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Abstract. This paper presents EpiCorpus-BR, the first annotated corpus for
Named Entity Recognition (NER) in Brazilian Portuguese epidemiological
surveillance documents, covering the annual SIREVA-SUS reports (2013-2024)
and complementary documents from the Brazilian Ministry of Health. The
corpus comprises 8,314 textual units across 22 documents (6,358 narra-
tive text sentences and 1,956 table rows), with 4,159 entity mentions in the
silver set. The tagset consists of eight specialized categories (PATOGENO,
SOROTIPO, FAIXA_ETARIA, LOCAL, PERIODO_TEMPORAL, METODO_LAB,
METRICA_EPI, MANIFESTACAO_CLINICA), annotated via few-shot prompt-
ing with GPT-40-mini and manually reviewed in a stratified sample of 280
units (180 text sentences and 100 table rows) by two independent annotators
(k = 0.76). Strict IOB2 evaluation with seqeval yields a combined micro-F
of 0.77. METRICA_EPI is absent from narrative text but reaches F; = 0.89
on table rows, which shows why the tabular sub-corpus must be included in the
evaluation. A BERTimbau baseline fine-tuned on the silver corpus, with the gold
held out, reaches micro-F; = 0.73, showing that the corpus supports training a
dedicated NER model. The corpus and code are publicly available.
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1. Introduction

In Brazil, epidemiological surveillance of invasive diseases 1s carried
out by the Health Surveillance Secretariat (SVS) of the Ministry of
Health [Secretaria de Vigilancia em Saude 2024]. It produces a large volume of
technical documents: annual reports, bulletins, and advisories. These texts describe, in
specialized prose, etiological agents, circulating serotypes, age groups, laboratory meth-
ods, and morbidity and mortality metrics. Despite this richness, the content is still out of
reach for automatic information extraction. English already has well-established corpora
for biomedical Named Entity Recognition (NER), such as 12b2/n2c2 [[Uzuner et al. 2011]]
and NCBI Disease [Dogan et al. 2014], but no comparable resource exists for the
epidemiological surveillance domain in Portuguese [Albuquerque et al. 2023|].

This work is part of a line of NLP research applied to SIREVA-
SUS documents [Ereitas et al. 2026, Freitas et al. 2025]], introducing
NER [Nadeau and Sekine 2007] as a semantic annotation layer. EpiCorpus-
BR proposes a tagset of eight specialized categories (PATOGENO, SOROTIPO,
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FAIXA_ETARIA, LOCAL, PERIODO_TEMPORAL, METODO_LAB, METRICA_EPI,
and MANIFESTACAO_CLINICA), absent from traditional biomedical ontolo-
gies [Uzuner et al. 2011, Dogan et al. 2014] and nonexistent in Portuguese-language
resources [Albuquerque et al. 2023]].

The construction pipeline combines four steps: (i) narrative text extraction via
Docling (scenario B2 from [Freitas et al. 2026]]) and table row extraction via pdfplumber,
(i1) silver annotation via few-shot prompting with GPT-40-mini [OpenAl 2024]], (iii) man-
ual review of a stratified sample to build the gold standard, and (iv) evaluation with seqeval
in the strict IOB2 (Inside—Outside—Beginning) labelling scheme. The corpus covers 12 an-
nual SIREVA-SUS reports (2013-2024) and 10 complementary documents, totalling 22
documents, 8,314 textual units (6,358 sentences and 1,956 table rows), and 4,159 entity
mentions in the silver set.

The contributions of this work are: 1) An NER tagset with eight specialized epi-
demiological categories for the invasive disease surveillance domain in Brazilian Por-
tuguese (Section [3). 2) A semi-automatic annotation pipeline combining structured ex-
traction via Docling, silver annotation with a large language model (LLM), and man-
ual review, replicable for other specialized domains without available training data (Sec-
tion ). 3) To the best of our knowledge, the first public NER corpus for epidemiological
surveillance documents in Portuguese, covering 12 years of SIREVA-SUS data and com-
plementary documents from the Ministry of Health (Section [5). 4) A per-category eval-
uation using seqeval metrics comparing the silver annotation against the gold standard,
a second-LLM annotator comparison (GPT-40-mini vs. Gemini 2.5 Flash), and a super-
vised BERTimbau baseline trained on the silver corpus that demonstrates the corpus’s
downstream utility (Section [6)).

