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Abstract

Identifying sentences in COVID-19 literature
that report patient metadata is an important step
in genomic epidemiology, currently requiring
costly manual curation. We compare fine-tuned
encoder-only models (BERT, BioLinkBERT,
BioBERT) and autoregressive LLMs (LLaMA,
Gemma, GPT-OSS) under prompting and fine-
tuning regimes, using Focal Loss and under-
sampling to address severe class imbalance.
Encoder-only models substantially outperform
autoregressive models: BioLinkBERT-base
with Focal Loss achieves macro F1 of 0.76, ver-
sus 0.54 for the best fine-tuned autoregressive
model.

1 Introduction

Linking SARS-CoV-2 genome sequences to patient
metadata (age, sex, comorbidities, symptoms, out-
comes) is critical for genomic epidemiology, yet
the relevant information is scattered across free-
text sentences, tables, and supplementary materials
in scientific literature (Chen et al., 2021), requiring
costly manual curation.

The task is difficult for three reasons: (i) severe
class imbalance—the vast majority of sentences
are negative; (ii) linguistic diversity of positive
examples, which may describe aggregate statistics,
reference external tables, or use ambiguous clinical
terminology; and (iii) possible reliance on cross-
sentence context that is hard to detect.

This paper describes our system submission to
Task 5 of the 11th SMM4H and HeaRD Shared
Tasks at ACL 2026 (Lopez-Garcia et al., 2026),
which asks participants to classify sentences from
COVID-19 literature as reporting patient metadata
or not. Klein et al. (2025) introduced the task and
showed that fine-tuned BERT variants (medical
and general-purpose) outperform prompted Llama-
3 (8B and 70B) models, but there are still various
models left to experiment with, and the question
whether biomedical pre-training helps and which

prompting and fine-tuning strategies work best re-
mains open. We address these questions with the
following contributions:

• Fine-tuned encoder-only models (BERT, Bi-
oLinkBERT, BioBERT) with Focal Loss to
handle class imbalance.

• Fine-tuned autoregressive models (Llama-3-
8B, Gemma-4-31B-IT, MedGemma-1.5-4B-
IT) and compared prompting approaches.

Our code is available at https://
github.com/anastasia-stefanescu/
Patient-Metadata-Detection-SMM4H.

2 Related Work

Previous work with biomedically pre-trained en-
coders: BioBERT (Lee et al., 2020), BiomedBERT
(Gu et al., 2021), and BioLinkBERT (Yasunaga
et al., 2022) has shown that these consistently out-
perform general-domain BERT on tasks such as
biomedical NER and relation extraction, motivat-
ing their use here.

GPT-4 (OpenAI, 2023) shows strong zero-shot
performance on biomedical benchmarks, with fur-
ther gains from few-shot prompting (Brown et al.,
2020) and chain-of-thought reasoning (Wei et al.,
2022).

However, on binary classification under severe
class imbalance, fine-tuned encoder-only models
have been found to outperform prompted LLMs
(Klein et al., 2025). This same article introduced
the patient metadata detection task and reiter-
ated the fact that fine-tuned BERT outperforms
prompted Llama-3 (8B and 70B) in zero- and
few-shot settings; we extend their framework with
more biomedical encoders, fine-tuned autoregres-
sive models, and a broader prompt ablation.
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3 Dataset

We use the dataset introduced in Klein et al. (2025)
for the patient metadata detection task. Each
instance is a sentence extracted from a full-text
COVID-19 article. A sentence is labeled positive if
it reports, or refers (e.g., in a table) to patient meta-
data for COVID-19 cases; otherwise it is labeled
negative.

Split Total Positive Negative

Train 15,504 2,061 (13.3%) 13,443 (86.7%)
Validation 2,214 294 (13.3%) 1,920 (86.7%)
Test 4,429

Table 1: Dataset statistics; both splits have the same
class ratio.

The dataset exhibits severe class imbalance,
which reflects the natural distribution of relevant
sentences in scientific articles. We use macro-
averaged F1 score as our primary metric, as it
equally weights performance on both the positive
and negative classes regardless of their frequency.

