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Abstract

Systematic reviews are fundamental to
evidence-based medicine, but the clinical
evidence they contain is primarily expressed in
unstructured text, making large-scale extraction
and reuse difficult. Existing biomedical NLP
methods have achieved strong performance
on span-level extraction from clinical trials
and abstracts; however, these approaches are
insufficient for systematic reviews, where
evidence is often distributed across multiple
studies, sentences, and sections and must be
aggregated into normalized document-level at-
tributes. We introduce VaxScope, a benchmark
dataset for document-level structured evidence
extraction from immunization-related system-
atic reviews. VaxScope is constructed through
an expert-guided semi-automatic annotation
pipeline that combines automatic candidate
generation with domain expert validation to
ensure consistency and annotation quality. We
formalize the task as document-level structured
extraction, where target labels are defined
at the review level and require aggregating
evidence beyond isolated textual spans. We
further establish baselines for document-level
structured extraction using abstract-level input
representations and evaluate how access to
evidence-grounded contextual input improves
performance over abstract-only settings.
Baseline experiments show that PubMedBERT
achieves the best overall performance (Avg
F1: 0.850), with evidence-grounded input
improving performance particularly for fields
requiring distributed contextual reasoning.

1 Introduction

Systematic reviews are central to evidence-based
medicine, but the evidence they contain is primarily
expressed in unstructured natural language, mak-
ing large-scale extraction, comparison, and reuse
difficult for downstream applications such as clini-
cal decision support and evidence synthesis (Pilic
et al., 2023). Existing biomedical NLP methods

have achieved strong performance on patient-level
clinical text, such as electronic health records and
clinical notes (Lee et al., 2019; Alsentzer et al.,
2019). They have also shown strong results in
span-level extraction from biomedical abstracts and
trial reports (Fraile Navarro et al., 2023). However,
these approaches are often insufficient for system-
atic reviews, where evidence is synthesized across
multiple studies and relevant information is dis-
tributed across sentences and document sections
rather than localized in isolated spans.

This limitation is particularly important in the
immunization domain, where vaccine recommen-
dations and public health policies depend heavily
on systematic reviews that summarize evidence
across populations, pathogens, interventions, and
clinical outcomes (Pilic et al., 2023; İlgen et al.,
2024). Supporting decisions in this setting requires
structured access not only to explicit entities such
as diseases and populations, but also to higher-level
attributes such as outcomes, study characteristics,
evidence summaries, and review design.

A central challenge is that many of these at-
tributes cannot be reliably extracted from individ-
ual text spans alone (Zhang et al., 2024; Schmidt
et al., 2025). Instead, they require aggregating
evidence across multiple mentions and resolving
information at the document level (Zhang et al.,
2020; Zheng et al., 2024). For example, the study
design or the number of included studies may be
mentioned in different sections, while clinically
relevant outcomes are often described implicitly
across multiple paragraphs. As a result, standard
span-based extraction approaches alone are insuffi-
cient to capture the full structure of evidence repre-
sented in systematic reviews.

To address this limitation, we introduce VaxS-
cope, a benchmark dataset for document-level
structured evidence extraction from immunization-
related systematic reviews. Each review is an-
notated with a set of normalized attributes, in-
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cluding population, disease, outcome, study de-
sign, number of included studies, and review
type. In addition, each structured annotation is
linked to a small set of supporting evidence snip-
pets, enabling traceability, human verification, and
evidence-grounded extraction and validation. This
evidence-grounded design supports interpretable
downstream applications and human-in-the-loop
decision support (Riskin et al., 2025; DeYoung
et al., 2020).

VaxScope is constructed using an expert-guided
semi-automatic annotation pipeline that combines
automatic candidate generation with domain ex-
pert validation to ensure consistency and annota-
tion quality. We establish benchmark baselines for
document-level structured extraction using abstract-
level input, and demonstrate that multi-task trans-
former classifiers effectively capture heterogeneous
document-level attributes across categorical, multi-
label, and numeric fields. These structured at-
tributes can additionally support interactive and
visualization-based systems for exploring immu-
nization evidence (İlgen and Hattab, 2025). Taken
together, these design choices position VaxScope
as both a benchmark dataset and a practical re-
source for downstream evidence exploration. Our
contributions are threefold:

• We introduce VaxScope, a new benchmark
dataset for document-level structured evi-
dence extraction from immunization-related
systematic reviews.