2. Related Work

Biomedical and clinical NER in Portuguese. The survey by [Albuquerque et al. 2023]
maps NER resources for Portuguese, showing that most available systems and corpora fo-
cus on journalistic and general-domain text, with sparse coverage for specialized biomedi-
cal domains. SemClinBr [Oliveira et al. 2022] is the main semantically annotated clinical
corpus for Brazilian Portuguese, covering entities according to Unified Medical Language
System (UMLS) semantic types (diseases, medications, and procedures) across 1,000 hos-
pital clinical notes. Although a reference for clinical NLP in Portuguese, the UMLS se-
mantic types do not encompass epidemiological surveillance categories such as serotypes,
surveillance laboratory methods, population-level metrics, or temporal surveillance peri-
ods. On the modelling side, BioBERTpt [Schneider et al. 2020] adapted BERT to the
clinical and biomedical domain in Portuguese and became a reference for clinical NER
in the language; however, models like this depend on domain-specific annotated corpora
for fine-tuning, a resource still nonexistent for population-level epidemiological surveil-
lance. In English, NCBI Disease [Dogan et al. 2014] and 12b2/n2c2 [[Uzuner et al. 2011]]
set standards for biomedical NER, but both focus on individual patient records in hospital
settings, a text type fundamentally different from population-scale surveillance reports,
where the central entity is not the patient but the etiological agent and its epidemiologi-
cal distribution; comparable resources for epidemiological surveillance in Portuguese are
nonexistent [Albuquerque et al. 2023|].



Domain-refined NER corpora in Portuguese. A recent line of work in
the Portuguese NLP community has invested in NER corpora with refined tagsets
tailored to specialized domains, showing that generic categories (Person, Organiza-
tion, Location) are insufficient to capture the relevant entities of each area. Exam-
ples include PetroGeoNER, in the oil and gas domain [Moreira et al. 2025]; the lin-
guistically motivated annotation of entities in stock-market tweets [Piai et al. 20235];
CDJUR-BR, in the legal domain [Brito et al. 2023]]; and approaches for NER in clini-
cal case reports [Ramos et al. 2026]] and for medical entities with compact BERT mod-
els [Pontes et al. 2024]]. EpiCorpus-BR belongs to this tradition of specialized tagsets, but
addresses a domain not yet covered: population-scale surveillance of invasive diseases. Its
categories (pathogen, serotype, surveillance laboratory method, epidemiological metric)
have no counterpart in the previous resources.

Semi-automatic annotation with language models. The use of large language
models (LLMs) for generating silver annotations has gained traction as a cost-effective
alternative to full manual annotation [Ding et al. 2024, particularly in scenarios where
annotated training data are scarce or unavailable. [Ding et al. 2024] organize LL.M-based
data augmentation strategies into three learning paradigms (training, fine-tuning, and in-
context learning) and identify that annotation quality depends critically on prompt design.

3. Named Entity Tagset

The tagset comprises eight closed categories, designed specifically for the epidemiolog-
ical surveillance domain for invasive diseases in Brazilian Portuguese. The categories
were defined through qualitative analysis of SIREVA-SUS reports and iteration over a
prior prototype with a different tagset. Table || presents the eight categories with defini-
tions and examples extracted from the reports.

Table 1. SIREVA-SUS-NER tagset categories, with definitions and examples from
the documents.

Category Definition Examples

PATOGENO Organism causing invasive disease (bac-  S. pneumoniae, N. menin-
teria, viruses, fungi). gitidis, pneumococo

SOROTIPO Serological identification:  serotype, sorotipo 19A, sorogrupo

FAIXA_ETARIA
LocaL

PERIODO_
TEMPORAL

METODO_LAB

METRICA_EPI

MANIFESTACAO_
CLINICA

serogroup, or type.

Age range used as epidemiological
stratification.

Named geographical location (country,
state, region).

Explicit temporal span: years, weeks, or
months.

Named laboratory or diagnostic tech-
nique.

Quantitative measure: the named con-
cept in text, each numeric value in ta-
bles.

