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Unstructured clinical narratives are a major source of phenotypic evidence for rare-disease diagnosis and ge-
nomic variant interpretation. However, their free-text nature, often multilingual, heterogeneous in format,
and inconsistent in terminology, makes automated phenotype extraction and interoperability with downstream
genomic pipelines difficult. This creates a practical bottleneck for scalable and reproducible phenotype cu-
ration in medical genetics, where manual review is time-consuming and prone to variability. To address this
problem, we propose a robust, open-source, and fully local pipeline for automatically extracting and stan-
dardizing patient phenotypes from medical reports while preserving data privacy. The pipeline integrates: (i)
OCR-based digitization and an LLM-based translation module to produce an English version of the report; (ii)
a GPT-oss—based phenotype extractor using structured, few-shot prompting to identify phenotypes relevant
to the index patient; and (iii) a fuzzy standardization stage that combines lexical similarity with embedding-
based semantic matching to map extracted phenotypes to Human Phenotype Ontology (HPO) concepts. Our
multi-stage design improves robustness to real-world documentation issues, including multilingual acronyms,
variable report structure, spelling errors, and synonym variability, and it ensures privacy compliance by keep-
ing all computation on local infrastructure. We demonstrate the pipeline end-to-end on a representative clini-
cal report, showing that it extracts patient-relevant phenotypes and produces HPO-aligned, machine-readable
outputs suitable for downstream genomic analyses. This work provides a practical foundation for privacy-
preserving, scalable phenotype curation in clinical genetics and supports future integration and evaluation on
larger clinical datasets.

servations, and diagnostic results, reflecting the com-
plexity and diversity of human diseases in the real-

Clinical reports written in natural language contain a
wealth of valuable information that can assist medi-
cal professionals in diagnosing conditions, identify-
ing patterns, and making informed decisions (Magu-
luri, 2024} |Zhou et al., 2025). These reports encap-
sulate detailed descriptions of patient symptoms, ob-
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world. Despite their value, the unstructured nature of
clinical narratives presents significant challenges for
automated analysis, preventing large-scale computa-
tional studies and integration with structured biomed-
ical data (Sedlakova et al., 2023). For example, clin-
ical reports may contain the description of symptoms
of multiple subjects (e.g., the patients and their fam-
ily) or refer to the same pathology with different syn-
onyms (e.g., headache or hemicrania).

In this paper, we target the identification of phe-
notypes in clinical reports, i.e., the set of observable
characteristics or traits of an organism (Wojczynski
and Tiwari, 2008). This work has been developed
in the context of a national project, ANTHEM (Fon-



dazione ANTHEM, 2022), aimed at enhancing and
introducing advanced technologies within the pro-
cesses followed by physicians in the medical genet-
ics department of the Papa Giovanni XXIII Hospi-
tal, in Bergamo (Italy Automated extraction and
standardization of phenotypic information from clin-
ical reports is a critical task to realize and imple-
ment data-driven medicine. On the one hand, manual
curation, while accurate, is resource-intensive, time-
consuming, and infeasible on the scale of modern
clinical datasets, which routinely encompass thou-
sands of patient records (Kang et al., 2025). On the
other hand, unstructured data slows research and clin-
ical decision-making, prevents the identification of
disease patterns, and hinders the consistent and au-
tomatic aggregation of data.

In a genetic laboratory, the extraction of pheno-
types from medical reports is a critical enabler for
efficient and reproducible variant interpretation. Af-
ter DNA sequencing, bioinformatics processing iden-
tifies possible variations that may cause genetic dis-
eases. The geneticists then must determine whether
any of these variants plausibly explain the patient’s
condition, which clinically manifests itself through
the observed phenotypes documented in the clinical
report. Automating the identification and normal-
ization of these phenotypes reduces the reliance on
time-consuming manual curation and ensures con-
sistent use of the phenotype evidence in the down-
stream analyses (Yuan et al., 2022; [Pandey et al.,
2012; |Deisseroth et al., 2019). By structuring phe-
notypic features early in the workflow, laboratories
can improve their outcome and accelerate reporting
timelines while maintaining traceability and interop-
erability with existing genomic pipelines.

