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Abstract

Systematic reviews require screening thou-
sands of documents against detailed eligibil-
ity criteria, a process consuming 40–80 hours
of expert time per review. While biomed-
ical dense retrievers like MedCPT have ad-
vanced PubMed search, we find they underper-
form recent general-domain models on criteria-
based screening, exhibiting larger performance
gaps on partial-relevance queries. We present
SIREN, a retrieve-then-rerank system trained
on synthetic data with explicit graded rele-
vance. Our pipeline generates ∼60,000 query-
document pairs using a large language model
(LLM) teacher with seven diversity dimen-
sions, enabling training without manual annota-
tion. On external benchmarks, SIREN matches
WSS@95 on CLEF-TAR 2019 while improv-
ing ranking quality by +12.0pp NDCG@10,
and outperforms baselines on 5 of 7 compar-
isons across CLEF-TAR, CSMeD, and BEIR.
On our released screening benchmark, SIREN
achieves 0.94 MRR@10, a +24 percentage
point (pp) improvement over MedCPT. We re-
lease SIREN-60k with canonical splits to sup-
port reproducible research in systematic review
automation.

1 Introduction

Systematic reviews synthesize evidence from pri-
mary studies to answer specific research questions,
forming the backbone of evidence-based medicine
(Higgins et al., 2019). The screening phase re-
quires determining which studies meet predefined
inclusion criteria, a task that dominates the review
timeline. A typical review screens 5,000–10,000
abstracts, with some exceeding 50,000 (Borah et al.,
2017). At an estimated 30 seconds per abstract,
screening alone can consume 40–80 hours of ex-
pert time.

Current automation tools like ASReview (van de
Schoot et al., 2021) use active learning with clas-
sical features (TF-IDF, document embeddings) to

prioritize likely-relevant documents. While effec-
tive at reducing screening burden, these approaches
have limitations: (1) they require initial seed doc-
uments, (2) they optimize for binary relevance de-
spite evidence that relevance is graded (Sormunen,
2002), and (3) they do not leverage recent advances
in dense retrieval.

One might expect biomedical-specific dense
retrievers to excel at this task. MedCPT (Jin
et al., 2023), trained on 255 million PubMed
query-article pairs, represents the state of the
art in biomedical retrieval. Yet our analysis re-
veals a surprising pattern: biomedical models
exhibit larger performance gaps between fully-
relevant and partially-relevant queries (24–28pp)
than general-domain dense retrievers (18–24pp).
This suggests the challenge is not domain vocabu-
lary but rather the training signal: models trained
on keyword-style search logs lack the graded rele-
vance signal needed to distinguish documents that
match all inclusion criteria from those that match
only some.

We present SIREN (Systematic Information
Retrieval and Evidence Navigation), a neural
screening system that addresses this gap through
synthetic data generation with explicit graded rele-
vance. Our contributions are:

1. A retrieve-then-rerank pipeline that im-
proves NDCG@10 by +12.0pp over MedCPT
on CLEF-TAR 2019 and leads on 5 of 7 exter-
nal comparisons. On our released benchmark,
the pipeline achieves +24pp MRR@10 over
MedCPT (0.94 vs. 0.70).

2. A synthetic data generation framework
with seven diversity dimensions that produces
60,000 training examples without manual an-
notation. We show that graded relevance train-
ing reduces the positive-partial performance
gap from 18pp (best general-domain baseline)
to 10pp (45% reduction).
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3. SIREN-60k, a benchmark for criteria-based
screening with canonical train/val/test splits
and bootstrap confidence intervals, enabling
reproducible evaluation of future work.

4. Comprehensive analysis revealing that
biomedical-specific models underperform
general-domain models on this task, and that
explicit 3-class relevance training (Relevan-
t/Partial/Irrelevant) enables practical triage
workflows.

2 Related Work

2.1 Systematic Review Automation

Technology-assisted review (TAR) emerged from
legal e-discovery and was adapted for system-
atic reviews through the CLEF-TAR shared tasks
(Kanoulas et al., 2017, 2019). The standard met-
ric, Work Saved over Sampling at 95% recall
(WSS@95), measures the fraction of documents a
reviewer can skip while maintaining near-complete
recall (Cohen et al., 2006). Continuous Active
Learning (CAL), which trains classifiers iteratively
as reviewers label documents, has become the dom-
inant paradigm for high-recall retrieval (Cormack
and Grossman, 2014, 2016). Modern tools include
ASReview (van de Schoot et al., 2021), Rayyan
(Ouzzani et al., 2016), and Abstrackr (Wallace
et al., 2012). These systems primarily use active
learning with sparse features (TF-IDF, word em-
beddings). Recent work explores dense retrieval
for initial ranking (Mao et al., 2024), but focuses
on ranking rather than the retriever training data
itself.

