), which contains the clinical anamnesis. This narrative field can have
great clinical value as it documents the patient medical history [Lopes et al. 2019]. How-
ever, its unstructured nature presents significant challenges in its analysis.

3.1. Data Composition and Statistics

This study utilized a corpus of secondary data derived from pre-existing clinical text
records, representing a diverse range of healthcare facilities across multiple Brazilian
states and ensuring a broad and heterogeneous representation of clinical documentation
practices. This compositional diversity is crucial for developing models that can perform
reliably across different environments. The following section presents the principal statis-
tics of the dataset.

3.1.1. Geographic Representation

A significant challenge in developing NLP models for Brazilian Portuguese is accounting
for the country’s vast geographic expanse and sociocultural heterogeneity. These regional
distinctions often manifest in linguistic variations, including distinct dialects and termi-
nologies. A model trained on data from a single region may therefore present regional
bias and fail to generalize effectively when deployed in a different region. Consequently,
a geographically balanced dataset is important for this study.

As illustrated in Figure 1, the source dataset is composed for entries from different
states in Brazil. While not yet perfectly balanced, this composition ensures a degree of
geographic diversity, enhancing the corpus’s external validity and serving as a foundation
for building more robust and equitable models.

3.1.2. Distribution of High-Urgency Records

The context of clinical urgency is a critical factor that influences the style and structure
of medical documentation. Although this information was not annotated across the en-
tire corpus, Figure 2 confirms that a portion of the records originated from emergency



Figure 1. Geographic Distribution of the Dataset by Federative Unit (UF)

situations, wich N/A represents the records without any information related to this. This
component is methodologically significant for two reasons: first, it ensures the dataset
captures the unique noise patterns and linguistic shortcuts common in high-urgency sce-
narios. And second, it provides a crucial resource for developing and evaluating NLP
models designed to be robust enough for deployment in the most challenging clinical
environments.

Figure 2. Distribution by Emergency Status

3.1.3. CID Code Distribution

Another critical dimension for dataset heterogeneity is the diversity of clinical diagnoses,
as codified by the International Classification of Diseases (CID). The patient’s underlying
condition profoundly influences the vocabulary, syntax, and overall structure of the anam-
nese. For instance, documentation related to cardiology will employ a distinct lexicon and
format compared to notes from oncology. Therefore, a broad representation of CID codes



is essential for developing robust NLP models that can generalize across different medical
specialties.

Figure 3 illustrates the frequency distribution of these codes within the corpus,
highlighting the 20 most prevalent classifications. The chart demonstrates a wide variety
of diagnoses, while the "Others" category consolidates the long tail of less frequent CIDs,
underscoring the dataset’s breadth.

Figure 3. Frequency Distribution of the 20 Most Prevalent CIDs

To provide clinical context, Figure 4 offers the corresponding definitions for these
common codes, giving insight into the primary medical domains represented.

Figure 4. Definitions of the Most Prevalent CIDs Identified in the Dataset

3.2. Ethical and Legal Framework

Brazil’s legal requirements for healthcare area research ensure patient privacy by oper-
ating under Brazil’s General Data Protection Law (Lei Geral de Proteção de Dados -
LGPD), Law No. 13.709/2018 [Presidência da República 2024], providing a clear legal
basis for the use of health data in academic researches. In order to be in compliance with
it, all data user were anonymized prior to processing, which is defined as data pertaining
to a subject who can no longer be identified through reasonable technical means, falling
outside the direct scope of the LGPD.



4. Methodology
To create a comprehensive and empirically grounded taxonomy, a three-stage methodol-
ogy of data analysis was required, combining the scalability of automated analysis with
human review, which can be essential for distinguishing intentional clinical shorthand
from unintentional errors. The whole process is illustrated on Figure 5.

Figure 5. Three-stage Hybrid Methodology for Data Analysis

1. Stage 1 involves an analysis of the entire dataset to generate a comprehensive list
of potential noise candidates.

2. Stage 2 represents a refinement of these noise candidates to classify and quantify
the definitive noise patterns, extending the tool vocabulary to remove the false
positives.

3. Stage 3 consists on integrate the results from stage 2 to refine the process and
avoid false positive results.

4.1. Candidate Selection
A Python algorithm, categorizer.py3, was developed to identify and flag tokens
that executed an automated analysis of the dataset composed of 8,411 anamnesis in the

3https://github.com/sbsi2026-paper/SBSI-2026/blob/main/categorizer.
py

https://github.com/sbsi2026-paper/SBSI-2026/blob/main/categorizer.py
https://github.com/sbsi2026-paper/SBSI-2026/blob/main/categorizer.py


first stage. The algorithm integrates two primary detection strategies, each targeting a
different category of textual noise, allowing for a more robust and comprehensive initial
examination of potential errors before the second stage.