• We design an evidence-grounded annotation
schema that combines normalized document-
level attributes with linked supporting ev-
idence snippets, enabling traceable, inter-
pretable, and verifiable extraction.

• We establish benchmark baselines for
document-level structured extraction using
abstract-level input, and evaluate how access
to evidence-grounded contextual input im-
proves performance relative to abstract-only
settings.

2 Related Work

Biomedical natural language processing has made
substantial progress in extracting structured in-
formation from clinical and scientific text (Lee
et al., 2019). Early approaches relied on rule-based
methods using predefined lexical and syntactic pat-
terns, which proved effective for high-precision

extraction in constrained settings but often strug-
gled with ambiguous and heterogeneous biomed-
ical language (Wang et al., 2017). More recently,
transformer-based models pretrained on biomedi-
cal corpora, such as BioBERT (Lee et al., 2019)
and BIO_CLINICALBERT (Alsentzer et al., 2019),
have substantially improved performance across
named entity recognition, relation extraction, and
document classification tasks. However, much of
this progress has focused on sentence-level or span-
level extraction from primary clinical documents,
leaving document-level structured evidence extrac-
tion from systematic reviews comparatively under-
explored.

Multi-label classification of biomedical docu-
ments has been studied extensively in the con-
text of literature indexing and topic annotation.
Du et al. (2019) proposed ML-Net, a deep learn-
ing architecture for multi-label biomedical text
classification that jointly predicts labels and label
counts. More recently, the BioCreative VII Lit-
Covid track (Chen et al., 2022; Lin et al., 2022) in-
troduced a shared task for multi-label topic annota-
tion of COVID-19 literature, demonstrating the util-
ity of transformer-based classifiers for document-
level label assignment in rapidly evolving biomedi-
cal domains. While these tasks are closely related
to the multi-label components of our framework,
they primarily focus on topical document classifi-
cation. In contrast, VaxScope requires heteroge-
neous document-level extraction that jointly com-
bines categorical labels, multi-label aggregation,
and structured numeric and temporal fields.

A prominent line of work in biomedical NLP
focuses on extracting structured evidence from ran-
domized controlled trial (RCT) reports using the
PICO framework—Population, Intervention, Com-
parator, and Outcome. The EBM-NLP corpus (Nye
et al., 2018) provided a foundational benchmark for
span-level PICO extraction from RCT abstracts and
has been widely used to evaluate sequence labeling
and NER-based approaches. Subsequent work has
explored multi-task learning, section-aware models,
and prompt-based methods to improve extraction
precision (Hu et al., 2023). More recently, large
language models have been applied to PICO ex-
traction in zero-shot and few-shot settings (Ghosh
et al., 2024; Chen et al., 2025), achieving competi-
tive performance without requiring labeled training
data. However, these approaches remain predom-
inantly span-level and are designed for primary
study reports (Lehman et al., 2019). In contrast,
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VaxScope targets structured extraction from system-
atic reviews, where evidence is synthesized across
multiple primary studies and key attributes often
require document-level aggregation rather than iso-
lated span detection.

Automating systematic reviews has attracted
growing interest as the volume of biomedical lit-
erature continues to expand (Marshall and Wal-
lace, 2019; Tsafnat et al., 2014). Prior work has
addressed several stages of the systematic review
pipeline, including relevant paper retrieval (van de
Schoot et al., 2021), risk of bias assessment (Gates
et al., 2018), and evidence synthesis and summa-
rization (Wang et al., 2022). Recent studies have
explored the use of LLMs for semi-automated
data extraction from systematic reviews, report-
ing strong performance for extracting predefined
entities and study characteristics across multiple
domains (Schmidt et al., 2024). At the same
time, recent living systematic reviews of system-
atic review automation show that most existing
approaches remain centered on extracting PICO-
style evidence from primary studies and random-
ized controlled trials, while structured extraction
of review-level metadata remains comparatively
underexplored (Schmidt et al., 2025). In contrast,
VaxScope focuses on the review itself as the pri-
mary unit of analysis: given a systematic review
document, the goal is to extract normalized at-
tributes that characterize the review as a whole,
including its scope, methodology, and evidence
base. While VaxScope captures methodological at-
tributes such as study design, it does not currently
include explicit evidence-quality assessments such
as GRADE scores or risk-of-bias ratings. These
dimensions fall outside the scope of the current
abstract-based benchmarking and typically require
a broader full-text methodological appraisal be-
yond the extraction targets considered here. Incor-
porating such fields remains an important direction
for future dataset extensions.

