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Abstract
We introduce a methodology for the identification of notifiable events in the domain of healthcare. The methodology
harnesses semantic frames to define fine-grained patterns and search them in unstructured data, namely, open-text
fields in e-medical records. We apply the methodology to the problem of underreporting of gender-based violence
(GBV) in e-medical records produced during patients’ visits to primary care units. A total of eight patterns are
defined and searched on a corpus of 21 million sentences in Brazilian Portuguese extracted from e-SUS APS. The
results are manually evaluated by linguists and the precision of each pattern measured. Our findings reveal that the
methodology effectively identifies reports of violence with a precision of 0.726, confirming its robustness. Designed
as a transparent, efficient, low-carbon, and language-agnostic pipeline, the approach can be easily adapted to other
health surveillance contexts, contributing to the broader, ethical, and explainable use of NLP in public health systems.
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1. Introduction D ¢ _Medical
g Records
Healthcare surveillance is a major challenge for
health professionals, even in the context of the [ violerce

growing digitalization of medical records and the
widespread use of advanced tools for data analy-
sis. In a review paper on the topic, Aliabadi et al.
(2020) point out, among the major challenges in
implementing adequate surveillance, the difficulty
in analyzing unstructured data, the low quality of
information in e-medical records, as well as privacy
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and security issues. Nazi and Peng (2024), in turn, ﬂg % %ames Sorpora
list nine challenges for the use of LLMs in health- \ =

care, which include: in the dataset gathering phase, Human ‘\

(a) presence of Personally Identifiable Information AGRO /\ g g J Search
(Pll), (b) possible privacy/security breaches and #n /

(c) bias introduced by uneven data distributions; Juto Violence
in the model training phase, (d) lack of access to Sample f [ patterns
the workings of blackbox models and (e) carbon

footprint; and, finally, in the application phase, lack

of (f) transparency and (g) explainability, (h) ethical I: e-Medical
risks and (i) hallucinations. =@ i LY

Within the context of surveillance, Gender-Based
Violence (GBV) remains a persistent challenge
worldwide, affecting millions of women and girls
in different cultural and social contexts. Global sur-
veys suggest that more than one in three women
who have ever been married or partnered have
experienced physical or sexual violence from an in-

Figure 1: Schematization of the methodology

timate partner (WHO, 2024). Various studies treat
Gender-Based Violence (GBV) as a public health is-
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sue (Garcia-Moreno and Watts, 2011; Sweet, 2014;
Ohman et al., 2020), highlighting the importance
of the healthcare system in the fight against GBV.
In Brazil, underreporting is still a major issue when
it comes to GBV cases. According to Garbin et al.
(2015) and Kind et al. (2013), underreporting is
usually due to excessive workload of healthcare
teams, lack of knowledge about the importance of
notification, fear of retaliation, as well as difficul-
ties in identifying which injuries and conditions are
related to an episode of violence.

This paper presents an innovative methodology,
outlined in Figure 1, to improve healthcare surveil-
lance in general and to tackle GBV underreporting
specifically, by leveraging the modeling of frames
covering the domains of healthcare (Dutra et al.,
2023) and violence (Larré and Torrent, 2024) in
Brazilian Portuguese to identify GBV patterns in
open text fields of e-medical records. We present
the steps involved in the modeling and pattern def-
inition process and evaluate the precision of the
proposed methodology against a sample of 5,000
anonymized sentences extracted from e-medical
records of primary care visits. We also conduct an
error analysis and discuss its impact in feeding back
the pattern-definition effort. Results show a preci-
sion of 0.726 of the proposed method in identifying
GBV and 0.600 in the fine-grained classification of
the type of violence.

Our contributions are threefold: (i) we introduce
an innovative explainable and transparent pipeline
for the identification of health events in e-medical
records and report its energy consumption and car-
bon footprint; (ii) we evaluate the methodology for
the challenging context of GBV in healthcare surveil-
lance; and (iii) we design the methodology to be
generalizable to healthcare surveillance needs be-
yond GBV.

In the remainder of this paper we briefly intro-
duce FrameNet, the framework under which the
domains of healthcare and violence were modeled,
and describe the modeling process employed for
the two domains in Section 2. Next, Section 3
shows how the manual and automatic annotation
of the open-text fields in the e-medical records was
carried out. Section 4 focuses on the construction
of frame-semantic patterns and on the methods
used for their initial validation. Section 5 presents
the setup used to evaluate the methodology, while
Section 6 presents and discusses the results.