A key characteristic of this stage 1 is its high recall but relatively low precision. It
successfully captures a large pool of non-standard tokens but does not distinguish between
true misspellings and lack of tool resources. Therefore, these preliminary results serve as
input for a second, more detailed stage of analysis designed to refine this list and isolate
the genuine typographical errors.

4.1.1. Potential Typos

The initial phase of noise characterization involved a lexical analysis to identify potential
typographical and orthographic errors. This was accomplished using a dictionary-based,
out-of-vocabulary (OOV) detection approach, implemented with the Pyspellchecker li-
brary configured for a standard Brazilian Portuguese dictionary [Barrus 2025]. In this
stage, each token in the corpus was systematically cross-referenced with the dictionary’s
lexicon. Tokens that were not found were flagged as candidate errors, providing a founda-
tional layer for identifying words that could compromise the performance of downstream
NLP tasks like named-entity recognition or text classification. This stage is effective at
capturing a wide spectrum of anomalies beyond simple typos, including:

1. Genuine Typographical Mistakes: Common typing errors (e.g., hipogastro in-
stead of hipogástrio).

2. Orthographic Errors: Missing diacritics, which is a frequent issue in informally
typed Portuguese text (e.g., nauseas vs. náuseas).

Figure 6 illustrate an example of how typos are selected:

Figure 6. Failed Typo Classification in a Sample Anamnesis

The word hipogastro was flagged as a potential typo, wich is the correct assump-
tion, but Nauseas and Vomitos were also flagged, identifying them as orthographic errors
due to the missing diacritics. This classification will be correctly addressed on stage 2.

4.1.2. Potential Abbreviation

A rule-based heuristic using regular expressions was employed to identify potential non-
standard abbreviations. Tokens with 1-5 characters that were not present in a standard



Portuguese list were flagged, capturing prevalent clinical shorthand (e.g., pcte for pa-
ciente) that is not present in general-purpose dictionaries, as illustrated in Figure 7. This
approach favors high recall to ensure comprehensive candidate selection, with the under-
standing that any false positives (i.e., valid short words) will be filtered during the Stage
2.

Figure 7. Abbreviation Classification in a Sample Anamnesis

4.2. Vocabulary Extension

One of the challenges in this process was to refine the detection algorithm to make it more
accurate, specifically by reducing the high number of false positives correctly spelled and
specialized terms that spell-checker incorrectly flagged as errors.

The standard dictionary used by the algorithm was expanded. A curated list of
words containing 2,582 common medical terms was created and added to the algorithm,
the 2 files containing false positives for typos and abbreviations were combined in one file
to increase the vocabulary, as represented in Figure 8. This step effectively increased the
algorithm classification method, ensuring that correct terms such as “taquicardia" (tachy-
cardia) were not classified in any of the categories.

Also, the algorithm was adapted to handle the inability to properly render accented
characters, words such as “saúde" (health) were often typed as “saude". To prevent these
from being flagged as typos, the custom glossary was populated with the unaccented
versions of words. This adjustment improved the algorithm’s precision by making it aware
of this specific type of systemic noise.

Figure 8. Construction of the Extended Vocabulary from Source Files



Finally, to prevent another common source of false positives, a predefined list
of common medical abbreviations (e.g., “otosc" for “Otoscopia") was integrated as an
array into the code. Due to this, the algorithm recognizes these abbreviations as valid
tokens, avoiding categorizing them as typos and improving the accuracy of the entire
noise detection process.

4.3. Algorithm Integration

The final step of this methodology consists of integrating the outputs from the previous
stages to create a highly refined analysis engine, ensuring that the final taxonomy was
not only accurate but also contextually aware of the specific nuances of clinical texts. To
achieve this, the lexical resources created in the second stage were directly incorporated
into the algorithm, which was enhanced to a pipeline capable of a much deeper level of
linguistic analysis. This refined process ensured that the resulting error taxonomy was
robust and genuinely reflected the true error patterns present in the clinical anamneses.
Figure 9 illustrates how the algorithm identified the “noise” after the refinement added in
the previous stage.