Standard information extraction systems operate
at the sentence or span level, identifying entities
and relations within individual sentences. How-
ever, in many real-world settings, relevant infor-
mation is distributed across multiple sentences and
sections of a document and cannot be reliably cap-
tured through isolated span extraction (Zhang et al.,
2020). Document-level relation extraction has
emerged as an active research area, with methods
that model cross-sentence dependencies through
graph neural networks and transformer architec-

tures (Zhou et al., 2021; Yao et al., 2019). In the
biomedical domain, document-level extraction has
been studied for chemical–disease relation extrac-
tion (Li et al., 2016) and other entity-level tasks.
VaxScope extends this perspective to structured at-
tribute extraction from systematic reviews, where
multiple heterogeneous fields—spanning categori-
cal labels, multi-label sets, and numeric or tempo-
ral values—must be jointly extracted at the docu-
ment level. This heterogeneous formulation distin-
guishes our task from prior document-level extrac-
tion benchmarks, which typically focus on a single
relation type or entity category.

3 Methods

3.1 Dataset Construction Pipeline

The VaxScope corpus was constructed through a
semi-automatic data creation pipeline designed to
balance scalability and annotation quality. We first
collected immunization-related systematic reviews
and meta-analyses from an expert-curated collec-
tion of immunization evidence. For each document,
candidate annotations were identified from the full
text, as relevant information is often distributed
across multiple sections, including methods, re-
sults, and discussion. We then applied automatic
candidate extraction to identify preliminary values
for structured fields such as the number of included
studies, date of the last literature search, review
type, and disease mentions. For the initial seed
set, automatically extracted candidates were sub-
sequently reviewed and corrected through expert
validation. This semi-automatic pipeline enabled
efficient corpus construction while preserving an-
notation consistency and clinical relevance, as il-
lustrated in Figure 1.

An existing domain-expert annotated benchmark
set of 100 immunization-related systematic reviews
served as the foundation for schema design, pro-
tocol validation, and final evaluation. We used
this benchmark to derive label categories, nor-
malization rules, omission rules, and evidence se-
lection criteria, which were then formalized into
a constrained prompt schema for LLM-assisted
candidate generation. The model was therefore
not used to define labels or annotation logic, but
to apply an expert-derived annotation protocol at
scale. Candidate generation was performed using
gemini-3-flash-preview (Google DeepMind),
prompted with a constrained JSON schema that
defined normalized value spaces, controlled vocab-
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ularies, and critical extraction rules for each field
(e.g., date_of_last_lit was set to null if not
explicitly stated in the text, to avoid unsupported
date assignment). The full prompt schema is pro-
vided in Appendix A. Generated candidates were
subsequently reviewed and corrected where nec-
essary, while the final evaluation was conducted
exclusively on the independently expert-annotated
gold set.

Following this expert annotation protocol, the
corpus was expanded using an LLM-assisted semi-
automatic pipeline to 2,000 annotated documents.
During data inspection, we identified 79 duplicate
review instances between the expert benchmark
and the larger LLM-assisted corpus. To avoid eval-
uation leakage, these overlapping documents were
removed before model development. The remain-
ing corpus consisted of 1,921 documents, which
were split into 1,536 training and 385 development
instances.