2. Frame-Based Modeling of the
Healthcare and Violence Domains

Developed by Charles Fillmore in the late 1970s,
Frame Semantics is based on the idea that the
meaning of a particular lexical item is understood
against the evocation of an associated conceptual

scene. For its part, a frame is a structure of related
concepts organized around a specific context in
which certain words function as shortcuts to such
a frame. That is, by using them, participants in a
conversation not only instantly access the shared
knowledge of that situation but also classify ele-
ments within it, assuming that the general context is
already understood by all involved (Fillmore, 1982).

As an implementation of Frame Semantics,
Berkeley FrameNet (BFN) is a resource developed
in 1997 to analyze the English lexicon. Since the
inception of this project, the FrameNet model has
been adapted to create similar resources for multi-
ple other languages, such as Brazilian Portuguese:
the FrameNet Brasil (FN-Br) (Torrent et al., 2022).
The core principle of any framenet analysis is that
"meaning is relativized to scenes" (Fillmore, 1977).
Simply put, the meaning of any word is deter-
mined by a background situation defined by the
participants and props involved in it. Therefore,
framenets, which are structured according to the
principles of Frame Semantics, theoretically have
the capacity to computationally represent diverse
aspects of context (Torrent et al., 2022).

Every frame consists of a definition and a set of
Frame Elements (FEs). The definition provides a
general description of the scene the frame repre-
sents, typically referencing the FEs. These FEs,
in turn, are classified as core FEs, mandatory
to the frame’s meaning, and non-core FEs, en-
coding circumstantial information. To illustrate
the structure of a frame, consider the Experi-
ence_bodily_harm frame in (1), which models
a scenario of physical injury.

(1) Experience_bodily harm

Definition: An is involved in
a bodily injury to a |lele/Mlezlgd. Often an
[IERERT on which the

injures themselves is mentioned.
Core Frame Elements:
=Telo\AleE1ad: The location on the body of the

DI Ealetsld Where the bodily injury takes
place.

DONENEIA: The being or entity that is in-
jured.

Peripheral Frame Elements:

Injuring_entity MERgls] injures
her/himself on an Rlal[Elglale =LA,

SEVEWA:  The extent to which the

DOl is affected by the injury.
Frame-to-Frame Relations:

is inchoative of: Being_hurt
inherits from: Undergoing

is used by: Cause_harm
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Lexical Units: injury.n; break.v; bruise.v...

Note that the definition mentions the main ele-
ments involved in the frame: the EXPERIENCER,
the Boby_PART and the INJURING_ENTITY, the two
first being core, and the last being peripheral, since
this frame assumes the perspective of the person
suffering the injury. Each frame element receives
a definition that is specific to the frame. Moreover,
because FrameNet is a net, not a list of frames, re-
lations between the target frame and other frames
in the network are also given for each frame. In the
case of the Experience_bodily_harm frame, it
inherits the Undergoing frame, meaning it is a
more specific type of event in which an ENTITY is
affected by some EVENT. It is also presupposed by
the Cause_harm frame, meaning that, for some-
one to cause a harm on someone else, this last
person has to experience a bodily harm. This
is represented by the using relation indicated in
(1). Finally, there is an alternation to our exem-
plar frame where a stative framing is adopted: the
Being_hurt frame, which is in a inchoative of
relation with Experience_bodily_harm.

FrameNet domain modeling aims to build a struc-
tured cognitive representation of the key concepts
within a topic. Each domain comprises frames
representing events, participants, and entities con-
nected through frame-to-frame relations. Follow-
ing Costa (2020), we adapted and expanded this
methodology for our study. The next subsections
describe the modeling process.

Anonymization and Corpora Compilation
The first step in modeling the domains was to com-
pile and anonymize a representative corpus for
each domain. The open text fields of both e-medical
records from e-SUS APS and violence notifications
from SINAN were made available by the city of Re-
cife in Brazil." All open text fields from 3,8 million
records were split into 21 million sentences using
Trankit, a transformer-based NLP toolkit, (Nguyen
et al., 2021).