4 Methods

4.1 Fine-tuning Encoder-Only Models

We fine-tune encoder-only transformers for
binary sentence classification using the Hugging
Face transformers library (Wolf et al., 2020),
with a linear classification head on top of the
[CLS] token representation. We evaluate
BERT-base-uncased (Devlin et al., 2019) as a
general-domain baseline, BioBERT-base-cased
(Lee et al., 2020) as a biomedical BERT variant
pre-trained on PubMed abstracts and PubMed
Central full-text articles, and BioLinkBERT-base
and BioLinkBERT-large (Yasunaga et al., 2022) as
stronger biomedical alternatives that additionally
incorporate a document-link prediction objective,
making them well-suited to biomedical literature.
All models are trained with AdamW, a batch
size of 16, a learning rate of 2e-5, a maximum
sequence length of 256 tokens, and no learning
rate schedule. Focal-loss models additionally
use bf16 mixed precision. All experiments are
run on an NVIDIA L4 GPU (Google Colab).
The models are loaded from the following Hug-
gingFace checkpoints: bert-base-uncased,
dmis-lab/biobert-base-cased-v1.2,
michiyasunaga/BioLinkBERT-base, and
michiyasunaga/BioLinkBERT-large.

Addressing class imbalance with Focal Loss.
Instead of using cross-entropy which is problem-
atic as the model can minimize loss by predicting
the majority class, we used Focal Loss (Lin et al.,
2017) which improved F1:

LFL(pt) = −αt(1− pt)
γ log(pt) (1)

where pt is the predicted probability for the true
class, αt is a per-class weight derived from inverse
class frequency, and γ down-weights easy exam-
ples. We set γ = 2. Per-class weights αt are com-
puted via scikit-learn’s balanced class weighting,
yielding αneg ≈ 0.58 and αpos ≈ 3.76.

4.2 Autoregressive Language Models

We experiment with autoregressive LLMs under
two paradigms: (i) fine-tuning on the training set
and (ii) prompting approaches.

4.2.1 Fine-tuning
We fine-tuned Llama-3-8B
(unsloth/llama-3-8b-bnb-4bit)
(Grattafiori et al., 2024) and Gemma-4-31B-
IT (unsloth/gemma-4-31B-it-un-
sloth-bnb-4bit) (Google DeepMind,
2026) using QLoRA (Dettmers et al., 2023) (4-bit
quantization) via the Unsloth platform (Han and
Han, 2023). Both models use rank-stabilized
LoRA (RSLoRA) (Hu et al., 2022; Kalajdzievski,
2023) with rank r = 8, αLoRA = 16, dropout
= 0, and all attention and feed-forward projection
layers as target modules (q_proj, k_proj,
v_proj, o_proj, gate_proj, up_proj,
down_proj). To handle class imbalance, the
training set was undersampled to a 1:1 posi-
tive/negative ratio, resulting in 4,122 training
samples. The models were trained with an effective
batch size of 16 (per-device batch 1, gradient accu-
mulation 16), using the AdamW 8-bit optimizer
with weight decay 0.01, a linear decay schedule
with 50 warmup steps, and a fixed random seed
of 3407. Llama-3-8B uses a learning rate of 2e-4
with a maximum sequence length of 650 tokens;
Gemma-4-31B-IT uses a learning rate of 2e-5
with a maximum sequence length of 256 tokens.
Each model was fine-tuned until the loss plateaued,
which meant for Llama-3-8B a number of 200
gradient update steps and for Gemma-4-31B-IT, 70
steps. Models were instructed to produce a binary
yes/no response, with optional reasoning where we
used few-shot prompting.
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4.2.2 Prompting
We evaluated Llama-3-8B (Grattafiori et al.,
2024), Gemma-4-31B-IT (Google DeepMind,
2026), and GPT-OSS-120B (OpenAI, 2025)
via local Ollama, and MedGemma-1.5-4B-IT
(google/medgemma-1.5-4b-it) (Seller-
gren et al., 2025) via the HuggingFace pipeline.
We used for all models a system role of “You
are a clinical data auditor” with task-specific
classification criteria.