Named disease, syndrome, or clinical
condition.

B, tipo b

menor que 12 meses, 60
anos ou mais

Brasil, Sdo Paulo, regido
Sudeste

2024, 2013 a 2024, sem-
ana epidemiolégica 35
cultura, PCR em tempo
real, MALDI-TOF

taxa de incidéncia (text);
42,97.4 (table)

meningite, pneumonia,
doenga invasiva




3.1. Design Decisions

Separating PATOGENO and SOROTIPO; removing VACINA and ORG. In a prior pro-
totype, serotype and pathogen were fused into a single category, generating ambiguity
in expressions such as “pneumococo sorotipo 19A”. Separating them allows indepen-
dent tracking of agent and serotype distributions across the historical series. Categories
for vaccines and institutional organizations were removed: vaccines appear primarily as
context for vaccination coverage (captured by METRICA_EPI), and organization names
introduce high ambiguity without contributing to the central epidemiological analyses.

Distinguishing METRICA_EPI in text vs. tables. In narrative text, the named
concept is annotated (“taxa de incidéncia”, “cobertura vacinal”); in table rows, each
individual numeric value is annotated, since domain metrics are concentrated in tables
rather than prose (see Section [6).

4. Corpus Construction Pipeline

The pipeline comprises four sequential steps, illustrated in Figure [I} (i) extraction of
narrative text and table rows from PDFs, (ii) automatic silver annotation via few-shot
prompting, (iii) manual review to build the gold standard, and (iv) automatic evaluation
with segeval.

Extraction ey o Silver Silver Corpus
PDFs . 6,358 .
Docling B2 —>  Annotation 4,159
22 documents + pdfplumber sentences GPT-do-mini ;

pdip 1,956 rows -40-mini mentions
Results Evaluation Gold Corpus Maqual Sample Stratified

or catego seqeval <— 180 sentences Review < 280 uni Samplin
e oy strict 0B2 + 100 rows Label Studio units pne

Figure 1. Overview of the EpiCorpus-BR construction pipeline. Grey rectangles
indicate data artifacts; white rectangles indicate processing steps.

4.1. Text Extraction from PDF Documents

Extraction applies the B2 scenario from [Ereitas et al. 2026]: text-only conversion via
Docling [DS4SD Team 2024]] with explicit removal of Markdown tables and preservation
of captions. Since the PDFs are natively text-based, OCR is not required. The extracted
text passes through three filters: removal of residual tabular lines, conservative sentence
segmentation (boundaries detected only before uppercase letters or digits), and a narrative
prose filter that discards non-alphabetic fragments and summary lines. The result is 6,358
sentences in 22 JSONL files (3,343 from SIREVA-SUS and 3,015 from complementary
documents).

4.2. Table Row Extraction

The epidemiological tables in SIREVA-SUS concentrate most occurrences of MET-
RICA_EPI and SOROTIPO, categories under-represented in narrative text. A pdfplumber-
based module extracts these rows in four steps: (1) discarding tables with rotated text
(garbling); (2) header/data separation by proportion of numeric cells; (3) synthesis of
each data row in the format [caption] | column: value | ..., making it



self-contained out of context; (4) discarding subtotal and total rows. The module pro-
duced 1,956 table rows in data/extracted_tables/, following the same JSONL
schema as narrative text with an additional type: "table" field.

4.3. Silver Annotation via Few-Shot Prompting

The pipeline adopts silver annotation with GPT-40-mini [OpenAl 2024]] (temperature 0,
output restricted to json_object)[] The system prompt describes the eight cate-
gories with a definition and three examples each, plus explicit boundary rules. The
few-shot history includes three (sentence, JSON) pairs covering the most frequent pat-
terns: pathogen+serotype, age stratification+laboratory method, and location+temporal
period. The model returns spans in the format {"texto": "...", "tipo":
"CATEGORY"}, which we convert to the IOB2 scheme by character-level alignment.
For example, in “taxa de incidéncia de meningite por Neisseria meningitidis soro-
grupo B, the alignment recovers the spans taxa de incidéncia (METRICA_EPI), menin-
gite (MANIFESTACAO_CLINICA), Neisseria meningitidis (PATOGENO), and sorogrupo
B (SOROTIPO). Silver annotation covered all 22 documents, producing 4,159 identified
entity mentions.