All sentences used in the research underwent
a three-step anonymization process: automatic,
semiautomatic, and manual validation. The au-
tomatic process used three Named Entity Recog-
nition models (Souza et al., 2019; Guillou, 2021;
Cunha and Ramalho, 2022), regular expressions,
and a fuzzy search based on known venues to
detect potential Pll. A text span was anonymized
only if at least two techniques agreed that it con-
tained sensitive data. The semi-automatic step

'e-SUS APS is the system used by the Brazilian Uni-
versal Public Healthcare System in primary care units.
For the e-medical records, the SOAP notes (Subjective,
Objective, Assessment and Plan) were used. SINAN is
the National System for Violence Notification.

used frequency lists of Brazilian Portuguese words
and common names to identify potential personal
names to accelerate manual validation. Lastly,
manual validation was done only over specific sam-
ples of the corpus. The goals was to evaluate the
process and to guarantee full anonymization of
sentences that would be made available for the
researchers doing frame-based annotation or eval-
uating semantic patterns.

The corpora compiled for domain modeling com-
prised 206,000 words distributed into 43,000 sen-
tences for the e-medical records, and 172,000
words distributed into 16,000 sentences for the vio-
lence notifications.

Domain analysis and Scenario Frame Creation:
From a sample of the corpora, the study of the do-
mains was conducted to identify the possible par-
ticipants, actions, places, and objects that could
and/or should be present in each of the domains.
Based on this study, the first frame for each of the
domains could be modeled: the scenario frame.
This is a generic frame whose role is to organize
the other frames in the domain. In the case of
the Health and Violence domains, existing frames
were adjusted to occupy this position. The previ-
ous frame Medical_interaction_scenario
was restructured to be broader and became the
Healthcare_scenario frame. Meanwhile, the
Violence frame was adjusted to become the vi-
olence_scenario frame.

Candidate Term Extraction: In the next step,
the Keywords — Terminology extraction feature
of Sketch Engine (Kilgarriff et al., 2014) was used
to extract the terms—single or multiword expres-
sions—most relevant to the domains. This feature
calculates a score that highlights the terms that are
especially prominent in a focus corpus; thus, the
higher the score, the more characteristic or repre-
sentative the term is of the specific domain. For ex-
ample, terms such as abuso.n ‘abuse.n’ or soco.n
‘punch.n’ stood out as more characteristic of the Vio-
lence domain, compared to terms such as drvore.n
‘tree.n’ or casa.n 'house.n’. To accomplish that,
the anonymized corpora were compared against
a generic corpus, the Portuguese Web 2020. The
extracted list of terms consisted of the 2,000 candi-
dates most likely to belong to the domain.

Lexicographic Behavior Analysis: The lexico-
graphic behavior of the candidate terms in the list
was analyzed and potential lexical units (LUs) were
grouped together with the aim of identifying those
belonging to existing frames or suggesting new
frames that needed to be modeled to better struc-
ture the domain. For example, a large number
of candidate LUs denoted physical assaults such
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as machucar.v "hurt.v’ that could be directly linked
to the Cause_harm frame in the violence domain.
However, this frame covers the perspective of the
person causing the harm, not that of the victim,
which led to the modeling of a new Being_hurt
frame. A considerable number of candidate LUs
could also be associated with frames that did not
belong to the domains, but that could be of inter-
est to the research objective, such as those that
described relations between family members or ac-
quaintances and were linked to the Kinship and
Personal_relationship frames.

Frame Creation: The next step was to model the
newly suggested frames. In this process, two ap-
proaches were followed: the bottom-up approach,
using the study of the lexical items as its staring
point, and the top-down approach, where the re-
searcher’s intuition is the starting point, as de-
scribed in Ruppenhofer et al. (2016). For the
Healthcare domain, 17 new frames were modeled,
six frames were adjusted, and 12 existing frames
were linked to the domain, resulting in 35 frames.
For the violence domain, five new frames were
modeled, one was adjusted, and 42 existing frames
were linked, totaling 48 frames.

Frame Relation Definition: Once the frames for
each domain were defined, they were connected
through frame-to-frame relations. The relations
were defined between frames both in and outside
the domains when needed. Following Ruppenhofer
et al., there are eight types of relation between
frames: inheritance, subframe, use, causative of,
inchoative of, precedence, perspective of and see
also. Figure 2 illustrates the process by showing
the relations between some of the frames in the
Violence domain.

Lexical Unit Creation: Once the network of
frames is in place, the lemmas grouped as pos-
sible LUs were associated with the frames in the
database. This step consists of first adding the
lemmas and word forms—including not only in-
flectional, but also spelling variations, abbrevia-
tions and acronyms typically found in e-medical
records—to the database management and an-
notation tool (Torrent et al., 2024), so that their
instantiations in the corpora could be identified in
the annotation phase. In total, the Violence domain
comprises 1,764 LUs, while the Healthcare domain
counts 2,776 LUs.