The following prompting strategies were applied
selectively across models:

1. Zero-shot. The system prompt defines the
task and output format with no labeled exam-
ples.

2. Few-shot. Six labeled examples (three posi-
tive, three negative) covering diverse linguis-
tic patterns are appended to the prompt. Ap-
plied to Llama-3-8B and GPT-OSS-120B.

3. Few-shot + chain-of-thought (CoT). The
few-shot examples are augmented with ex-
plicit reasoning traces, and the model is in-
structed to reason before producing its an-
swer. Applied to Gemma-4-31B-IT and
MedGemma-1.5-4B-IT, as it fits the default
way of reasoning of the model. The full
pool of MedGemma CoT examples explored
during prompt development is listed in Ap-
pendix A.3.

Prompt design challenges. Defining the task
precisely while keeping the system prompt con-
cise proved to be a significant practical difficulty.
Prompts that were too short failed to capture the
nuanced requirements of the task (e.g., that refer-
ences to tables containing metadata count as posi-
tive), while overly long prompts caused models to
lose track of the core instruction, thus producing
contradicting outputs. Iterative prompt refinement
was necessary for all model families.

5 Results

5.1 Encoder-Only Models

Table 2 reports macro-averaged F1 for all encoder-
only configurations on the validation set, for the
epochs with the best performance.

BioLinkBERT variants consistently outperform
general-domain BERT-base-uncased, confirming
the value of domain-specific pre-training. The best

Model Epochs Focal Loss F1

BERT-base-uncased 3 No 0.69
BERT-base-uncased 10 No 0.76
BioBERT-base-cased 8 Yes 0.78
BioLinkBERT-base 7 Yes 0.80
BioLinkBERT-large 3 Yes 0.76

Table 2: Macro-averaged F1 for encoder-only models
for their best epochs (validation set). Bold = best result.

Model Epochs Val F1 Test F1

BioBERT-base-cased 8 0.78 0.73
BioLinkBERT-large 3 0.76 0.75
BioLinkBERT-base 7 0.80 0.76

Table 3: Official test-set F1 for submitted encoder-only
checkpoints. Val F1 is the macro-averaged F1 on the
validation set; Test F1 is the macro-averaged F1 returned
by the evaluation server. Bold = best result.

result is BioLinkBERT-base with Focal Loss at 7
epochs, achieving a macro F1 of 0.80. This also
proves the effectiveness of fine-tuning with Focal
Loss, and that while fine-tuning helps improve re-
sults, the best models are not necessarily the largest
or most trained.

We selected the three top-performing check-
points from distinct model families for test-set
submission: BioLinkBERT-base, BioBERT-base-
cased, and BioLinkBERT-large. Although BERT-
base-uncased at 10 epochs matched BioLinkBERT-
large on the validation set (both 0.76), it was ex-
cluded in favour of the biomedical model, which
was expected to generalise better to unseen scien-
tific text and offered no informational redundancy
with the other submitted checkpoints.

BioLinkBERT-base (7 epochs, Focal Loss)
maintains the best F1 score of 0.76. Notably,
BioLinkBERT-large outperforms BioBERT-base-
cased on the test set (0.75 vs. 0.73), consistent with
its stronger validation performance. The small gap
between validation and test scores suggests that the
models generalise well without significant overfit-
ting to the validation distribution.

5.2 Autoregressive Models

Table 4 reports macro-averaged F1 for autoregres-
sive models under prompting and fine-tuning.

All autoregressive models fall well short of the
best encoder-only result (0.80 vs. 0.55 best on the
validation set), a gap of over 25 F1 points. Fine-
tuning spectacularly improves Llama-3-8B in a
zero-shot setting, from 0.25 to 0.55 at 100 steps,
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Model Steps Prompt F1

Llama-3-8B 0 Few-shot 0.37
Llama-3-8B 100 Few-shot 0.44
Llama-3-8B 200 Few-shot 0.47
Llama-3-8B 0 Zero-shot 0.25
Llama-3-8B 100 Zero-shot 0.55
Llama-3-8B 200 Zero-shot 0.54
Gemma-4-31B-IT 0 Few-shot + CoT 0.50
Gemma-4-31B-IT 70 Few-shot + CoT 0.49
MedGemma-1.5-4B-IT 0 Few-shot + CoT 0.40
GPT-OSS-120B 0 Few-shot 0.42

Table 4: Macro-averaged F1 for autoregressive models
(validation set). Steps = QLoRA fine-tuning gradient
steps; 0 = prompting only. Bold = best result.