4.4. Gold Standard Construction

To evaluate the quality of the silver annotation and establish a reliable reference set, the
pipeline selects a stratified corpus sample for manual review.

Sampling: narrative text. Sampling is stratified by document, totalling 180 sen-
tences distributed across the 12 SIREVA-SUS reports. Stratification ensures that all tem-
poral periods and epidemiological patterns of the 2013—2024 historical series are repre-
sented in the gold set.

Sampling: table rows. A second gold set was built from silver-annotated table
rows, following the same stratified sampling procedure by report, with 100 rows dis-
tributed proportionally across the 12 series years. This set is essential to cover MET-
RICA_EPI, METODO_LAB, and FAIXA_ETARIA in tabular context, categories under-
represented or absent in narrative text.

Manual review. Both sets were exported to Label Stu-
dio [Tkachenko et al. 2020] in JSON format with silver pre-annotations and reviewed
against the tagset guidelines (Section [3). Ambiguous cases were resolved by consulting
the guidelines. The reference gold set corresponds to the first annotator’s review; where
the second annotator’s independent review (see the agreement paragraph below) diverged,
disagreements were reconciled through discussion in light of the guidelines, and the
agreed decision was recorded as the final gold label. For table rows, each numeric value
associated with an epidemiological metric was individually annotated as METRICA _EP1
(see Section [3.1).

Final  format. The  text gold set is stored  in
data/gold/gold_sample. jsonl and the table set in

'Reproducibility: silver annotation used the gpt-4o-mini model; the LLM comparison used
gemini-2.5-flash (Google Al Studio, accessed July 2026) with the same prompt and temperature 0;
the supervised baseline fine-tunes BERTimbau base (110M parameters) for 4 epochs (learning rate 3x 1075,
batch 16, max sequence length 192, seed 42).



data/gold/gold_tables. jsonl, both following the same field schema as
the silver records (tokens, bio_tags, and spans), ensuring direct compatibility
with the evaluation module.

Inter-annotator agreement. Guideline consistency was verified by a second do-
main expert annotator who independently reviewed the same 180 text sentences. Cohen’s
coefficient [Landis and Koch 1977]] over IOB2 labels reached s = 0.76 (substantial agree-
ment), with 90.5% token-level agreement and a symmetric span F; of 0.78. Table |2 de-
tails the results per category. PATOGENO achieved the highest x (0.88), benefiting from
the precision of Latin scientific nomenclature. MANIFESTACAO_CLINICA (k = 0.36),
LocAL (k = 0.25), and METODO_LAB (k = 0.21) showed lower values: the second an-
notator identified, respectively, 48%, 11%, and 20% more mentions in these categories,
indicating annotation boundary ambiguity that warrants guideline refinement.

Table 2. Inter-annotator agreement (IAA) per category: Cohen’s x (I0B2 tokens)
and symmetric span F;.

Category K Fy
PATOGENO 0.88 0.94
METRICA_EPI 0.73 0.84
SOROTIPO 0.67 0.57
FAIXA_ETARIA 0.65 0.85
PERIODO_TEMPORAL 045 0.71
MANIFESTACAO_ 036 069
CLINICA

LocAL 025 0.71
METODO_LAB 0.21 0.55
Overall 0.76 0.78

Boundary cases and guideline decisions. The three lowest-agreement categories
share one source of disagreement: the line between a named entity and a nearby but
different concept. For LOCAL (k = 0.25), the split is place versus institution. The guide-
lines annotate explicit toponyms and exclude institution names, but acronyms such as JAL
(Instituto Adolfo Lutz) fall in between when they stand for the geographic node of the
surveillance laboratory network. We annotate them as LOCAL only in that locative use,
and leave them out when they name the institution as an organization. For METODO_LAB
(k = 0.21), the line is a named technique versus a generic reference: cultura and soroti-
pagem molecular are annotated, while a bare exame or laboratorio is not. For MANI-
FESTACAO_CLINICA (k = 0.36), the question is how much of a multiword condition to
include: we annotate the full named condition (meningite bacteriana as a single span) and
established domain labels such as doenca invasiva, but exclude a bare doenga or infeccdo.
These decisions are now recorded as explicit boundary rules in the released guidelines, so
that future annotation rounds can apply them from the start.