Annotation quality was assessed through two
complementary steps: (1) automatic quality evalua-
tion by comparing LLM-generated candidate anno-
tations against the expert gold set, reporting field-
level F1 and exact-match accuracy; and (2) inter-
annotator agreement analysis on a randomly sam-
pled subset of 50 documents from the expanded
corpus. These documents were independently an-
notated by two of the authors following the expert-
derived annotation protocol and without access to
the original LLM-generated labels. Agreement was
measured using Cohen’s κ for categorical fields,
Jaccard similarity for multi-label fields, and exact-
match accuracy for numeric and temporal fields, as
reported in Table 1.

3.2 Task Definition
We formulate the problem as document-level struc-
tured evidence extraction from systematic reviews
in the immunization domain. Given a review doc-
ument (typically represented by its abstract), the
goal is to map the document to a set of normalized
attributes that summarize its key evidence charac-
teristics. Although candidate annotations are iden-
tified from the full text during corpus construction,
the abstract is used as the primary input for the
extraction models, as it provides a consistent and
practically deployable representation across studies.
This setting differs fundamentally from standard
span-based information extraction tasks. In sys-
tematic reviews, relevant information is heteroge-
neous and distributed across multiple sentences and

Figure 1: Semi-automatic corpus construction pipeline
for VaxScope. Documents are collected from an expert-
curated immunization evidence source and retrieved via
DOI lookup. Candidate annotations are generated au-
tomatically and validated by domain experts. Evidence
snippets from the full text provide support for document-
level labels.

sections, and cannot be reliably captured through
isolated span extraction. For example, population
characteristics may appear in the inclusion criteria,
outcomes in the results, and study characteristics
in the methods. Extracting structured information,
therefore, requires consolidating evidence that is
often distributed across multiple mentions within a
document.

We define the task as predicting a structured rep-
resentation comprising predefined fields: popula-
tion, outcome, disease, number of included studies,
study design, and review type. These fields cor-
respond to different types of prediction problems:
some require normalized categorical classification
(e.g., disease, review type), others require aggregat-
ing evidence across multiple mentions (e.g., popu-
lation, study design), and others involve extracting
normalized numeric or temporal values (e.g., num-
ber of studies, date of last literature search).

To support interpretability and annotation con-
sistency, each document is additionally associ-
ated with a small set of evidence snippets (typi-
cally a few sentences) that jointly support the ex-
tracted attributes, providing traceable justification
for document-level annotations and facilitating hu-
man verification. In the current benchmark setting,
these evidence snippets are included in the annota-
tion schema and used by the baselines as contextual
input. However, the current baselines do not ex-
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Field Metric Score
Disease Cohen’s κ 0.84
Review type Jaccard 0.89
Num. studies EM / Near-miss 0.90 / 0.92
Num. participants EM 0.82
Date of last search EM / Year-level 0.82 / 0.90
Topic Jaccard 0.76
Outcome Jaccard 0.69
Population Jaccard 0.71

Table 1: Inter-annotator agreement on 50 randomly sam-
pled documents. Cohen’s κ is used for disease, Jaccard
similarity for multi-label fields, and exact match (EM)
with near-miss tolerance for numeric and temporal fields.
Near-miss denotes ±1 for num. studies and year-level
match for date of last search. For the outcome field,
agreement was computed only over instances where
both annotators assigned a non-null value, as null en-
tries reflected topic-conditional field activation rather
than outcome-category decisions.

plicitly predict snippet selection within their output
space.

3.3 Annotation Schema

We define a document-level annotation schema that
captures key structured attributes of systematic re-
views in the immunization domain. Each document
is mapped to a set of predefined fields representing
clinically and methodologically relevant aspects of
the evidence, such as population, outcome, disease,
study design, and review type. Figure 2 shows
an annotated example from the VaxScope corpus,
illustrating how evidence snippets support the ex-
tracted structured labels.