Model Steps Val F1 Test F1

Gemma-4-31B-IT 70 0.49 0.49
Llama3-8B-zero shot 200 0.54 0.54
Llama3-8B-few shot 200 0.47 0.47

Table 5: Official test and validation set F1 for submitted
autoregressive model checkpoints.

however it quickly reaches a plateau, as after that,
the performance remains the same. It also comes
with improvements for the same model with few-
shot prompting, although it does not reach the same
level as zero-shot fine-tuning, which is interest-
ing and suggests that a longer context rather inter-
feres with the model’s ability to learn and reason.
Gemma-4-31B-IT with its greater complexity han-
dles the longer context better, however, fine-tuning
it does not bring any improvements. MedGemma-
1.5-4B-IT performs unexpectedly poorly with few-
shot + CoT, given its medical pre-training, as it
reaches only 0.40, showing that biomedical do-
main adaptation with robust reasoning does not
compensate for smaller model capacity.

We made submission for the best-performing
models to the shared-task evaluation server in the
post-evaluation phase to see results on the test set
(Lopez-Garcia et al., 2026); Table 5 shows their
official test-set scores. It is visible that test and
validation results remain very close.

6 Conclusion

We presented a comparative study of encoder-only
and autoregressive language models for the task
of detecting patient metadata in COVID-19 sci-
entific literature. Our experiments demonstrate
that fine-tuned encoder-only models, especially
BioLinkBERT-base trained with Focal Loss (macro
F1 = 0.76), substantially outperform autoregressive

models in all evaluated settings. We can make sev-
eral conclusions from our results: (i) Fine-tuning
smaller models (such as Llama-3-8B) dramatically
improves performance, both in zero-shot and few-
shot settings, but quickly plateaus, narrowing but
not closing the gap with encoder-only classifiers.
(ii) The undersampling strategy for autoregressive
models is a key method, and the use of Focal Loss
provides the largest single improvement among
encoder-only models, yielding a 3-point F1 gain
over the same model trained without it. (iii) In the
case of prompting, longer, more specific prompts
hinder smaller models from reasoning. A con-
cise context is the best way to get the best per-
formance from the model, and it is not necessarily
the case that more examples will lead to better
performance. (iv) Model size alone does not re-
liably predict performance: BioLinkBERT-base
outperforms BioLinkBERT-large, and Gemma-4-
31B-IT surpasses GPT-OSS-120B, suggesting that
domain-specific pre-training and architectural fit
matter more than raw parameter count, and there
is a fine line between training too much and just
enough.

Future work should investigate (i) cross-sentence
context modeling to capture indirect references to
metadata, (ii) retrieval-augmented prompting strate-
gies that dynamically select in-context examples,
and (iii) larger-scale fine-tuning of autoregressive
models to more directly close the performance gap
with encoder-only classifiers.

Limitations

The main limitations of this study are the compu-
tational cost and time required for fine-tuning and
running inference on very large autoregressive mod-
els, which restricted the number of configurations
we could explore.
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A Prompt Templates

A.1 Llama and Gemma: System Prompt
You are a clinical data auditor. Your task is to
identify if the text includes COVID-19 patient
metadata or specific SARS-CoV-2 viral sequence
data linked to individuals or specific cases.

Criteria — YES: Personal attributes (age,
sex, location), clinical status, or specific treat-
ments/outcomes tied to individual patients; spe-
cific viral genome sequences directly linked to
individual patients, specific case investigations,
or precise local outbreak clusters.

Criteria — NO: General study methods or labo-
ratory protocols; group-level statistics that can-
not be traced to an individual case; theoretical
discussions of viral dynamics.

Output format: Result: [YES/NO]. Reasoning:
[Brief explanation].