Ternary Qualia Relation Definition: Although
frame-to-frame relations play an important role in
the model, they are not able to specify which LUs
in each frame are to be related to which ones in
another frame and also what is the nature of such

a relation. To address this issue, Ternary Qualia
Relations were defined. These relations are based
on the Generative Lexicon Theory (Pustejovsky,
1995), which argues that the meaning of a word can
be perspectivized from four types of qualia: agen-
tive, formal, constitutive, and telic. Torrent et al.
(2024) expanded the theory to have such relations
mediated by frames, as illustrated in Figure 3 for
the LU faca.n ’knife.n’. Over 4,500 relations have
been created between the LUs associated with the
frames in the Healthcare and Violence domains.

3. Data Annotation

Annotation was divided into two phases: human
and automatic. Given the nature of the data, as
an additional layer of protection for the privacy of
patients, a version of the annotation platform with
restricted access to the team members was created.
Anonymized sentences of e-medical records were
then uploaded to this instance of the platform to be
annotated. The first goal of the manual annotation
was to validate the modeling of the domains. The
annotation allows for a general analysis that deter-
mines the adequacy of the model, especially with
regard to the sufficiency and adequacy of frames
in terms of coverage and structure. The second
goal of this process was to create a domain-specific
training dataset for an automatic semantic role la-
beler. Both processes are described in detail next.

3.1.

The human annotation process was conducted by
seven annotators trained in FrameNet methodol-
ogy (Ruppenhofer et al., 2016). The annotation
process focused on the semantic content—instead
of abiding by the traditional three-layer seman-
tic and syntactic annotation usually employed by
FrameNet—which means that the annotation con-
sisted of tagging the frame evoked by the target
LU and its frame elements. Also, the expansion of
the syntactic locality of the annotation was used in
some cases, so as to keep track of core frame ele-
ments expressed at the beginning of very long sen-
tences or fragments where automatic sentence seg-
mentation fails, typical of e-medical records, where
healthcare professionals may not follow punctua-
tion conventions. The annotation was performed
in 2,352 sentences, which yielded 6,313 annota-
tion sets—each of which has one target LU—for
the Healthcare domain and 8,309 for the Violence
domain.

Human Annotation

3.2. Automatic Annotation

Automatic annotation used an instance of LOME
(Xia et al.,, 2021). LOME is a system devel-
oped for multilingual information extraction that in-
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subframe X ) subframe
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Figure 2: Part of the frames in the Violence domain

Frame_Ingredients

FE_Creator fabrica.n
T ‘factory’

Frame_Intentionally_create ry
FE_Product FE_Material

FE_Created_entity Created_by

Used_to

facada.n
‘stab’

ago.n
‘steel’

Is_made_of

Instance_of FE_Subtype

FE_Purpose FE_Entity L 2 Frame_Type
arma.n l_

Frame_Usefulness ‘weapon’ FE_Category

Figure 3: Example of Ternary Qualia Relations

cludes FrameNet semantic parser based on XLM-
RoBERTa (Conneau et al., 2020). This parser was
re-trained from scratch, having the human anno-
tation described in Section 3.1 as part of its train-
ing dataset in addition to more than 130,000 other
annotation sets from previous domain-general an-
notations available in the FN-Br database. The
newly trained parser? has in its tag set over 200
new frames that expand on FrameNet 1.7 — the
database version used by Xia et al. (2021).

The performance of the LOME instance trained
for the project was evaluated and achieved a micro-
F1 of 50.68 on the exact matching metric , which
is slightly lower than the 56.34 of the original im-
plementation. This reduction in micro-F1 for this
metric is considered small given the more challeng-
ing nature of the training set: it contains domain
specific, noisy clinical texts in a less resourced lan-
guage—-Brazilian Portuguese—, and a larger set
of labels of frames and frame elements.

Before feeding the whole corpus of 21 million sen-
tences to LOME, Trankit was used for tokenization,
lemmatization and part-of-speech tagging. The
tokenized sentences were fed to LOME and the
lemmas, in combination with part-of-speech and
the predicted frames were used to infer lexical units,
as the FrameNet parser does not predict those out
of the box. The whole process resulted in 59 million
automatic annotation sets, an average of 2,81 sets

®https://github.com/frameNetBrasil/
span—-finder

per sentence. The computational cost of the full
annotation pipeline — parser retraining (7h51m) and
inference over 21 million sentences (62h3m) — on
a single NVIDIA A30 GPU (165W TDP) amounted
to approximately 23.06 kWh of energy and an esti-
mated 1.98 kgCO,eq, assuming a PUE of 2.0 and
a regional grid carbon intensity of 86 gCO,eq/kWh
for the Centro-Sul region of Brazil (Electricity Maps,
2025), following the estimation methodology of La-
coste et al. (2019).