All fields are annotated at the document level,
supported by evidence snippets drawn from across
the full review. To ensure consistency, each field
is associated with a defined value space, includ-
ing normalized categories (e.g., population groups,
study designs) or structured values (e.g., numeric
counts and dates). Importantly, the schema is het-
erogeneous: different fields correspond to different
types of prediction problems, including categori-
cal classification, multi-label aggregation over dis-
tributed mentions, and numeric or temporal slot
filling. This design reflects the diverse structure
of information in systematic reviews and aligns
with the task formulation described in the pre-
vious section. Table 2 summarizes the annota-
tion schema, including field definitions, prediction
types, and value spaces. In addition to structured
fields, each document is linked to a small set of ev-
idence snippets that provide traceable support for
the annotations. The schema is designed to balance

Figure 2: Example annotation from VaxScope. High-
lighted spans indicate evidence snippets supporting ex-
tracted labels. Amber marks numeric fields, green tem-
poral fields, and blue categorical and multi-label fields.
Evidence snippets may be drawn from the abstract or
full-text sections depending on where supporting evi-
dence appears in the source document.

expressiveness and the feasibility of annotations.
While some fields are normalized into predefined
categories, others allow flexible values to capture
domain-specific variations. This design supports
both structured modeling and practical annotation
at scale.

3.4 Baseline Models

We implement a hybrid extraction architecture that
combines slot-filling extractors for numeric and
temporal fields with a transformer-based multi-task
classifier for categorical and multi-label document-
level attributes. Figure 3 illustrates the overall ex-
traction architecture.

Multi-task transformer classifier. For cat-
egorical and multi-label document-level at-
tributes—including disease, review type, topic,
study design, population, and outcome—we eval-
uate three transformer-based baselines with task-
specific prediction heads: BIO_CLINICALBERT
and PUBMEDBERT as biomedical encoder base-
lines, and CLINICAL-LONGFORMER as a long-
context baseline. In the primary experimental set-
ting, the model takes the document title and abstract
as input and produces a shared document-level rep-
resentation for downstream field-specific prediction
heads. To assess the added value of evidence-aware
contextualization, we additionally report an ora-
cle upper-bound setting in which expert-selected
evidence snippets are concatenated with the title
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Figure 3: Architecture of the VaxScope extraction sys-
tem. The shared encoder produces a shared document-
level representation that is passed to task-specific clas-
sification heads for categorical and multi-label fields.
Numeric and temporal fields are extracted separately
using an extractive QA model (dashed).

and abstract as additional contextual input. Single-
label fields (e.g., disease) are modeled using soft-
max classification with cross-entropy loss, while
multi-label attributes (e.g., population, outcome)
are modeled using sigmoid output layers with bi-
nary cross-entropy loss.

Numeric and temporal extraction. For fields
requiring numeric or temporal values—specifically
the number of included studies, the total num-
ber of participants, and the date of the last
literature search—we adopt an extractive QA
approach using deepset/roberta-base-squad2,
a RoBERTa-based (Liu et al., 2019) question-
answering model fine-tuned on SQuAD 2.0 (Ra-
jpurkar et al., 2018). For each target field, we
define a natural language question (e.g., “How
many studies were included in this systematic re-
view?”) and extract the answer span from the doc-
ument context. Extracted spans are post-processed
into typed values (integers or normalized dates in
YYYY-MM-DD format). Answers below a confidence
threshold are mapped to null. To validate this de-
sign choice, we also compare against a determinis-
tic regex baseline that uses regular expressions and
domain-specific lexical patterns. This approach can
achieve high precision when target values are ex-
pressed in predictable surface forms, and serves as
a lower-bound reference for the slot-filling fields.

3.5 Evaluation Metrics

Categorical and multi-label fields are evaluated us-
ing field-level precision, recall, and F1 score. For
numeric slot-filling fields (e.g., number of included
studies and total number of participants), we report
exact-match accuracy and near-miss accuracy with
±1 tolerance. This is particularly important in sys-
tematic reviews, where multiple related numeric
quantities may co-occur within the same document
(e.g., numbers screened, excluded, and included),
making target disambiguation non-trivial. For tem-
poral fields, we report exact-match accuracy on
normalized date strings (YYYY-MM-DD) as well as
partial-match accuracy at the year level.

4 Experiments

4.1 Experimental Setup

Dataset. VaxScope comprises 1,921 documents
drawn from immunization-related systematic re-
views, split into 1,536 training and 385 develop-
ment instances. A held-out set of 100 expert-
validated documents is reserved exclusively for
final test evaluation.