Figure 9. Extended Vocabulary Integration Stage

5. Results

Based on an extensive analysis of 8,411 clinical notes comprising 640,477 tokens, this
investigation reveals that textual noise is a pervasive phenomenon in real-world clinical
documentation. The findings confirm that lexical and orthographic deviations, such as
typos and non-standard abbreviations are not occasional anomalies but rather an intrinsic
and systemic feature of this data type, likely reflecting the high-pressure, time-constrained
environments in which medical information is recorded.

To systematically characterize these occurrences, the output of the analysis is a
dataset with all identified noise. For each unique noisy token, this catalog provides three
key data points: the token itself, its total frequency of occurrence (count), and an exam-
ple that provides the original context in which the token appeared. This methodology
produces detailed entries, as illustrated by the entry for the phonetic misspelling "super-
cifial":



Token: supercifial

Frequency: 15

M?e relata crianca com febre iniciada ha 1 hora atras
[...] INDOLOR A PALPAC?O SUPERCIFIAL E PROFUNDA [...]
COM RECEITA.

This context-aware catalog moves beyond simple error detection, providing a
valuable empirical resource, essential for the development and evaluation of noise-robust
NLP models that are resilient to the idiosyncrasies of authentic clinical text.

The quantitative analysis provides a concrete statistics on the frequency and dis-
tribution of different error types, as it is possible to see on Table 1, allowing a clear
measurement of the scale of the problem. Also offers a comprehensive contextualized
understanding of the textual noise, detailing not only how widespread the issue is but also
what it looks like in practice.

Table 1. Summary of Anamnesis Dataset Analysis

Metric Value

Total Anamnesis Records Processed 8,411
Total Tokens Analyzed 640,477
Total Noisy Tokens Found 69,046
Records with at least one noisy token 7,700
% of Records with Noisy Token 91.55%
Average noisy tokens per record 8.21
Average noisy tokens per noisy record 8.97
Noisy tokens in most affected anamnesis 50
Overall Noise Percentage 10.78%

5.1. Quantitative Analysis of Noise Prevalence

A total of 69,046 tokens were identified as potential noise instances. This high proportion
shows the challenge faced by standard NLP models when processing unfiltered clinical
text is required.

The noise was not uniformly distributed across the dataset, 7,700 of 8,411 notes
(91.55%) contained at least one noisy token, and each clinical note contained 8.21 noise
instances on average. On the other hand, while some records contained only a few noise,
the most affected record contained 50 noisy tokens, illustrating a wide variance in docu-
mentation quality across the dataset.

A detailed breakdown of the identified noise candidates into their respective cate-
gories is presented in Table 2.

5.2. Qualitative Taxonomy of Noise Patterns

To provide a deeper understanding of these categories, samples from each category were
qualitatively analyzed.



Table 2. Distribution of Noise Types

Noise Category Token Count Percentage of Total Noise Percentage of All Tokens

Abbreviation 62,543 90.58% 9.77%
Typo 6,503 9.42% 1.02%

Total Identified 69,046 100% 10.70%

5.2.1. Abbreviations Noise

Presenting a total of 62,543 occurrences from 1,900 unique tokens, potential abbreviations
were the most common noise in the dataset, reflecting a possible clinical requirement for
efficient and speedy documentation of the anamnesis written during medical routines.
This introduces significant challenges in data interpretation.

Table 3. Top 10 Most Frequent Clinical Abbreviations and Their Meanings

Rank Abbreviation Meaning Frequency % of Total

1 RA Ruídos Adventícios 3,403 5.44%
2 BEG Bom Estado Geral 3,340 5.34%
3 2T 2 Tempos (cardíacos) 3,286 5.25%
4 ABD Abdome 3,117 4.98%
5 RCR Ritmo Cardíaco Regular 2,768 4.42%
6 BNF Bulhas Normofonéticas 2,341 3.74%
7 MV Murmúrio Vesicular 2,264 3.62%
8 RHA Ruídos Hidroaéreos 2,260 3.61%
9 AP Ausculta Pulmonar 2,224 3.55%

10 ACV Ausculta Cardiovascular 2,199 3.51%

A small set of abbreviations dominates the corpus, highlighting their critical role
in routine clinical documentation, as presented in Table 3. The top 10 most frequent po-
tential abbreviations alone account for 43.46% of all tokens identified as abbreviations in
the dataset, possibly suggesting that clinical note-taking heavily relies on a core vocabu-
lary of shorthand to efficiently record common, underscoring the importance of accurately
identifying these terms for any text analysis.