As an elicited example of the resulting
automated semantic annotation process, con-
sider the sentence in (2), which was anno-
tated by the LOME instance just described
for the People_by_health_condition,
Statement, Symptoms, Body_parts, Cogni-
tive_connection, and Emotion_directed
frames, as shown in (2a-f), respectively. Lexical
units evoking each frame are shown in boldface,
frame element names are in superscript.

(2) Patient reports pain in the chest associated
with household stress.

a. [Patient]a%" reports pain in the chest
associated with household stress

b. [Patient]Peaker reports [pain in the
chest associated with household
StreSS]Message

c. [Patient]P2i et reports pain [in the
chest]Bedv_rart [agsociated with house-
hold stress]Pescriptor

d. Patient reports pain in the
[chest]Body-Part  aggociated  with
household stress

e. Patient reports [pain in the
chest]ConcePL!  agsociated  [with

household stress]Concept 2
f.  Patient reports pain in the chest asso-
ciated with [household]Re2s°" stress

4. Construction of Semantic Patterns
of GBV

Referring back to the definition of frames, they de-
scribe structures that represent contextual meaning
and enable the systematic identification of linguistic
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and semantic patterns that may reveal experiences
of violence. Therefore, in order to better understand
the scenarios reported in medical records, as well
as to look for patterns that could lead to possible
unreported and overlooked victims of GBV, an ana-
lytical methodology was devised into two phases:
pattern proposition and validation through cor-
pus querying.

4.1. Pattern proposition

The first phase consisted of manually analyzing
texts to propose frame-based patterns. It was car-
ried out through the study of the same anonymized
sample used in the human annotation that resulted
in the dataset used for training LOME. This process
was done using two methods.

First, a group of eight possible scenarios cov-
ering types of violence was selected to be investi-
gated. They were general violence, psychological
violence, sexual abuse, negligence, infant labor, vi-
olence against LGBTQIA+ groups, violence against
indigenous people and violence against people with
disabilities. Subsequently, the LUs that could de-
scribe aspects in such cases of violence were se-
lected and grouped to be used in a search for oc-
currences in the data. Once an LU was identified
as present in the record, the report was individually
studied to consider: (1) the frame evoked; (2) the
frame elements present; (3) the lemmas marked
as the frame elements; and (4) the frames those
lemmas could be evoking. Based on that analysis,
a possible pattern would then be defined.

To illustrate this process, consider the theme of
general violence. The lemma bater.v ‘hit.v’ was
chosen as a potential LU capable of indicating
instances of such cases. Then this lemma was
searched for in the corpus sample, which revealed
examples similar to (3).

(3) Paciente relata que o marido bate nela
quando fica nervoso.
Patient reports that husband hits her when
he gets angry.

In this case, the LU evokes the Cause_harm frame,
whose core frame elements are AGENT—the per-
son causing the Victim’s injury—and VicTiM—the
being or entity that is injured. Accordingly, the FE
AGENT corresponds to marido.n ‘husband’, while
the FE VicTim corresponds to paciente.n ‘patient.
The LU marido.n ‘husband’, in turn, evokes the
Personal_relationship frame. Therefore, we
can link the aggressor as someone related to the
victim, and a conceptual pattern can be identified:
Physical violence by a family member or person
related to the victim, where the FE AGENT in the
Cause_harm frame is filled by an LU that evokes
the Personal_relationship frame.

A second method to propose patterns consisted
of the study of frames in the violence domain. The
aim of this method was to further explore the non-
core frame elements and how they could also carry
relevant information based on the frames the lexical
material they labeled were evoking. Each violence-
domain frame was analyzed to determine which
core and non-core frame elements were relevant
when filled by specific lexical units. This allowed
for the exclusion of some of the frames given its
more generic character. Once the analysis was
performed, the sample was again checked.