Models. We evaluate three transformer-based en-
coders as a shared backbone for the multi-task
classifier: BIO_CLINICALBERT (Alsentzer et al.,
2019), a biomedical encoder pretrained on clinical
notes; PUBMEDBERT (Gu et al., 2021), pretrained
exclusively on PubMed abstracts; and CLINICAL-
LONGFORMER (Li et al., 2022), a long-context
encoder supporting up to 4,096 tokens.

Input settings. Although the labels are defined
at the review level and require document-level in-
terpretation, the current baselines use abstract-level
input as a standardized and practically accessible
benchmark setting. We evaluate two input configu-
rations: a primary setting using only the document
title and abstract, and an oracle setting that addi-
tionally incorporates expert-selected evidence snip-
pets drawn from the full text. The primary setting
reflects a realistic deployment scenario in which
only abstract-level information is available. The
oracle setting assumes ideal evidence localization
and serves as an upper bound on extraction perfor-
mance. This comparison isolates the contribution
of explicit evidence grounding to document-level
structured extraction.

Hyperparameters. All models are fine-tuned for
12 epochs using AdamW (lr=2× 10−5, weight de-

858



Field name Description Prediction type Value / label space
Number of studies in-
cluded

Number of primary studies in-
cluded in the review

Numeric slot filling Single integer (e.g., 30)

Date of last literature
search

Date of the most recent litera-
ture search

Temporal slot filling Normalized date (stored as
YYYY-MM-DD) or null

Review type Type of review Multi-label classifica-
tion

systematic_review,
meta_analysis, rapid_review,
living_review, umbrella_review,
other

Study design Study designs of included pri-
mary studies

Multi-label aggregation rct, cohort, case_control,
cross_sectional, case_series,
qualitative, mixed_method,
other

Disease Target disease or pathogen of
the review

Single-label classifica-
tion

Controlled vocabulary (e.g., in-
fluenza, covid_19, . . . )

Population Target population groups Multi-label aggregation children, adolescents, adults,
elderly, pregnant, health-
care_workers, immunocompro-
mised, all age groups, other

Outcome Main clinical outcomes for ef-
fectiveness analyses

Multi-label classifica-
tion

infection, hospitalization, death,
other

Topic (evidence type) Primary evidence focus of the
review

Multi-label classifica-
tion

efficacy_effectiveness, immuno-
genicity, safety, . . .

Table 2: Document-level annotation schema in the VaxScope corpus. All fields are extracted at the document level
and supported by selected evidence snippets. Value spaces show representative categories; the full label space is
defined in the annotation schema provided with the dataset.

cay=0.01). BIO_CLINICALBERT and PUBMED-
BERT use batch size 4 and maximum sequence
length 512. CLINICAL-LONGFORMER uses batch
size 2 and maximum sequence length 2,048. A
sigmoid threshold of 0.5 is applied for multi-label
classification.

4.2 Results

Table 3 presents development set results across all
model and input setting combinations. We report
Macro-F1 for disease classification and Micro-F1
for all multi-label fields.

4.3 Analysis

PUBMEDBERT achieves the best overall perfor-
mance across both input settings, reaching Avg F1
of 0.797 in the abstract-only setting, 0.810 with
evidence snippets on the development set, and
0.850 on the held-out gold test set. This suggests
that domain-specific pretraining on PubMed ab-
stracts provides a stronger inductive bias than long-
context modeling for this task, likely because sys-
tematic review abstracts are structurally dense and
domain-specific. CLINICAL-LONGFORMER per-
forms competitively in the abstract-only setting but
benefits more from evidence snippets, particularly
for outcome and study_type, suggesting that longer
context is most useful when distributed evidence
is explicitly provided. Evidence snippets consis-
tently improve performance across models, with

Figure 4: Performance gain from adding expert-selected
evidence snippets (Abs.+Snp.) over abstract-only input
(Abs.) across prediction fields. Values show ∆F1 on
the development set. Gains are largest for study type,
population, and outcome, while disease and review type
show minimal improvement.