Recent advances in Natural Language Process-
ing (NLP) technology have dramatically reshaped
the landscape of biomedical data analysis. Large
Language Models (LLMs), such as ChatGPT and
LLaMa, have shown an exceptional ability to interpret
natural language, opening new possibilities for ex-
tracting complex structured information from textual
data (Saletta et al., 2025). Additionally, a great effort
has been put in by practitioners into designing a set of
ontologies. This is the case of the Human Phenotype
Ontology (HPO) (Kohler et al., 2020), which catalogs
all known phenotypes and their relations. The use
of such an ontology is crucial for mapping extracted
clinical concepts to universally defined terms, facil-
itating interoperability, reliability, and reproducibil-
ity in clinical and genetic research. It also defines
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unique identifiers for each phenotype (including pos-
sible synonyms), which are used in third datasets to
eliminate ambiguities when referring to specific phe-
notypes.

This work presents a comprehensive pipeline de-
signed to address the challenge of automatically ex-
tracting phenotypic information from clinical reports.
This pipeline leverages LLMs and fuzzy matching
techniques to map phenotypes to HPO terms.

The remainder of this paper is structured as fol-
lows. Section [2| provides the necessary background
on the genetics process and on the importance of iden-
tifying phenotypes in clinical texts for genetics re-
search. Section [3] presents our pipeline, while Sec-
tion [ provides a demonstration of its functioning,
reports the results of a preliminary evaluation, and
discusses possible limitations. Finally, Section [5|and
Section [6] discuss related works and conclude the pa-
per, respectively.

2 BACKGROUND

This section presents an in-depth overview of the ge-
netic process, emphasizing the stages in which the
proposed pipeline we introduce in this paper can be
employed to enhance it.

A medical genetics laboratory typically operates
through two tightly connected processes: generating
genomic data by sequencing patient DNA and in-
terpreting identified genetic variants to explain the
patient’s clinical phenotype and potential genetic
pathologies.

Initially, a genetics laboratory receives a clinical
request with detailed phenotype information written
in natural language (and, possibly, in any language)
in the form of a clinical report, collects an appro-
priate specimen (often blood or saliva), and isolates
high-quality genomic DNA under standardized con-
ditions. In the context in which we operate, genetics
laboratories frequently investigate potential patholo-
gies in children. They consider not only the DNA and
clinical information of the index case (i.e., the child)
but also those of parents and relatives.

On one side, the DNA is processed through a se-
quencing workflow designed to detect genomic vari-
ants. On the other side, genetics specialists review
the clinical report to identify the relevant phenotypes
it contains. We define relevant phenotypes as those
pertaining to the index case and potentially informa-
tive for explaining the observed clinical condition.

Then, scientists and medical geneticists evaluate
each variant in the context of the patient’s phenotype
and family history. Variants are annotated (Bombarda
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et al., 2025) with information from public and curated
databases (such as population frequencies, disease as-
sociations, and functional annotations) and relevant
literature, and are then classified as pathogenic, likely
pathogenic, likely benign, or benign.

Identifying the relevant phenotypes in a clinical
report is crucial for the work of a genetics laboratory
because phenotypic information provides the clini-
cal context needed to guide and prioritize genetic
analyses. Accurate phenotypes help laboratory pro-
fessionals select the most appropriate testing strate-
gies, interpret variants in light of the patient’s ob-
servable traits, and distinguish potential pathogenic
findings from benign ones. They also support effec-
tive genotype—phenotype correlation, enabling more
precise diagnostic conclusions and improving com-
munication with clinicians. Phenotype identification,
despite its significance, is inherently subjective and
prone to errors. Different geneticists may have vary-
ing opinions on what constitutes a relevant phenotype,
and some phenotypes may be overlooked altogether.

To address this problem, in this paper, we propose
a robust, open-source, and locally hosted pipeline to
extract and standardize phenotypes from medical re-
ports w.r.t. the HPO ontology.