At the end of both processes, 19 patterns were
defined within the eight possible scenarios of vi-
olence initially envisioned. This indicates that for
some types of violence, more than one pattern was
designed. For example, the pattern of Physical vi-
olence by a family member or person related to
the victim was defined under the 'general violence’
topic, which is based on the perspective of the
agent who causes harm to a victim. However, a
second pattern was defined under the same topic,
focusing on the victim’s perspective—that of ex-
periencing an injury—activated by the Experi-
encing_bodily_harm frame. The decision to
keep a pattern for the next phase was based on
the number of occurrences in the sample and/or
the researchers’ intuition.

4.2. Validation through corpus querying

The second phase of pattern construction consisted
of querying the 19 patterns against the full corpus
of 21 million sentences with automatic annotations.
Two criteria were established to select useful pat-
terns. For the first, any pattern with less than 30
matches in the corpus had to be discarded. This
was the case for six patterns. The second crite-
rion was based on manual inspection of the results
(or a sample when they had more than a hundred
matches): when patterns had too many false pos-
itives, they had to be discarded as they require
further refinement and could not be useful as is.
This was the case for five additional patterns.

The remaining eight patterns were kept for analy-
sis and are listed in Section 6. They cover general
violence, sexual violence and negligence. All pat-
terns designed to identify cases of violence against
LGBTQIA+, indigenous, and people with disabilities
groups had less than ten matches, while queries
related to infant labor and psychological violence
had too many false positives. In the case of psycho-
logical violence, patterns related to fear covered
fear of many things that are not necessarily related
to violence, while threats were not common. Psy-
chological violence is discussed further in Section
6.2.
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5. Evaluation Design

To evaluate the precision of the proposed method-
ology in identifying reports of GBV in the e-medical
records, the eight specific fine-grained patterns of
GBV defined in Section 4 were queried against
the automatically annotated corpus of sentences
and the 5,000 matching sentences extracted. This
sample was manually validated one more time to
guarantee its full anonymization. Duplicated sen-
tences were removed from the sample, resulting in
a total of 4,186 texts.

Human evaluation of the the sample was con-
ducted by six trained annotators, which were fa-
miliar with the phenomenon of GBV and with how
patterns were defined. Evaluators had to indicate,
in the annotation, whether the fragment was an ex-
act instance of the pattern under consideration or
not. An exact matching occurs when all parts of the
pattern are present in the sentence and the patient
is the victim. Partial correspondences with the pat-
tern were judged as a non-matching instances. For
example, for the pattern that specifies injury by fam-
ily member or person related to the victim, cases
where it was not possible to ensure that an aggres-
sor was identified in the record or that they were
not related to or acquainted with the victim were
judged as non-matching. Similarly, if the pattern
was referencing a person who was not the patient
or if it was part of larger pattern such as ’attempt
of’, it was treated as non-matching. The goal of this
round of evaluation is to capture the precision of
the methodology in the fine-grained identification
of cases of GBV.

Following this first round of evaluation, the same
team of annotators performed an error analysis.
For this second round, annotators had to indicate
whether the mismatches identified in the first round
were instances of GBV reports, nevertheless be-
longing to a different pattern, having partial match
or describing, for example, an speculation of vio-
lence. In other words, they had to evaluate whether
the system correctly identified a case of GBV that
would be relevant for a health surveillance team,
even if it incorrectly classified its fine-grained type.
For this the second round, text fragment batches
were shuffled among annotators so that one the
same annotator would never judge a fragment they
had already analyzed in the first round.

6. Results

6.1. Precision of the Pattern
Identification System

Table 1 shows the results obtained for the first
round of evaluation for the eight patterns of GBV
described in Section 4.

In general, patterns that specify both the violence
subtype and the aggressor were those with lower
precision. There are two relevant explanations for
this fact. The first is that violence subtypes are
usually evoked by a wide range of verbs, increasing
the chances of the semantic parser failing to fully
learn the semantic properties of these frames. The
second is that complex patterns such as relation to
aggressor have more points where it can make a
mistake, which reduces its matching chance.

6.2. Error Analysis

The error analysis demonstrated that a consider-
able part of the non-matching cases, were, in fact,
cases of GBV reporting. In most cases, the errors
in the first evaluation round were related to a partial
correspondence between the pattern and the text
fragment being evaluated. Consider, for example,
the physical violence by family member or person
related to the victim pattern, which presented the
highest increase in precision post-error analysis,
as shown in Table 2.