Few-shot examples (Llama / Gemma).
User: “Patient 04-A, a 45-year-old female, pro-
vided a nasal swab which yielded a SARS-CoV-2
sequence showing the D614G mutation.” Assis-
tant: Result: YES. Explicitly links a specific pa-
tient, demographic data, and a viral sequence.

User: “The study analyzed 5,000 sequences col-
lected across the European Union to calculate the
overall prevalence of the Alpha variant.” Assis-
tant: Result: NO. Large-scale aggregate statis-
tics, not linked to specific individual patients.
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Zero-shot system prompt (Llama). Used for the
zero-shot fine-tuning experiments on Llama-3-8B,
which achieved the best Llama result (0.54 macro
F1 on the test set at 200 steps).

You are a clinical data auditor. Your task is to
identify if the text includes patient metadata (de-
mographics, symptoms, history, treatments, or
outcomes) linked to individuals.

Criteria — YES: Personal attributes (age,
sex, location), clinical status, or specific treat-
ments/outcomes tied to individuals or cases. NO:
General study methods, group statistics (percent-
ages), or descriptions of data collection without
individual details.

A.2 MedGemma: Prompt Template
You are a clinical data auditor. Does this text
report specific patient metadata linked to specific
individuals or sequences from Covid-19 cases?

Metadata types: Personal attributes (age, sex,
race, location), clinical status (symptoms, sever-
ity, viral load, labs, vitals), history (comorbidities,
travel), and medical approaches (treatment, out-
come).

Criteria — YES: Reports specific values or sta-
tuses for identifiable or implied individuals, cases,
or sequences from Covid-19 cases. NO: Meta-
data only mentioned as “collected” (no values),
data from prior studies, related to other diseases,
general lab methods, or aggregate group data
without patient/sequence links.

Provide your reasoning, then conclude with “Re-
sult: [YES/NO]”.

Text: {text}

Few-shot examples (MedGemma).
User: “This study aimed to evaluate SARS-
CoV-2 genome sequences from COVID-19 cases
and characterize their genealogical networks to
demonstrate possible routes of spread in Japan.”
Assistant: Traces genealogical networks back to
specific COVID-19 cases. Result: YES.

User: “A Ct value for RNAse P was used as an
endogenous internal amplification control.” As-
sistant: Laboratory validation criteria with no
patient data. Result: NO.

User: “Due to the above-mentioned findings in
favor of progression, favipiravir treatment was
started.” Assistant: Medical treatment tied to an
implied patient’s clinical status. Result: YES.

User: “Devi.” Assistant: A name with no associ-
ation to a specific medical case. Result: NO.

A.3 Chain-of-thought Example Pool
(MedGemma)

The following six examples were explored during
iterative prompt development for MedGemma; the
four used in the final configuration are marked with
(*).

(*) User: “This study aimed to evaluate the SARS-
CoV-2 genome sequences from COVID-19 cases
and to characterize their genealogical networks
to demonstrate possible routes of spread in Japan.”
Assistant: The text refers to tracing genealogical
networks back to specific COVID-19 cases and
spread routes. Result: YES.

User: “Other variants, such as B.1.621, B1.1.318,
B.1.1.519 were also found circulating in central
Texas at <5% of the total sequenced specimens.”
Assistant: While percentage-based, it identifies
specific viral variants linked to a precise geo-
graphic location (Central Texas). Result: YES.

User: “We thought that we would have a greater
opportunity of obtaining high-quality PCR prod-
ucts and get better NGS results when high viral
load containing samples are used.” Assistant:
The text refers to the selection of specific clinical
samples directly tied to individual patient cases.
Result: YES.

(*) User: “To accept the results, a Ct value for
RNAse P was used as an endogenous internal
amplification control in each reaction.” Assistant:
Laboratory quality control criteria with no patient
data. Result: NO.

(*) User: “Due to the above-mentioned findings
in favor of progression, favipiravir treatment was
started.” Assistant: Medical treatment tied to an
implied patient’s clinical status. Result: YES.

(*) User: “Devi.” Assistant: A name with no
association to a specific medical case. Result:
NO.
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