2.2 Biomedical Neural Retrieval

Domain-specific pretrained models like BioBERT
(Lee et al., 2020), PubMedBERT (Gu et al.,
2022), and SciBERT (Beltagy et al., 2019) pro-
vide biomedical language understanding but are
not trained for retrieval. MedCPT (Jin et al.,
2023) addresses this gap by training contrastive
encoders on 255 million query-article pairs from
PubMed search logs. BioLORD (Remy et al.,
2024) uses ontology-guided pretraining for biomed-
ical sentence similarity. However, these models are
trained on keyword-style search queries (e.g., “dia-
betes treatment”), which differ substantially from
structured eligibility criteria (e.g., “RCTs of met-
formin in type 2 diabetics over 65 with HbA1c
> 7%”). We build on GTE (Li et al., 2023), a

general-purpose encoder with strong zero-shot per-
formance, and demonstrate that task-specific fine-
tuning with appropriate training data outperforms
biomedical-specific pretraining.

2.3 Synthetic Data for Information Retrieval

Generating synthetic queries for retrieval training
has proven effective when labeled data is scarce. In-
Pars (Bonifacio et al., 2022) uses few-shot prompt-
ing to generate queries, applying aggressive filter-
ing to remove low-quality examples. GPL (Wang
et al., 2022) combines query generation with cross-
encoder pseudo-labeling for domain adaptation.
Promptagator (Dai et al., 2023) achieves strong
results with only 8 task-specific examples by lever-
aging large language models. These approaches
use binary relevance (relevant/irrelevant); we ex-
tend this paradigm with explicit graded relevance
labels, enabling models to distinguish fully relevant
documents from partial matches, a critical capabil-
ity for systematic review triage. We also introduce
diversity controls specific to eligibility criteria, in-
cluding PICO (Population, Intervention, Compari-
son, Outcome) structure and exclusion criteria with
negation.

3 Method

3.1 Problem Formulation

Given a query q describing eligibility criteria for
a systematic review (e.g., “RCTs of aspirin for
cardiovascular prevention in diabetic patients”) and
a corpus D of biomedical abstracts, the task is to
rank documents by relevance. Following work on
graded relevance (Sormunen, 2002; Kekäläinen,
2005), we adopt three-class relevance:

• Relevant: Matches ALL core criteria

• Partial: Matches ≥ 1 but not all core criteria

• Irrelevant: Matches zero core criteria

This enables triage workflows where reviewers
prioritize fully relevant documents. Table 1 illus-
trates these distinctions with a concrete example.

3.2 Architecture

SIREN uses a two-stage retrieve-then-rerank archi-
tecture:
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Query Randomized controlled trials evaluating probiotics in adult patients with irritable bowel syndrome,
measuring symptom severity with validated scales

Relevant A double-blind RCT of Lactobacillus rhamnosus in 120 adult IBS patients showed significant reduction
in IBS-SSS scores compared to placebo (p < 0.001).

(All criteria met: RCT design, probiotics, adult population, IBS condition, validated outcome scale)

Partial An observational cohort study of probiotic supplementation in 200 adult IBS patients showed improve-
ment on IBS-SSS scores over 12 weeks.

(Most criteria met: probiotics, adult population, IBS, validated scale; Missing: RCT design)

Irrelevant This narrative review discusses the role of gut microbiome composition in various gastrointestinal
disorders including inflammatory bowel disease.

(No criteria met: review not RCT, no probiotics intervention, no IBS, no validated outcomes)

Table 1: Example of 3-class relevance classification. A document is Relevant if it matches all eligibility criteria,
Partial if it matches some but not all criteria, and Irrelevant if it matches none.

Stage 1: Bi-encoder Retrieval. Following the
dual-encoder paradigm (Karpukhin et al., 2020;
Reimers and Gurevych, 2019), we encode queries
and documents independently using a shared en-
coder E:

score(q, d) = E(q)⊤E(d) (1)

This enables efficient nearest-neighbor search over
large corpora.

Stage 2: Cross-encoder (CE) Reranking. Top-
k candidates are reranked using a cross-encoder
(Nogueira and Cho, 2019) that jointly encodes
query-document pairs:

score(q, d) = MLP(CLS([q; d])) (2)

The cross-encoder outputs three-class probabili-
ties. For ranking, we compute a weighted score:
P (Partial) + 2 · P (Relevant), which ensures fully
relevant documents rank above partial matches.