Among the 345 cases that were classified as non-
matching in the first round but had some report GBV,
18 different types of violence were found. These
were manually classified after the second round
of evaluation to identify possible patterns of errors.
Although distributed in many types, 90% of errors
were classified in one of the six most common forms
of violence. Table 3 shows the distribution of these
most frequent types found during error analysis and
groups the remaining into the 'Other’ category.

These results may indicate that the base frame of
this pattern (Cause_harm) may be capturing more
than just physical violence. In many instances, the
semantic parser labeled this frame on verbs such
as curse, despise or verbs with modification attack
(verbally). This sort of nuance points towards the
need of more specific examples on the parser’s
training set to restrict Cause_harm annotation to
physical examples.

Also note that psychological violence is the most
common type in error analysis. As noted in Sec-
tion 4, the psychological violence patterns initially
created were not found in the original sample. The
three patterns established to identify psychological
violence were:

1. The LU psicoldgico.a ‘psychological’ evok-
ing the Domain frame, when its PREDICATE
FE was filled by an LU evoking the Experi-
ence_bodily_harm, Cause_harm, Or Vio—
lence_scenario frames.

2. The LUs ameaca.n ‘threat’ and ameacar.v 'to
threat’, evoking the Risk_situation frame,
where the DANGEROUS_ENTITY FE was filled
by an LU evoking either the Kinship or Per-
sonal_relationship frames.
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Pattern Correct | Error | Precision
Abandonment of child/elderly 92 27 0.773
Abuse by family member or person related to the victim 483 140 0.775
Abuse of child/elderly 92 17 0.844
Injury by family member or person related to the victim 493 386 0.560
Physical violence by family member or person related to the victim 574 | 1013 0.362
Sexual violence by family member or person related to the victim 57 43 0.570
Sexual abuse 362 90 0.800
Violence by family member or person related to the victim 525 66 0.888
Overall 2678 | 1782 0.600
Table 1: Precision in the fine-grained identification of GBV patterns.
Pattern Correct | Error | Precision
Abandonment of child/elderly 95 24 0.798
Abuse by family member or person related to the victim 511 112 0.820
Abuse of child/elderly 94 15 0.862
Injury by family member or person related to the victim 593 286 0.675
Physical violence by family member or person related to the victim 919 669 0.579
Sexual violence by family member or person related to the victim 76 24 0.760
Sexual abuse 400 52 0.885
Violence by family member or person related to the victim 553 38 0.936
Overall 3241 | 1220 0.726

Table 2: Precision in the identification of GBV reports by pattern

Violence type Count | Percentage
Psychological 110 31.9%
Witnessed 75 21.7%
Aggressive patient 42 12.2%
Verbal 33 9.6%
Abandonment 25 7.2%
Self-inflicted 25 7.2%
Other 35 10.2%
TOTAL 345 100%

Table 3: Distribution of types of violence found in
the error analysis performed for the physical vio-
lence by family member or person related to the
victim patter

3. General LUs evoking the Fear frame,
where the StimuLus FE was filled by an
LU evoking either the Kinship or Per-—
sonal_relationship frames.

An analysis of the 110 cases of psychologi-
cal violence identified during the error analysis
shows interesting reasons why the patterns were
not found when querying the corpus or had too
many false positives 4. First, among the 110 cases,
only one features the LU psicoldgico.a ‘psycho-
logical’ evoking the Domain frame. Second, al-
though 33 cases refer to threats, only in approxi-
mately half the cases there is an LU evoking the
Risk_situation frame. For the other half of the
cases, the threat is introduced by LUs such as
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dizer.v ‘say’, which evoke the Statement frame.
The notion of threat is inferred by the nature of the
content of the reported speech, which would add
sensible complexity to the pattern. A very similar
situation occurs with the cases where the psycho-
logical violence is based on fear, which total 22
instances. In approximately one third of the cases,
there is no explicit LU evoking the Fear frame.

The same analysis showed, however, that al-
most half the cases of psychological violence—49
instances—are reports of gaslighting, where the
patient is the victim. Those reports are very diverse
in terms of frames, and also represent a challenge
for the pattern identification methodology.

7. Conclusion and Future Work

This study presented an innovative methodology
for identifying underreporting of notifiable health
events, focusing on Gender-Based Violence (GBV)
through frame-based modeling and semantic pars-
ing. The results show that this linguistically
grounded framework effectively captures a wide
range of GBV reports with good precision (average
of 0.726).