2.1 HUMAN PHENOTYPE
ONTOLOGY

The Human Phenotype Ontology (HPO) (Kohler
et al., 2020) is a structured, machine-readable vo-
cabulary designed to represent human phenotypic ab-
normalities in a standardized and hierarchically orga-
nized manner. Each HPO term describes a specific
clinical feature and is associated with a unique and
stable identifier. Examples of terms, with their own
identifier, are microcephaly (HP:00002527), ataxia
(HP:0001251EI), or epilepsy (HP:000125(7). Terms
are linked through well-defined relationships (e.g., is-
a or part-of), which enable the representation of phe-
notypic knowledge at varying levels of granularity.
In addition to the ontology structure itself, HPO pro-
vides curated annotations linking phenotypic terms to
genetic disorders, genes, and disease models, forming
one of the most widely used resources for computa-
tional phenotype analysis in rare disease diagnostics
and research.

Adopting such an ontology is essential in clin-
ical genomics for several reasons. First, it en-
ables consistent and unambiguous communication of
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phenotypic information across clinicians, laborato-
ries, and bioinformatics tools, reducing the variabil-
ity inherent in free-text clinical descriptions. Sec-
ond, its interoperability with other biomedical ontolo-
gies and databases enhances integration within clini-
cal pipelines, supporting reproducible workflows and
enabling large-scale analyses of phenotypic and ge-
nomic data.

3 OUR PIPELINE

In this section, we present our pipeline for extracting
HPO-standardized phenotypes from clinical reports.
Figure[I]depicts such a pipeline. We designed our so-
lution to comply with all GDPR requirements (Feret-
zakis et al., 2025)): All data is processed locally, with-
out using any cloud or remote service.

Designing a local LLM-based pipeline for pheno-
type extraction from medical reports is essential be-
cause it ensures that sensitive patient data remains se-
curely within the institution’s infrastructure. Unlike
cloud-based solutions, a local pipeline avoids data-
sharing risks and complies more easily with strict pri-
vacy regulations governing clinical records. More-
over, running the entire workflow on-premise allows
the genetics laboratory to tailor prompts, fine-tune
models, and adapt extraction logic to its specific re-
porting style, medical domain, and diagnostic needs.

Our pipeline exploits GPT-oss, with 120B param-
eters (Bi et al., 2025), running over Ollam: We
initially tested other open-source and locally hosted
LLMs, e.g., LLaMa 3.2 (Grattafiori et al., 2024),
LLaMa 3.3, LLaMa 4, Gemma 3 (Team et al., 2025)),
and DeepSeek v3 (DeepSeek-Al et al., 2025). How-
ever, during an exploratory and preliminary study, we
found that GPT-oss was the LLM leading to the best
precision and recall. All interactions with our LLM
are made using a null temperature to ensure that only
original information is used, and no additional pheno-
types are added by the model. We tested our pipeline
on a PC running Ubuntu Server 24.04.2, with 256GB
RAM, AMD Ryzen Threadripper PRO 7985WX 64-
Cores CPU, and a GeForce RTX 4090 GPU.

In the following, we describe in detail each step
of the pipeline reported in Figure [I] namely the trans-
lation phase (Section @, the extraction of relevant
phenotypes (Section [3.2), and their standardization
(Section|[3.3).

Replication material and source code are
available at https://github.com/ANTARES-PRJ/
DataExtraction.

Shttps://ollama.com/
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Figure 1: Our phenotype extraction pipeline.

3.1 TRANSLATION

In medical settings, clinical reports are often written
in the language of the country in which the hospitals
operate. For this reason, we introduce the transla-
tion step ( in Figure [1) to translate the content of
the clinical report into English. While this step is
optional, it is recommended due to the significantly
higher performance of LLMs when working with En-
glish text compared to other languages (Qin et al.,
2025 Zhang et al., 2024)).
This phase is composed of two main tasks:

* OCR-based text extraction: The textual content
is extracted from the clinical report, which is typ-
ically provided as a scanned PDF or image. To
accomplish this, we employ the py-tesseract li-
brary.

¢ Text translation: The extracted text is then trans-
lated from its original language into English.

Regarding the translation step, our initial ap-
proach considered the use of standard translation ser-
vices, such as the Google Translate APIs. Neverthe-
less, two potential drawbacks emerged. First, rely-
ing on online services such as the Google APIs would
prevent the pipeline from processing all data locally,
thereby introducing external data handling and poten-
tial privacy concerns. It may also result in service
unavailability when the Internet connection fails, pre-
venting the system from meeting the required service
level. Second, we observed that medical reports may
contain acronyms that differ across languages. For in-
stance, Amyotrophic Lateral Sclerosis is abbreviated
as ALS in English, whereas in French, Italian, and
Spanish it is written as SLA. Using a translator that
understands the context—such as an LLM (Huang
et al., 2023} |Shu et al., 2024)—is, thus, paramountly
important.