the largest gains observed for study_type, popula-
tion, and outcome, while disease and review_type
show minimal improvement due to their reliance
on standardized labels that are already identifiable
from abstracts. The population field remains the
most challenging across all settings, consistent with
inter-annotator agreement results (Jaccard = 0.71),
likely reflecting label overlap and implicit popu-
lation mentions in immunization literature. The
outcome field also shows relatively lower agree-
ment (Jaccard = 0.69), consistent with its topic-
conditional nature.
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Model Setting Disease Topic Study Type Review Type Population Outcome Avg
Majority baseline – 0.105 0.324 0.375 0.781 0.284 0.356 0.371
Bio_ClinicalBERT Abs. 0.945 0.777 0.714 0.948 0.580 0.628 0.765±0.007
Bio_ClinicalBERT Abs.+Snp. 0.943 0.780 0.733 0.953 0.565 0.638 0.769±0.008
PubMedBERT Abs. 0.952 0.799 0.752 0.957 0.623 0.698 0.797±0.011
PubMedBERT Abs.+Snp. 0.958 0.807 0.802 0.958 0.631 0.707 0.810±0.009
Clinical-Longformer Abs. 0.951 0.785 0.717 0.950 0.591 0.674 0.778±0.009
Clinical-Longformer Abs.+Snp. 0.954 0.790 0.738 0.954 0.609 0.709 0.792±0.003

Table 3: Development set F1 scores. Macro-F1 is reported for disease, and Micro-F1 for all other fields. Abs.
denotes title + abstract only; Abs.+Snp. denotes title + abstract with expert-selected evidence snippets.

Model Abs. Abs.+Snp.
Bio_ClinicalBERT 0.806±0.008 0.817±0.009
PubMedBERT 0.838±0.002 0.850±0.006
Clinical-Longformer 0.758±0.001 0.773±0.046

Table 4: Final evaluation results on the held-out expert
gold test set. "Abs." uses title + abstract only, while
"Abs.+Snp." additionally includes expert-selected evi-
dence snippets. Values report Avg F1, computed as the
unweighted mean across task-specific scores (Macro-F1
for disease; Micro-F1 for all remaining fields).

Field Method EM Near-Miss

Num. studies
Regex 0.290 0.290
QA 0.290 0.290
QA+Snp. 0.470 0.480

Num. participants
Regex 0.360 0.360
QA 0.440 0.440
QA+Snp. 0.600 0.600

Date of last search
Regex 0.020 0.192
QA 0.172 0.364
QA+Snp. 0.293 0.576

Table 5: Slot-filling results on the held-out gold test set.
EM: exact match; Near-miss: ±1 for numeric fields,
year-level for temporal fields. Only documents with
non-null gold annotations are evaluated.

5 Discussion

VaxScope addresses a gap in biomedical NLP by
providing a benchmark for document-level struc-
tured evidence extraction from systematic reviews.
Our results show that transformer-based multi-
task classifiers can effectively extract heteroge-
neous structured attributes from immunization-
related systematic reviews, achieving strong per-
formance on well-defined fields such as disease
and review type. A key finding is that domain-
specific pretraining (PUBMEDBERT) is more ben-
eficial than long-context modeling (CLINICAL-
LONGFORMER), suggesting that the structural den-
sity of systematic review abstracts limits the prac-
tical benefit of extended context windows, while
familiarity with PubMed-style language provides a
stronger inductive bias for this task. Evidence snip-
pets consistently improve performance for fields

requiring distributed contextual reasoning, partic-
ularly study type, outcome, and population, while
highly standardized fields such as disease and re-
view type remain robust under abstract-only input.
Lower performance on numeric and temporal slot-
filling fields (Table 5) should be interpreted less
as model failure and more as a consequence of
the intentionally abstract-based benchmark setting,
since values such as the number of included stud-
ies and the date of the last literature search are
often absent from abstracts and only reliably re-
ported in full-text methods sections. In this sense,
snippet gains function as indicators of full-text
dependency rather than simple performance im-
provements: large gains for population, outcome,
and study type reflect distributed evidence require-
ments, whereas low-gain fields such as disease and
review type are largely recoverable from abstract-
only input. Inter-annotator agreement further con-
firms that well-defined categorical fields such as
disease and review type can be annotated consis-
tently, whereas population and outcome remain
more challenging due to label ambiguity and im-
plicit mentions. This is also reflected in model per-
formance, where population and outcome remain
the most challenging fields across all settings.