3.3 Synthetic Data Generation

We generate training data using a teacher LLM
(DeepSeek-v3.2)1 prompted with diverse biomed-
ical articles from PubMed. For each article, the
teacher generates: (1) positive queries where the
article fully matches all criteria, (2) partial queries
where the article matches some but not all crite-
ria, (3) synthetic hard negative articles (500–600
words) that share vocabulary and topic but explic-
itly violate key criteria, and (4) similar titles for
title-to-title training pairs.

To ensure diversity in generated queries, we con-
trol seven dimensions via configurable “knobs”:

1https://github.com/deepseek-ai/DeepSeek-V3

1. Length: Short (1–2 sentences), medium (3–5
sentences), long (5+ sentences)

2. Format: Prose, bulleted list, PICO-structured,
Boolean search syntax

3. Specificity: Broad (general topic), moderate,
narrow (highly specific)

4. Criteria count: Single criterion, few (2–3),
many (4+)

5. Terminology: Formal medical terms, lay lan-
guage, mixed

6. Negation: None, simple exclusions, complex
exclusions

7. Ambiguity: Clear criteria, moderate ambigu-
ity, underspecified

Each dimension has weighted sampling probabil-
ities calibrated to reflect real-world query distribu-
tions (e.g., 80% short queries, 88% prose format).
Incompatible combinations (e.g., short length with
many criteria) are automatically resampled. Fig-
ure 1 illustrates our data generation pipeline.

Negative Sampling. Each training example pairs
a query with its source article (positive) and hard
negatives. We use a 70/20/10 sampling strat-
egy: 70% teacher-generated negatives (articles that
explicitly violate specific criteria), 20% BM25-
retrieved negatives (lexically similar but seman-
tically irrelevant), and 10% random negatives (for
distribution diversity). The teacher-generated nega-
tives are particularly valuable as they capture subtle
criteria mismatches that lexical methods miss.

3

https://github.com/deepseek-ai/DeepSeek-V3


Figure 1: SIREN data generation pipeline. PubMed articles are filtered for diversity, then processed by a teacher
LLM with configurable diversity knobs to generate varied query-document pairs. Hard negatives are sampled from
teacher-generated (70%), BM25-mined (20%), and random (10%) sources.

3.4 Training

Bi-encoder. We fine-tune GTE-ModernBERT-
base (Li et al., 2023; Warner et al., 2024) using
Multiple Negatives Ranking Loss (MNRL) with
gradient caching (Gao and Callan, 2021), which
enables large effective batch sizes without propor-
tional memory increase. With batch size 512, each
query sees 511 in-batch negatives plus 7 explicitly
sampled hard negatives. We train for 1 epoch with
learning rate 2×10−5 and Matryoshka Representa-
tion Learning (Kusupati et al., 2022) at dimensions
(768, 512, 256, 128, 64) for flexible deployment.
We apply data augmentation during training: 15%
title dropout (randomly removing the article title)
and 10% title swap (replacing the title with a differ-
ent example’s title), improving robustness to title
quality variation.

Cross-encoder. We fine-tune GTE-reranker-
ModernBERT-base for three-class classification
(Relevant=2, Partial=1, Irrelevant=0) using cross-
entropy loss. The final relevance score is computed
as P (Partial) + 2 · P (Relevant), which ranks fully
relevant documents above partial matches.

Model Merging. A common failure mode of
fine-tuning is catastrophic forgetting: task-specific
gains come at the cost of out-of-domain (OOD)
performance. We observe this empirically: the
fine-tuned bi-encoder (before merging) gains +5pp
on our internal benchmark but degrades perfor-
mance on external benchmarks compared to the
base model.

Following Wortsman et al. (2022b,a), we ad-
dress this via SLERP (Spherical Linear Interpo-
lation) merging, which interpolates between fine-

tuned and base model weights. For the bi-encoder,
t = 0.4 (40% fine-tuned, 60% base) recovers OOD
performance while preserving task gains. For the
cross-encoder, we use t = 0.2 due to its higher
sensitivity to weight perturbation. The merged bi-
encoder achieves +24pp over MedCPT on SIREN
(+7.6pp over its own base model) while maintain-
ing or exceeding GTE-ModernBERT-base on ex-
ternal benchmarks.

4 Experiments

4.1 Datasets

SIREN-60k (Internal). ∼60,000 synthetic
query-document pairs split into 56,950 train /
1,500 val / 1,500 test documents. Each document
yields multiple queries (positive and partial),
resulting in approximately 9,000 test queries,
balanced between positive and partial types. As
the test set is drawn from the same generation
pipeline, we treat it as an intrinsic evaluation of
model fit and rely on CLEF-TAR, CSMeD, and
BEIR for generalization assessment.