To address these issues, we implement in this
phase a GPT-oss-based translator. It receives the dig-
italized content of a clinical report as input and, using
the translation prompt reported in Figure [2} it gener-
ates a translated clinical report. It is worth mention-

Translate the following clinical report into
English.

Do not summarize, interpret, expand, modify,
or infer any information.

Preserve all medical terminology, formatting,
and numerical values exactly as they appear,
translating only the natural-language text.
Respond with the full translation and nothing
else.

Clinical report:
{Text}

Figure 2: The translation prompt.

ing that the pipeline was tested considering only med-
ical reports written in Italian. It is therefore neces-
sary to assess the quality of the translation in the case
where texts written in other languages are used, espe-
cially less-common or low-resource can be adapted to
adapt to other languages ones. In any case, the trans-
lator integrated into our pipeline can be substituted or
the translation prompt can be adapted to better fit to
other languages, if required.

3.2 PHENOTYPE EXTRACTION

Once the clinical report has been translated into En-
glish, we carry out the phenotype extraction step (
in Figure ). This phase is crucial, as the accuracy of
all subsequent processes depends on the correctness
and completeness of the extracted phenotypes. In par-
ticular, this step must address several challenges:

* Heterogeneous report formats: Clinical reports
do not follow a uniform structure. Different hos-
pitals may include custom headers or footers that
contain references to phenotypes unrelated to the
specific patient under examination.

* Multiple patients described in a single docu-
ment: A clinical report may include phenotype
descriptions for more than one individual. For in-
stance, it is common to report the phenotypes of
the index case and those of the parents together.



» Terminological variability: The same pheno-
type can be expressed using different terms or
lexical variants (e.g., epileptic seizure, seizures,
and epilepsy may all refer to the same clinical
concept). Additionally, typos may be present in
human-written text.

In theory, phenotypes could be identified through
straightforward substring matching against a dictio-
nary of phenotype names. However, due to the three
challenges outlined above, this approach is insuffi-
cient, and a context-aware extraction method is re-
quired instead. Thus, we here propose to extract phe-
notypes by using an LLM-based approach as we do
with step §4 in our pipeline.

Our phenotype extractor is fed with the trans-
lated clinical report produced by the activity §§ and
with the extraction prompt reported in Figure [3] Our
prompt provides a detailed description of the task, or-
ganizes it into multiple sub-tasks, and provides an ex-
ample of a medical report from which to extract the
desired output. This approach, known as few-shot
prompting (Bahrami et al., 2023)), is commonly em-
ployed to enhance the performance of LLM:s.

As a result, this phase outputs a list of rele-
vant phenotypes in JSON format, where each entry
includes the fields Original_phenotype_name and
HPO_phenotype_name. The former corresponds to the
exact wording used in the clinical report, while the
latter denotes the phenotype name that GPT-oss as-
sociates with an existing term in the HPO ontology.
Note that we include both fields in our pipeline out-
put as our preliminary tests demonstrated that, due
to errors or hallucinations (Das et al., 2025), LLMs
sometimes provide phenotype names that do not exist
in the HPO ontology.

3.3 PHENOTYPE
STANDARDIZATION

After extracting the relevant phenotypes from the
clinical report, we apply a standardization step ( in
Figure[I) to align these phenotypes with the HPO on-
tology and retrieve their corresponding unique iden-
tifiers. Indeed, despite the ability of GPT-oss in
identifying relevant phenotypes, we observed that
the model sometimes returns incorrect or incomplete
HPO phenotype names. To mitigate this issue, our
pipeline includes an additional step, which standard-
izes the extracted phenotypes via fuzzy matching.
This step searches for the closest match, when avail-
able, of each term extracted from the report in HPO,
considering both preferred phenotype names and their
synonyms. This process combines lexical and seman-
tic similarity measures to obtain robust matches even

in the presence of spelling variations, synonyms, or
differing phrase structures.