6 Conclusion

We introduced VaxScope, a dataset and bench-
mark for document-level structured evidence ex-
traction from immunization-related systematic re-
views. Our baseline experiments show that multi-
task transformer classifiers achieve strong perfor-
mance across heterogeneous document-level fields,
with PUBMEDBERT achieving the best overall re-
sult (Avg F1: 0.850 on the held-out gold test set).
Overall, VaxScope highlights the importance of
document-level modeling for structured evidence
extraction and provides a foundation for automated
evidence synthesis in public health. The VaxS-
cope dataset and annotation schema are available at
https://github.com/baharilgen/VaxScope.
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Limitations

The current baselines leverage long-context self-
attention to capture cross-sentence dependen-
cies implicitly; however, they do not explicitly
model mention-level conflict resolution or evidence
graphs. More structured aggregation mechanisms,
such as hierarchical sentence encoders or graph-
based evidence modeling, remain important direc-
tions for future work. Furthermore, VaxScope is
currently limited to the immunization domain, and
generalization to other systematic review domains
remains to be explored. In addition, although evi-
dence snippets are included to support interpretabil-
ity and downstream traceability analyses, the cur-
rent baselines do not explicitly predict or evalu-
ate snippet selection. Snippet-level grounding and
joint label–evidence evaluation also remain impor-
tant directions for future work.
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A Annotation Prompt Schema

The following pseudo-JSON schema was used to
prompt gemini-3-flash-preview (Google Deep-
Mind) for candidate annotation generation, based
on an expert-derived annotation protocol.

/* Pseudo -JSON annotation schema */
{

"doc_id ": "doc_XXXX",
"doi": "...",
"title ": "...",
"abstract ": "...",
"disease ": "...",
"population ": [...],
"topic ": [...],
"outcome ": [...],
"study_type ": [...],
"review_type ": [...],
"num_studies ": null ,
"num_participants ": null ,
"date_of_last_lit ": null ,
"evidence_snippets ": [...]

}

A.1 Critical Extraction Constraints
The following constraints were enforced to en-
sure annotation consistency and reduce schema-
inconsistent outputs:

• date_of_last_lit:
set to null if not explicitly stated in the text.
Publication date must not be used as a substi-
tute.

• population:
if all ages are included or unspecified, use
["all_age_groups"] alone; no other values
may co-occur.

• disease:
use vaccine_preventable_diseases only
when no single primary disease can be identi-
fied.

• outcome:
set to null when topic does not include
efficacy_effectiveness; otherwise, one
or more of: infection, hospitalization,
death, other.

• evidence_snippets:
a small set of supporting sentences copied ver-
batim from the source document; paraphras-
ing or summarization is not permitted.

A.2 Example Annotation
The following example is drawn from the expert-
annotated gold set.

{
"doc_id ": "doc_0023",
"doi": "10.1136/ bmjopen -2017 -019206" ,
"title": "Parents ' uptake of human

papillomavirus vaccines for their
children: a systematic review and
meta -analysis of observational
studies",

"disease ": "human_papillomavirus",
"population ": [" parents_caregivers "],
"topic": [" coverage", "acceptance "],
"outcome ": null ,
"study_type ": [" cross_sectional", "

cohort", "case_control "],
"review_type ": [" systematic_review", "

meta_analysis "],
"num_studies ": 79,
"num_participants ": 840838 ,
"date_of_last_lit ": "2017 -11 -30" ,
"evidence_snippets ": [

"Seventy -nine studies on 840 838
parents across 15 countries were
included.",

"The pooled proportion of parents '
uptake of HPV vaccines for their
children was 41.5% (range:

0.7% -92.8%) , twofold higher for
girls (46.5%) than for boys
(20.3%).",

"..." ,
]

}
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