These frequently used abbreviations primarily refer to standard language used in
physical examination, including terms such as “BEG” (Bom Estado Geral), a summary
of the patient’s overall appearance and “RCR” (Ritmo Cardíaco Regular), a key finding
in a cardiovascular assessment. The prevalence of these specific terms illustrates how
abbreviations are fundamentally tied to the anamnesis text.

5.2.2. Typos Noise (OOV)

Potential typos accounted for 6,503 total occurrences across 3,110 unique tokens. These
tokens are composed of typographical errors and phonetic substitutions, when words are



spelled as they sound, directly reflecting the time-sensitive nature of data entry, where
speed can often be prioritized over gramatically precision. Common typographical errors
are prevalent, as seen in “irratacao” (irritation), and “simmetrico” (symmetric). Phonetic
substitution, which represents an error where a word is misspelled based on its pronun-
ciation, often involves swapping letters or syllables that sound similar in Brazilian Por-
tuguese, such as “blumbuergue” (Blumberg).

Unlike the highly concentrated usage of standard abbreviations, the distribution of
these errors is much more diffuse, representing a long-tail problem, as the top ten of most
frequent typos represent only 8.59% of all instances in this category, indicating a wide
variety of low-frequency errors.

The analysis of the most common tokens revealed several distinct error patterns,
as presented in Table 4.

Table 4. Top 10 Most Frequent Potential Typos (OOV) and Their Corrections

Rank Token Example Correct Term Frequency % of Total

1 isofotoreagentes Fotorreagentes 98 1.51%
2 irratacao Irritação 57 0.88%
3 expansib Expansibilidade 55 0.85%
4 urgicontinencia Urge-incontinência 54 0.83%
5 blumbuergue Blumberg (sinal de) 54 0.83%
6 fascies Fácies 52 0.80%
7 normo (Prefixo: normo-) 50 0.77%
8 menigea Meníngea 48 0.74%
9 orofanrige Orofaringe 45 0.69%

10 simmetrico Simétrico 45 0.69%

6. Discussion and Future Work
The primary finding of this study is that textual noise is not a marginal issue but a per-
vasive characteristic of real-world Brazilian Portuguese anamnesis. The fact that over
91.55% of individual clinical records contained at least one such token demonstrates that
this is a widespread, systemic issue and not one confined to a few poorly documented
cases. This incredibly high prevalence is a critical discovery of our study, establishing a
firm quantitative baseline for future researches, proving that any attempt to process these
texts must begin with the assumption that the data will contain textual noises.

These results can change the approach required to build effective clinical NLP
tools for Brazilian Portuguese, as standard models trained on clean, formal text are in-
sufficient and likely to fail when deployed to work with real-world data. The baseline
established in this study serves as a reference for developers to implement specialized
strategies to deal with these types of noise, which may include robust pre-processing
pipelines designed to normalize and clean the text, and data augmentation techniques to
expose models to similar noise during training.

The high concentration of abbreviations, where the top 10 make up over 40% of
their category, exemplifies a pattern widely spread across the anamneses. In contrast, the



long tail of typos, where the top 10 account for less than 9% of their category, shows a
different pattern of informal variation.

Targeted text normalization and error correction models informed by these specific
patterns could provide substantial improvements in data quality, with each noise category
requiring a tailored solution.

1. Abbreviations require context-aware models to resolve clinical ambiguity.
2. Typos require sophisticated normalization to map varied forms to a single concept.

This study not only confirms the literature’s call for more diverse, publicly avail-
able datasets for less-resourced languages, but also delivers a tangible solution to this
challenge. The availability of this resource, fosters a new research trajectory aimed at
creating and delivery noise-robust NLP models, allowing the study field to move beyond
theoretical models and start to tackle the complexities of authentic clinical text found
specifically within the Brazilian healthcare ecosystem.

6.1. Threats to validity

The validity of this study was reinforced by addressing potential threats based on
[Wohlin et al. 2012] validation model. Specific mitigation strategies were implemented
to address potential internal, external, construct, and conclusion threats to this study and
ensure the reliability of the results presented.

1. Internal Validity: A limitation of this study is the potential for selection bias,
since the dataset is composed of entries originating from various Brazilian regions
but this representation is uneven, with an imbalance across geographic locations.
To address this limitation, the analysis was conducted on the complete dataset as
a single, ensuring that the conclusions are, at a minimum, representative of the
specific sample investigated.

2. External Validity: This study was based only on Brazilian Portuguese anamnesis,
wich may lead for Lack of Representativeness. All results presented are specific
to this language, and it is not possible to apply the same conclusion to all clini-
cal environments. While this study provides a rigorous foundational analysis, its
external validity can only be established through systematic replication by apply-
ing our methodology in different settings to test the cross-contextual validity of
the results. Therefore, this study serves as a starting point for a broader compar-
ative research agenda to develop a more comprehensive understanding of clinical
documentation errors.