First, we generate semantic embeddings
for all HPO terms and synonyms using the
all-MiniIM-L6-v2 model. These embeddings
provide a dense vector representation of each
phenotype, enabling similarity-based retrieval in a
continuous vector space. We emphasize that the
semantic embeddings are stored and generated only
when the pipeline is used the first time. All the other
interactions with the pipeline do not require these
embeddings to be generated.

For every phenotype extracted by phase , we
compute two complementary similarity scores:

e Fuzzy string similarity: We apply the
fuzz.token_sort_ratio method from the
fuzzywuzzy library to measure lexical similarity
between the extracted phenotype and each HPO
term. This metric yields an integer value between
0 and 100, where 100 denotes a perfect lexical
match. We call this score s ;7.

¢ Cosine similarity on embeddings: We encode
the extracted phenotype using the same embed-
ding model and compute its cosine similarity with
all HPO embeddings. This captures semantic
proximity even when the phrasing differs signif-
icantly. We call this score Scosine-

The final similarity score, s i, is obtained by com-
bining the two metrics:
S final = 0.5- (S{Mﬁ) +0.5 Scosine

Using the final similarity score, we standardize the
extracted phenotype terms. To accommodate near-
matches while filtering out overly vague ones, we de-
fine two distinct similarity thresholds. First, we intro-
duce a lower bound for similarities, 6;. All matches
below this threshold are automatically discarded, as
they are too different from all HPO entries. Similarly,
we introduce an upper bound 6,. All matches above
this threshold are considered perfect matches. In our
case, we set 8; = 0.8 and 6, = 0.9999. We empiri-
cally defined these two values. First, 6; = 0.8 allows
for providing high confidence in the output provided
by our pipeline. Given that s f;,,; considers both string
similarity and embeddings similarity, setting 6; to a
relatively high value allows for retaining only values
that are strongly similar overall, not just weakly re-
lated. Instead, 6, = 0.9999 considers perfect matches
by avoiding floating-point edge cases while approxi-
mating 1.0 (Goldberg, 1991} Rump et al., 2008).

Given the similarity score and the two bounds,
three outcomes are possible:



Please carefully read the following medical report about a patient. Your task involves multiple
steps to process and extract specific information related to the patient’s phenotypes as detailed
below:

1. Extract Patient Phenotypes: Identify and extract only the phenotypes described for the patient
. Do not include information related to relatives or other individuals. Focus solely on the
patient’s conditions and characteristics as mentioned in the report.

2. Map to HPO Terms: For each identified phenotype, find the corresponding Human Phenotype
Ontology (HPO) term. If a direct match for an HPO term cannot be found, identify the closest
related term.

3. Structured Output: Present your findings in JSON format: for each identified phenotype, you
should provide:
- Original_phenotype_name: The name or description of the phenotype as identified by you in
the patient’s medical report;
- HPO_phenotype_name: The matched or closest HPO term;

Your output must only include the results in JSON format with the fields specified above, without
any additional commentary or information. Hence, for instance, in a medical report such as the
following "The patient shows epileptic behavior during the day, after having lunch. In the past,
she registered a rise in blood pressure at the 37th gestational week. Her mother was reported to
have facial edema" the output must be as follows:

[{
"Original_phenotype_name" "Seizure",
"HPO_phenotype_name": "Seizure"

b o
"Original_phenotype_name"
"HPO_phenotype_name": "Hypertension"

1

"Rise in blood pressure at 37th gestational week",

No comment is allowed after the quotes, neither with parenthesis or double slashes. The text is:

{Text}

Figure 3: The extraction prompt.

* No match: No HPO term has a score s yj,q €x-
ceeding a predefined similarity threshold 6y, lead-
ing to no standardized result provided by our
pipeline.

* Single match: Exactly one HPO term has a score
S final SUrpassing the threshold 0;; this term is se-
lected as the standardized phenotype, and it is re-
ported as an exact match if s 7,0 > 0,,.

* Multiple matches: More than one HPO term
achieves a sufficiently high score s > 0;; in
this case, all candidates are returned and expert
validation is required to determine the most ap-
propriate mapping.

As for phase , the final output of this
phase is a JSON list in which each entry con-
tains not only the fields Original_phenotype_name
and HPO_phenotype_name, but also the associ-
ated similarity score, the matched HPO_term, the
HPO_matched_phenotype (which could be a syn-
onym and not the real phenotype name), and the cor-
responding HPO_URI.