While the patterns defined in this paper are spe-
cific to GBV, the core methodological contribution,
i.e., semantic parsing grounded in FrameNet com-
bined with pattern definition over automatic an-
notations, is generalizable to other health surveil-
lance tasks. This capability rests on two properties



of FrameNet. First, beyond the domain-specific
healthcare and violence frames modeled by Dutra
et al. (2023), FrameNet'’s broad network of general-
domain and abstract frames already provides con-
ceptual coverage that other tasks can make use of.
Second, the methodology for creating new frames,
lexical units, and frame-to-frame relations is well-
established and has been applied with method-
ological rigor across decades of FrameNet devel-
opment. Extending the system to tasks such as
suicide prevention or substance abuse requires
defining new patterns — and, only where neces-
sary, new domain-specific frames — within this
existing and principled infrastructure.

The same explicit, human-readable structure that
makes FrameNet extensible also makes it inter-
pretable. This quality makes the approach particu-
larly suitable for healthcare applications: outputs
can be easily understood and validated by profes-
sionals, even when the model errs. Such trans-
parency strengthens the system’s reliability and
reinforces its practical value in real-world settings.

The methodology also aligns with the realities of
Brazil’s public healthcare infrastructure, where lim-
ited computational resources often constrain large-
scale Al systems. The models employed have a
lower carbon footprint and can be deployed on
modest infrastructure while maintaining data gover-
nance and an ethical implementation. As reported
in Section 3.2, the entire pipeline — from parser
retraining to inference over 21 million sentences
— consumed approximately 22.4 kWh and emitted
an estimated 1.93 kgCO,eq, confirming the low en-
vironmental cost of deploying task-specific small
language models in resource-constrained settings.

Future work will focus on developing frame-
based risk models and automating the discovery
of semantic patterns to reduce manual effort and
enhance scalability.

8. Ethics and limitations

The research presented in this paper was approved
by the Research Ethics Committee of the Federal
University of Goids (CAAE: 64733922.3.0000.5083;
Approval number: 6.126.995).

Pll Removal: The handling of the data used in the
research reported in this paper required rigorous
attention since, given the nature of violence notifica-
tions and e-medical records, the information logged
in them is extremely sensitive and has the potential
to lead to the identification of the patients. More-
over, some of the patients whose records were used
are potential victims of violence and their identifica-
tion could, apart from violating data privacy regula-
tions, jeopardize their safety. Therefore, to ensure
the protection of this information, all members in-

volved in the research signed confidentiality agree-
ments. Also, as described in Section 2, all Person-
ally Identifiable Information (PII) for every patient
was removed before the team involved both in data
annotation for frames and in evaluation of the per-
formance of the pattern identification system had
access to any piece of text obtained from violence
notification and/or e-medical records. Moreover, ac-
cess to the data was restricted even among team
members, meaning that only anonymized samples
were passed on to researchers.

Annotator’s compensation: All annotators are
members of the research team. For the annotation
described in Section 3.1, annotation tasks were
part of the work/research plan of team members,
which was compensated through monthly stipends
that were at least equivalent to the minimum wage
defined by local regulations. For the human evalua-
tion of the pattern recognition task, every annotator
is a member of the research team and co-author
of the paper. With the exception of one volunteer
annotator, all annotators are funded by the project
with a monthly stipend at least 38% higher than the
local minimum wage.

Implications of GBV identification to victims:
Although all data used in this research originate
from a historical series ranging from 2016 to 2022,
we recognize the potential of this methodology to
be implemented as an alert system for healthcare
professionals in real time. Such a system may
expose victims to additional risks and serious anal-
ysis should be made in regards to which ranks of
healthcare surveillance professionals should have
clearance to access data originated from such an
alert system. The research team has conducted
extensive research on this issue and has been con-
sulting with specialists in the fields of personal data
regulation before any further step towards the use
of the methodology as an alert system can be pur-
sued.

Technical limitations: This methodology was de-
veloped as part of a broader project aimed at im-
proving the use of health data to prevent tragic
outcomes in Brazil. One of its key objectives is
to better estimate underreporting of health-related
events. To this end, frame-based modeling, seman-
tic parser training, and the formulation and evalu-
ation of linguistic patterns were conducted using
texts in Brazilian Portuguese. Although the work
focused on this language, the methodology itself
is largely language-agnostic. Since only multilin-
gual language models were employed, it can be
applied to other languages with little or no adapta-
tion. Nevertheless, the lack of thorough testing in
languages other than Portuguese and the potential
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bias of frames and lexical units toward Brazilian
Portuguese remain a notable limitation.
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