5. The EpiCorpus-BR

EpiCorpus-BR is built from 12 annual SIREVA-SUS reports (2013-2024) and 10 comple-
mentary epidemiological surveillance documents, totalling 22 documents. The SIREVA-
SUS sub-corpus totals 3,343 sentences and 19,762 tokens, with a mean of 5.9 tokens



per sentence. The low mean reflects short text fragments from captions, lists, and sec-
tion headings that passed the narrative prose filter, coexisting with full epidemiological
sentences. Sentences are spread fairly evenly across the 2013-2024 series, and the 2023
and 2024 reports concentrate the highest volumes (385 and 370 sentences) due to the
expansion of surveillance scope during that period.

5.1. Entity Distribution

Of the 3,343 sentences in the SIREVA-SUS silver set, 772 (23.1%) contain at least one
annotated entity, totalling 1,139 mentions distributed across seven of the eight tagset
categories. Table [3] presents the distribution by category in the SIREVA-SUS silver set,
alongside the gold-standard counts.

Table 3. Mention distribution per category, in the SIREVA-SUS silver set (3,343
sentences) and in the gold standard (280 units: 180 text sentences + 100

table rows).
Silver (SIREVA) Gold (280 units)
Category Ment. % Text Tab. Total
LocAL 592 520 154 0 154
PATOGENO 379 333 54 2 56
FAIXA_ETARIA 57 5.0 46 116 162
METODO_LAB 54 4.7 38 54 92
SOROTIPO 24 2.1 21 0 21
PERIODO_TEMPORAL 18 1.6 5 2 7
MANIFESTACAO_CLINICA 15 1.3 6 31 37
METRICA_EPI 0 0.0 22 638 660
Total 1,139 100.0 346 843 1,189

LocAL and PATOGENO account for 85.3% of mentions, consistent with the struc-
ture of SIREVA-SUS reports, where surveillance is organized primarily by etiological
agent and by federal unit. The absence of METRICA_EPI mentions in narrative text was
confirmed as structural: the domain’s quantitative metrics (such as strain counts by age
group and susceptibility percentages) are concentrated in epidemiological tables, inacces-
sible to the narrative prose filter. The tabular extraction described in Section [4.2] covers
this content; its 100-row gold standard is evaluated in Section [6]

The gold-standard columns of Table [3] confirm the same tabular concentration:
METRICA_EPI and FAIXA_ETARIA are predominantly represented in tables, while LO-
CAL and PATOGENO concentrate in narrative text, reflecting the structure of SIREVA-SUS
reports.

5.2. Complementary Documents

Beyond the SIREVA-SUS reports, the corpus incorporates 10 complementary surveil-
lance documents: three Electronic Epidemiological Bulletins, five numbered Epidemio-
logical Bulletins, and two Meningitis Advisories, all from the Ministry of Health or the
Health Surveillance Secretariat. They add 3,015 sentences and 3,020 silver mentions,
and their distinct structure and terminology broaden the linguistic diversity of the cor-
pus; the same extraction and silver-annotation pipeline was applied to them. Their entity



density is much higher than in the SIREVA-SUS sub-corpus, 1.00 mention per sentence
against 0.34, because the thematic bulletins describe specific cases and outbreaks rather
than long-term surveillance prose. The two meningitis advisories are the densest docu-
ments, with 56.9% and 48.9% of their sentences carrying at least one entity.

6. Results

The evaluation compares silver annotations against the gold standard using seqe-
val [Nakayama 2018] in strict matching (IOB2) mode. Table ] presents F; per category
for the three evaluated configurations: narrative text (180 sentences, 346 mentions), table
rows (100 rows, 843 mentions), and combined corpus (280 units, 1,189 mentions).

Table 4. Per-category F; (strict segeval, IOB2): GPT-40-mini silver annotation in
the three configurations, a second-LLM annotator (Gemini 2.5 Flash, same
prompt), and the BERTimbau baseline (trained on silver, combined-gold
test, Section @ N = support in the combined corpus.