4 EVALUATION

In this section, we provide a demonstration of how our
pipeline works, starting from a clinical report to the
final list of HPO-standardized phenotypes, we report
the results of a preliminary evaluation, and discuss
possible limitations. To avoid including non-English
text, we omit the translation phase () in this demon-
stration and, instead, rely on the already translated
clinical report shown in Figure ] This clinical report
describes three different phenotypes, i.e., Headache
(HP:0002315), nocturia (HP:0000017), and seizure
(HP:0001250). Note that this report contains addi-
tional phenotypes, which are not related to the patient.
The patient’s mother is reported to have ear pain
(HP:0030766), and the report comes from a depart-
ment specialized in sleep disturbances (HP:0002360)
and insomnia (HP:0100785).

Once the translated report is available, the pheno-
type extraction phase () can start. To perform this
phase, the prompt in Figure[3]is completed by append-
ing the translated report in Figure ] We report the re-



St. Aurelia General Hospital — City of Veloria
Date: November 15, 2025
Clinical Report

The patient reports recurrent episodes of intense headache
over the past three months, often accompanied by brief
generalized seizures. Nocturia has also been noted, with
the patient waking multiple times during the night to urinate

His mother reports having frequent ear pain.
Further diagnostic evaluation is recommended.

Dr. Mickey Mouse
Department of Sleep Disorders and Insomnia

Figure 4: The translated clinical report.

(

"Original_phenotype_name": "Intense
< headache",
"HPO_phenotype_name": "Headache"

b
"Original_phenotype_name": "Brief
< generalized seizures",
"HPO_phenotype_name": "Seizure"

Iy
"Original_phenotype_name": "Nocturia",
"HPO_phenotype_name": "Nocturia"

]

Figure 5: The list of phenotypes extracted from the clinical
report.

sults of this phase in Figure[5] It can be observed that
only the phenotypes pertaining to the specific patient
are extracted. This shows that our pipeline is effec-
tive in filtering non-relevant phenotypes. For each of
them, the Original_phenotype_name field reflects
the wording used in the clinical report, while the
HPO_phenotype_name field corresponds to the term
that the LLM identifies as the appropriate HPO entry.

The list of phenotypes is then passed to the stan-
dardization phase (§&)), which considers HPO and
maps each term in Figure [5] to HPO concepts. The
result of this phase is reported in Figure [§] For each
phenotype identified in the previous phase, this step
enriches the output with additional information, in-
cluding the details of the corresponding HPO entry,
the URI that links to further phenotype-specific doc-
umentation (e.g., associated diseases), and the com-
puted similarity score s fina.

Although simple, this example illustrates the over-
all functioning of the pipeline and shows its effective-
ness in the extraction of structured information from

[
{

"Original_phenotype_name": "Intense
< headache",

"HPO_phenotype_name": "Headache",
"score": 1.0,

"HPO_matched_term": "Headache",
"HPO_matched_phenotype": "Headache",
"HPO_matched_URI":

< "http://purl.obolibrary.org/obo

/HP_0002315"

}

{

"Original_phenotype_name": "Brief

— generalized seizures",

"HPO_phenotype_name": "Seizure",

"score": 1.0,

"HPO_matched_term": "Seizure",

"HPO_matched_phenotype": "Seizure",

"HPO_matched_URI":

< "http://purl.obolibrary.org/obo
/HP_0001250"

I

{

"Original_phenotype_name": "Nocturia",
"HPO_phenotype_name": "Nocturia",
"score": 1.0,

"HPO_matched_term": "Nocturia",

"HPO_matched_phenotype": "Nocturia",
"HPO_matched_URI":
< "http://purl.obolibrary.org/obo
/HP_0000017"
}

]

Figure 6: The list of standardized phenotypes.

unstructured medical reports. In the following, we re-
port the results of a preliminary evaluation on a more
extensive dataset.