CLEF-TAR 2019. Systematic review screening
benchmark using the Intervention subtask (20 top-
ics), the standard evaluation subset for treatment
effectiveness reviews (Kanoulas et al., 2019).

BEIR Biomedical. We evaluate on SciFact,
TRECCOVID, and NFCorpus from the BEIR
benchmark (Thakur et al., 2021).

4.2 Baselines

We compare against:

• BM25: Sparse retrieval baseline
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• MedCPT (Jin et al., 2023): Biomedical-
specific dense retriever

• GTE-ModernBERT-base (Li et al., 2023;
Warner et al., 2024): General-purpose dense
retriever (SIREN’s base model)

• BGE-base-en-v1.5 (Xiao et al., 2023):
General-purpose dense retriever

• EmbeddingGemma-290m (Vera et al., 2025):
General-purpose embeddings (290M params)

• PubMedBERT-base-embeddings2 (Gu et al.,
2022): Biomedical encoder (mean pooling)

• BioLORD-2023 (Remy et al., 2024):
Ontology-guided biomedical embeddings

4.3 Metrics
For retrieval, we report MRR@10, NDCG@10
(Järvelin and Kekäläinen, 2002), and Recall@k.
For systematic review screening, we report
WSS@95 (Work Saved over Sampling at 95% re-
call), the standard metric for TAR evaluation (Co-
hen et al., 2006). All internal benchmark results
include bootstrap 95% confidence intervals from
1,000 resamples.

5 Results

5.1 Internal Benchmark
Table 2 presents results on the SIREN test set,
comparing our models against biomedical-specific
retrievers (MedCPT, BioLORD, PubMedBERT),
general-purpose dense retrievers (GTE, BGE, Em-
beddingGemma), and sparse retrieval (BM25).
All neural models use base-sized architectures
(∼110M parameters) for fair comparison, except
EmbeddingGemma (290M).

SIREN achieves 0.937 MRR@10, outperforming
MedCPT (0.697) by 24.0pp with non-overlapping
95% confidence intervals ([0.93–0.94] vs. [0.69–
0.71]). Adding the cross-encoder yields a further
1.5pp improvement to 0.952 MRR@10. Figure 2
visualizes these results. External benchmarks (Sec-
tion 5.2) provide generalization evidence, with
SIREN leading in 5 of 7 comparisons across CLEF-
TAR, CSMeD, and BEIR, and tying a sixth.

Biomedical-specific models (MedCPT, Bi-
oLORD, PubMedBERT) underperform general-
domain models (GTE, BGE) on this task. Med-
CPT ranks lowest among neural models despite

2https://huggingface.co/NeuML/
pubmedbert-base-embeddings

Model MRR@10 R@10 NDCG@10

Biomedical Models
MedCPT-base 0.697 (.69–.71) 0.889 0.744
BioLORD-2023 0.729 (.72–.74) 0.893 0.769
PubMedBERT-base 0.781 (.77–.79) 0.945 0.821

General-Domain Models
BM25 0.779 (.77–.79) 0.920 0.814
EmbeddingGemma-290m 0.834 (.83–.84) 0.964 0.866
GTE-ModernBERT-base 0.861 (.86–.87) 0.974 0.889
BGE-base-en-v1.5 0.866 (.86–.87) 0.976 0.894

Our Models
SIREN-base 0.937 (.93–.94) 0.996 0.952
SIREN-base + CE 0.952 (.95–.96) 0.997 0.963

Table 2: Results on SIREN internal test set (n≈9,000
queries). All models are base size (∼110–150M params)
except EmbeddingGemma (290M). SIREN outperforms
its base model (+7.6pp) and MedCPT (+24.0pp). 95%
bootstrap CIs in parentheses.

0.65 0.70 0.75 0.80 0.85 0.90 0.95 1.00
MRR@10

MedCPT-base

BioLORD-2023

PubMedBERT-base

BM25

EmbeddingGemma-290m
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0.70

0.73
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0.83
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0.95

Baselines
SIREN (Ours)

Figure 2: MRR@10 comparison on SIREN internal
benchmark with 95% bootstrap confidence intervals.
SIREN achieves +24pp over MedCPT.

being trained for biomedical retrieval on 255 mil-
lion PubMed query-article pairs. This suggests
that training on search engine logs, which capture
keyword-style queries, does not transfer well to the
structured inclusion criteria typical of systematic
review screening.