GPT-40-mini (silver) Gemini BERTimbau

Category Text Tab. Comb. Comb. Comb. N
PATOGENO 0.97 0.00 0.95 0.96 0.98 56
SOROTIPO 092 0.00 0.92 0.62 0.76 21
PERIODO_TEMPORAL 0.89 0.00 0.73 0.62 0.77 7
METODO_LAB 0.88 0.62 0.71 0.65 0.63 92
FAIXA_ETARIA 0.85 0.25 0.43 0.45 043 162
LocAL 0.61 0.00 0.59 0.26 0.30 154
MANIFESTACAO_CLINICA 0.50 0.59 0.58 0.68 0.51 37
METRICA_EPI 0.00 0091 0.89 0.94 0.89 660
Micro avg 0.73 0.79 0.77 0.77 0.73 1189
Macro avg 070 0.34 0.73 0.65 0.66 1189

In narrative text, PATOGENO and SOROTIPO exceed F; = 0.92, helped by their
consistent Latin nomenclature. METRICA_EPI scores zero in text, because its metrics are
almost entirely tabular, yet it reaches 0.91 on table rows. FAIXA_ETARIA drops from 0.85
in text to 0.25 in tables, and LOCAL shows only moderate precision (0.57). The combined
silver micro-F; is 0.77. Section analyses the error patterns behind these numbers.

Robustness across LLM annotators. To check whether the annotation quality
is specific to GPT-40-mini, we ran the same prompt with a second, more recent model,
Gemini 2.5 Flash, over the same 280 gold units. It reaches the same combined micro-F,;
of 0.77 (Table d)). This suggests that the silver annotation is robust to the choice of LLM
and is not an artefact of a single model. The two models redistribute the errors rather than
removing them. Gemini is stronger on the tabular split (0.86 vs. 0.79), on METRICA_EPI
(0.94), and on MANIFESTACAO_CLINICA (0.68), but weaker on SOROTIPO (0.62). Like
GPT-40-mini, it still collapses on the ambiguous LOCAL category (0.26), which shows
that this category is a guideline problem, not a model one.

6.1. Error Analysis

Manual inspection of the disagreements between the silver annotation and the gold stan-
dard shows that the errors are not spread evenly across categories. They concentrate in



three systematic patterns, and all three are omissions (false negatives) rather than confu-
sion between categories. Table[5|gives one representative example of each pattern. Below,
we explain what each example is meant to show and how much F it costs (Table 4.

(E1) Omitted numeric values in narrative text. This pattern alone explains the
zero F; of METRICA_EPI in text. The (n=166) example isolates the failure: the model
reads the surrounding context correctly, since it annotates cultura as METODO_LAB, yet
it does not extend the annotation to the adjacent count that the guidelines mark as MET-
RICA_EPI. The problem is therefore recall of the numeric span, not a wrong label, be-
cause the same model annotates these counts correctly when they appear alone in table
cells (F; =0.91).

(E2) Institutional acronyms used as locations. This pattern explains the moder-
ate score of LOCAL (0.59). The IAL (Instituto Adolfo Lutz) example shows the boundary
the model misses: it captures explicit place names such as Brasil and Sdo Paulo, but not
domain acronyms that stand for a place in context, here the location of the surveillance
laboratory network. This is the same LOCAL boundary that drove the low inter-annotator
agreement for the category (Section |4.4)), which confirms it is a guideline issue, not a
model one.

(E3) Compact age formats in tables. This pattern explains why FAIXA_ETARIA
falls from F; = 0.85 in text to 0.25 in tables. The example, an abbreviated age band such
as <1 ano in atable header, shows that the failure is one of surface form, not of concept:
the few-shot examples cover spelled-out ranges ( “menor que 12 meses”) but not the short
notation of tabular headers, so the model omits them or misplaces their boundaries.

Together, the three patterns show that the errors come from domain-specific sur-
face forms that are under-represented in the few-shot prompt, not from conceptual ambi-
guity between categories. Two routes address this: richer few-shot examples and guide-
lines, and the supervised model of Section[6.2] which learns these surface forms from the
distribution of the silver corpus.

Table 5. The three systematic silver-annotation errors. Each row shows the to-
ken that should have been annotated, its gold label, and the silver output.
O means the model left the token unannotated, so all three patterns are
omissions (false negatives).