Preliminary evaluation To provide a preliminary
assessment of our pipeline’s effectiveness, we com-
pared it with PhenoGPT (Yang et al., 2024)), an ad-
vanced phenotype recognition approach based on the
LLaMa 2 model, with 7B parameters. We conducted
this evaluation using the BioLarkGSC+ dataset (Lobo
et al., 2017), which contains 228 clinical reports
along with their corresponding phenotype annota-
tions. Our preliminary results show that, compared
with PhenoGPT, our pipeline achieves a 6% improve-
ment in precision, a 24% improvement in recall, and
a 12% increase in F1-score.

Limitations Despite the promising results, the pro-
posed pipeline has several limitations that should be
considered when interpreting its outputs and when
deploying it in operational genetics workflows. Our



pipeline assumes that the clinical report text can be
reliably extracted via OCR from scanned PDFs or
images. OCR errors (e.g., due to poor scan quality,
complex layouts, or unusual fonts) may propagate to
downstream steps, ultimately affecting phenotype ex-
traction and normalization. In addition, the pipeline
relies on a translation-to-English stage (recommended
because LLMs perform better on English text) which,
as discussed, may introduce mistranslations that can
impact phenotype recognition. While we tested our
system in Italian, and it turned out to work properly,
we cannot exclude these issues during in real-world
use.

While our pipeline uses a null temperature to re-
duce the risk of “invented” content, the possibility of
extraction mistakes cannot be fully eliminated in a
fully automated setting. Similarly, we cannot rule out
the possibility of extracting non-patient-related phe-
notypes: disentangling which phenotypes belong to
which individual may fail when narrative structure is
ambiguous or when multiple individuals are discussed
extensively. We envision our system as a support for
genetics researchers and not to fully replace them, at
least in the preliminary steps, where further evalua-
tion may be needed. Also, to enable fully autonomous
use of the proposed pipeline in real-world clinical set-
tings, the software would need to undergo certifica-
tion. (Bombarda et al., 2022; |Bombarda et al., 2021;
‘Waldock et al., 2024; |De Vito, 2024)

The standardization step (Section[3.3]) allows mul-
tiple matches, in which more than one HPO term
exceeds the similarity threshold. In such cases, the
pipeline returns all candidates and requires expert val-
idation to select the correct mapping. Therefore, the
pipeline is not fully autonomous in difficult cases and
still depends on domain expertise for disambiguation.

Finally, while our experience demonstrates that
the pipeline can be hosted locally, it still requires sub-
stantial RAM and a high-end GPU. This may limit
adoption in settings without comparable hardware re-
sources or require lighter model variants that could
reduce extraction quality.

S RELATED WORK

The automatic extraction of phenotypic information
from clinical narratives has been extensively stud-
ied within biomedical informatics, particularly with
the rise of electronic health records and the need for
large-scale computational analyses.

Early approaches relied on rule-based systems and
dictionary matching, which provided limited flexi-
bility in handling linguistic variability and context,

such as MetaMap (Aronson and Lang, 2010) and
cTAKES (Savova et al., 2010). The former maps
free text to UMLS Metathesaurus concepts and has
been widely used for extracting clinical phenotypes.
The latter is an open-source pipeline that uses dictio-
nary lookup and context-dependent rules to recognize
clinical entities and normalize them to UMLS codes.
However, these tools were not specifically targeting
phenotypes and struggled with ambiguous phrasing,
multilingual data, and heterogeneous document struc-
ture—limitations that directly impact information ex-
traction. MedCAT (Kraljevic et al., 2019) adopted
a similar approach by providing flexible dictionary-
based extraction for any ontology and supports user
feedback to improve accuracy. Nevertheless, while
achieving high precision, MedCAT may miss context
nuances.

In the domain of phenotype-specific extraction,
several methods have focused on structured ontolo-
gies, such as the HPO, the same ontology that we use
in our pipeline. ClinPhen (Deisseroth et al., 2019)
leverages HPO to map symptoms from clinical notes
to standardized terms. However, this tool relies on de-
terministic matching and classifier-based techniques,
which makes it sensitive to phrasing, synonyms, ty-
pographical errors, and language variations. Simi-
larly, HPO is used by SapBERT (Abdulnazar et al.,
2023)), where a pretrained BERT is further trained by
pulling synonyms (e.g., from HPO) closer in embed-
ding space, yielding a model that achieves state-of-
the-art concept normalization accuracy.