3. Construct Validity: The use of a automated spell-checker as a dictionary to clas-
sify the tokens in each category is a process that can lead to Inadequate Defini-
tions. Words not present in the comparison base could be incorrectly classified
and change the taxonomy presented in the results. Also, a large dataset with dif-
ferent structures for each record may lead to unnecessary statistical collection. To
prevent both threats, all error categories were previously defined, ensuring that
the tokens found during the process were classified correctly in these limited cate-
gories, which allowed the research to focus only on the main goal, without inflat-
ing the results with non-valuable statistics.

4. Conclusion Validity:



While automated text analysis provides scalability and speed, it is also suscepti-
ble to misinterpretations that can lead to significant statistical errors, where the
algorithm can incorrectly flag a token as an error. If not mitigated, it can com-
promise the results, making them inconsistent or reducing their significance. In
order to reduce this threat, the methodology applied a manual step that created a
list of false-positive results, refined the algorithm to not classify them in any of
the categories, and ensured that only real errors were used to define the taxonomy.
This multistage process was designed to refine our automated process, ensuring
that our final analysis was based only on a verified set of true errors and preventing
the algorithm from inflating the count using false positives.

6.2. Limitations

It is crucial to contextualize the limitations of this study to ensure a balanced interpretation
of its findings.

First, the analysis was exclusively based on queixa_principal (chief complaint)
notes, that has its own distinct, often abbreviated, linguistic style. Consequently, the
typos and abbreviation frequencies identified in this study may not be fully generalizable
to other, more descriptive forms of clinical documentation.

The second limitation pertains to the scale of the noise dataset. While it represents
a significant contribution to Brazilian Portuguese clinical NLP resources, its size is mod-
est when compared to the massive English-language datasets commonly used in machine
learning, which may limit its direct utility for training large language models (LLMs) in
another language, the result dataset is likely more valuable for fine-tuning existing Brazil-
ian Portuguese models or for developing and evaluating more specialized, task-specific
algorithms. On the other hand, the methodology developed in this study is not confined to
Brazilian Portuguese. The framework is designed to be largely language-agnostic, mean-
ing it can be adapted for other languages, provided a correspondent dataset.

6.3. Ethical Implications and Warning Against Clinical Use

The findings of this study are intended to advance academic researches, it must be explic-
itly stated that the noise dataset is a research dataset and not a clinically validated data.
The noise and potential biases inherent in these datasets mean that any model trained on
them is suitable only for experimental and academic use. A high degree of textual noise
and variability was discovered and quantified in these anamneses, deploying a model
trained on such data for actual patient diagnosis or clinical decision-making would be
irresponsible and would represent a significant ethical risk of patient harm. Rigorous
clinical validation, far beyond the scope of this study, is a prerequisite for any real-world
application.

7. Conclusion
This study was designed to support critical challenges related to clinical NLP, healthcare
data automation, the pronounced scarcity of curated resources for Brazilian Portuguese,
and the complex problem of textual noise inherent in real-world EHRs. This study ad-
dressed these gaps directly introducing two primary contributions: a noise dataset, a pub-
licly available dataset containing samples of authentic noise patterns, and an accompany-



ing empirically grounded taxonomy of textual noise, providing a structured classification
system for the diverse types of noise found in the dataset.

By systematically identifying, classifying, refining, and quantifying these noises,
this study goes from a general acknowledgment of “data quality issues” to provide a qual-
itative a quantitative data-driven baseline, allowing researchers to understand not only that
noise exists but also precisely what kinds of noise are most prevalent and the frequency
at which they were present in the dataset.

Noise dataset and noise taxonomy provide an essential foundation for the next
generation of clinical NLP applications in Brazilian Portuguese, serving as an agent for
innovation in several areas. First, enabling the development and evaluation of noise-
robust models, as researchers can train and benchmark algorithms on data that emulate
real-world noise. Second, it provides a background for creating more effective prepro-
cessing pipelines tailored specifically to the patterns observed in Brazilian Portuguese
anamnesis. Finally, a detailed characterization of noise facilitates the creation of more re-
alistic synthetic data generation techniques, which can help augment the limited datasets
available and further accelerate research in this vital domain. All of these contributions,
helps the research community with the fundamental tools needed to build more resilient
and effective clinical NLP systems for Brazilian Portuguese.
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