Type Token (in context) Gold label Silver
El: omitted (n=166) in “...por cultura (n=166)" B- (0]
value METRICA_EPI

E2: locative [AL in “o IAL monitora ... os estados” B-LocAL (0]
acronym

E3: com- <1 ano in atabular age-group header B- (0]
pact age FAIXA_ETARIA

6.2. A Supervised Baseline under Silver Supervision

To assess whether the corpus can train a dedicated Portuguese NER model, and not only
measure the LLM annotator, we fine-tune BERTimbau [Souza et al. 2020]] (base, cased)



as a token classifier under silver (distant) supervision. The model is trained on the silver-
annotated corpus (narrative text and table rows) with the 280 gold units removed to pre-
vent test leakage (8,034 training units), and evaluated on the gold standard using the same
seqeval strict-IOB2 protocol as in Section[6] Word-level labels are aligned to the first sub-
word token; we train for 4 epochs with learning rate 3 x 1075, batch size 16, maximum
sequence length 192, and a fixed seed for reproducibility. This setup directly tests the
downstream utility of the corpus while keeping the gold set untouched during training.

The rightmost column of Table [ reports the results. Trained only on the silver
corpus, BERTimbau reaches a combined micro-F; of 0.73, close to the 0.77 of the silver
annotation it learned from. This shows that the corpus is usable to train a dedicated model
and that its silver labels are consistent enough to be learned. The model is strongest where
the annotation is terminologically regular, namely PATOGENO (0.98, Latin nomenclature)
and METRICA_EPI (0.89, and 0.90 on table rows alone). It also matches the silver micro-
F, on the tabular split (0.79), which confirms that the tabular sub-corpus transfers well
to a trained model. Performance drops on the ambiguous categories, with LOCAL falling
to 0.30. This mirrors error type E2 (Section and confirms that the bottleneck is
institutional and locative ambiguity, not model capacity. Because the model is supervised
by the silver labels themselves, it cannot exceed the silver ceiling by much. Reaching
0.73 without ever seeing the gold is therefore a lower bound, and a larger, gold-supervised
training set should raise it.

7. Limitations

The gold standard covers only 3.4% of the corpus (280 of 8,314 units); although strat-
ified, the evaluation reflects this subset, and the silver annotation comes from a single
model (GPT-40-mini). The IAA (x = 0.76, Section 4.4) used two annotators who both
started from the silver pre-annotations, which may inflate it relative to annotation from
scratch, and the low x for LOCAL, METODO_LAB, and MANIFESTACAO_CLINICA re-
flects residual boundary ambiguity. More importantly, the review corrects and reclassifies
the model’s spans but does not systematically add entities the model never proposed, so
the gold standard measures the precision of the silver annotation reliably while its true
recall may be overestimated.

8. Conclusion

This paper presented EpiCorpus-BR, to the best of our knowledge the first public NER
corpus for epidemiological surveillance documents in Portuguese. It brings together 8,314
textual units from 22 SIREVA-SUS and Ministry of Health documents, a tagset of eight
specialized categories absent from existing Portuguese resources [Oliveira et al. 2022],
and a gold standard of 280 manually reviewed units. The combined evaluation (micro-
F, =0.77) showed that METRICA_EPI, at zero F; in narrative text, reaches 0.89 in tables,
so the tabular sub-corpus is essential for a representative evaluation of the domain. A
BERTimbau baseline trained on the silver corpus, with the gold held out, reached micro-
F; = 0.73, confirming that the corpus supports training a dedicated NER model.

As future work, we plan to integrate the three annotation layers already built for
SIREVA-SUS documents, Universal Dependencies [Freitas et al. 2026]], named entities
(this work), and RAG-based semantic retrieval [Freitas et al. 2025]], into a unified analysis
pipeline.



Availability

EpiCorpus-BR and the pipeline code are publicly available at https:
//github.com/ChristianSF/EpiCorpus—BR, in JSONL format (fields
tokens, bio_tags in IOB2, and spans) with documentation and the extraction,
annotation, and evaluation modules. The corpus is released under CC BY 4.0 and the
code under MIT.
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