Recent advances in Natural Language Process-
ing have introduced transformer-based architectures
and proposed the use of Large Language Models
(LLMs) for clinical information extraction. Clin-
ical adaptations of BERT, such as BioBERT (Lee
et al., 2019), Clinical BERT (Huang et al., 2020)), and
Bio+ClinicalBERT (Ling, 2023), substantially im-
proved performance in named entity recognition, rela-
tion extraction, and phenotype extraction tasks. These
LLMs are used in many tools, such as Phenotag-
ger (Luo et al., 2021) or PhenoBCBERT (Yang et al.,
2024). Similarly, GPT-like structures have been used
in PhenoGPT (Yang et al., 2024) and BioGPT (Al-
Kateb et al., 2025). However, while these tools
demonstrated good performance in information ex-
traction, to the best of our knowledge, they have been
tested only on English inputs, and they do not provide
any standardized output, as we do with our approach.

More recently, general-purpose LLMs, such as
GPT-3.5, GPT-4, and Mistral have shown strong capa-
bilities in interpreting long and complex clinical nar-
ratives (Singhal et al., 2023} Bhattarai et al., 2024).
However, despite their high accuracy, many LLM-



based approaches rely on cloud-based APIs, raising
data privacy concerns that limit applicability in ge-
netics laboratories and other clinical workflows (Chen
et al., 2025). Unlike these approaches, we use a
locally-hosted and open-source LLM to avoid any
privacy-related issue.

Our effort aims at extracting and standardizing
phenotypes from unstructured clinical text. This ac-
tivity can be leveraged by new diagnostic Al models
for differential diagnoses of rare diseases, as proposed
by PhenoBrain (Mao et al., 2025).

6 CONCLUSION

This work presents a fully local, reproducible,
and privacy-preserving pipeline for automated phe-
notype extraction from unstructured clinical re-
ports. By combining OCR-based preprocessing,
Large Language Model-driven information extrac-
tion, and a robust fuzzy-based standardization mech-
anism grounded in the Human Phenotype Ontol-
ogy (HPO), the proposed approach addresses sev-
eral long-standing challenges in clinical text process-
ing, including heterogeneous document structures,
multilingual content, terminological variability, and
inconsistent phenotype naming. Unlike traditional
rule-based or dictionary-driven systems, our pipeline
leverages the contextual reasoning capabilities of a
large language model to accurately identify pheno-
types relevant to the index patient, even in the pres-
ence of complex narrative structures or references
to multiple individuals. At the same time, the use
of a locally hosted and open-source LLM ensures
full compliance with privacy and data protection re-
quirements, a critical constraint in real-world medi-
cal genetics laboratories that limits the applicability of
many existing cloud-based solutions. The subsequent
standardization phase further enhances the reliability
and usability of the extracted information by aligning
free-text phenotype descriptions with HPO concepts
through a combination of lexical and semantic sim-
ilarity measures. This design choice mitigates com-
mon sources of error such as spelling variations, syn-
onym usage, and partial matches, and produces struc-
tured and interoperable outputs suitable for down-
stream genomic analysis and phenotype-driven vari-
ant interpretation.

Through a concrete demonstration, we showed
how the pipeline successfully extracts and standard-
izes clinically relevant phenotypes while filtering out
non-patient-related information, highlighting its prac-
tical applicability in realistic clinical scenarios. Over-
all, this work contributes a modular and extensible so-

lution that bridges the gap between unstructured clin-
ical narratives and structured phenotype representa-
tions, supporting more efficient, consistent, and scal-
able phenotype curation in medical genetics work-
flows.

Future work will focus on conducting an extensive
quantitative evaluation against manually annotated
clinical datasets, the integration of domain-specific
fine-tuning or RAG (Celsa et al., 2025) strategies to
further improve extraction accuracy, and the exten-
sion of the pipeline to support larger corpora and addi-
tional clinical ontologies, such as Mondo (Vasilevsky
et al., 2022). We will also evaluate the performance
of the pipeline on medical reports written in differ-
ent languages, in order to assess the effectiveness of
the translation component and to potentially provide
users with the option to select the translator that best
suits their specific needs. Finally, we plan to investi-
gate human-in-the-loop validation strategies to assist
clinicians in resolving ambiguous phenotype map-
pings and to further increase trust and adoption in
clinical practice.
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