5.2 External Benchmarks

To assess generalization, we evaluate on estab-
lished benchmarks: CLEF-TAR 2019 (the gold
standard for systematic review screening), CSMeD
(Kusa et al., 2023) (a meta-dataset of 325 Cochrane
reviews), and three biomedical tasks from BEIR
(SciFact, TRECCOVID, NFCorpus). Table 3 com-
pares SIREN against GTE-ModernBERT-base (our
base model) and MedCPT.

CLEF-TAR 2019. On the standard systematic
review benchmark, all models achieve near-ceiling
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Benchmark Metric SIREN GTE MedCPT

Systematic Review
CLEF-TAR WSS@95 0.931 0.931 0.931
CLEF-TAR NDCG@10 0.434 0.407 0.314
CSMeD WSS@95 0.189 0.201 0.209
CSMeD NDCG@10 0.670 0.667 0.611

BEIR Biomedical
SciFact NDCG@10 0.770 0.753 0.708
TRECCOVID NDCG@10 0.674 0.655 0.567
NFCorpus NDCG@10 0.351 0.349 0.322

Table 3: External benchmark results (bi-encoder only).
SIREN leads in 5 of 7 comparisons against GTE-
ModernBERT-base (GTE) and MedCPT, and ties a sixth.
SLERP merging preserves out-of-domain generaliza-
tion.

WSS@95 (∼0.93).3 This clustering reflects the
metric’s limited discriminative power: with only
20 topics, 2.3% average relevance rate, and a
coarse 95% recall threshold, all capable models
achieve similar scores. More discriminative metrics
reveal meaningful differences: SIREN improves
NDCG@10 by +12.0pp over MedCPT (0.434 vs.
0.314). In practice, better ranking means relevant
documents appear earlier, reducing the number of
abstracts reviewers must read before finding useful
studies.

BEIR Biomedical. SIREN outperforms both
baselines on all three BEIR tasks: SciFact (+6.2pp
over MedCPT), TRECCOVID (+10.7pp), and NF-
Corpus (+2.9pp). SIREN also exceeds its base
model GTE-ModernBERT-base on all three tasks,
demonstrating that our fine-tuning combined with
SLERP merging preserves out-of-domain general-
ization.

CSMeD. SIREN underperforms MedCPT on
CSMeD WSS@95 (0.189 vs. 0.209). CSMeD uses
full systematic review abstracts (∼1,300 tokens)
as queries, while SIREN is optimized for criteria-
based queries (50–200 tokens). This query length
distribution shift affects recall-focused metrics.
However, SIREN wins on NDCG@10 (0.670 vs.
0.611), indicating superior ranking quality among
retrieved documents. This strength could comple-
ment recall-oriented systems in hybrid retrieval
workflows.

3We evaluate retrieval ranking on pooled relevance judg-
ments, not the full active learning TAR workflow used in
official CLEF-TAR runs. The high WSS@95 reflects the
concentrated relevant documents in the evaluation pool.

Design Choice ∆MRR Note

MNRL vs CoSENT +11.7pp In-batch negatives
Hard negatives +4.8pp BM25-mined
3-class vs binary CE +0.9pp Enables triage
SLERP merge (t=0.4) — +2.1pp OOD

Table 4: Key design decisions from ablation studies.
∆MRR is internal benchmark improvement; SLERP
row shows OOD recovery on external benchmarks. Loss
function and hard negative mining provide the largest
gains.

5.3 Ablations

We conducted systematic ablation studies during
development to identify the most impactful design
choices. Table 4 summarizes the key findings; full
results appear in Appendix E.

The choice of loss function has the largest im-
pact: MNRL with in-batch negatives outperforms
CoSENT by 11.7pp. At the ablation batch size
of 32, MNRL provides 31 implicit negatives per
example, creating a richer contrastive signal than
explicit triplet-based losses. Hard negative mining
via BM25 adds 4.8pp by exposing the model to lexi-
cally similar but semantically irrelevant documents
during training.

The 3-class cross-encoder slightly outperforms
binary classification (+0.9pp), though confidence
intervals overlap. We frame this as a design choice
enabling triage workflows rather than a perfor-
mance contribution: reviewers can prioritize “Rele-
vant” documents while deferring “Partial” matches
to a second pass.

Cross-encoder Transfer. Our cross-encoder
helps weaker bi-encoders substantially: MedCPT
+ SIREN CE achieves 0.931 MRR@10 (+23pp
over MedCPT alone), demonstrating that the cross-
encoder captures complementary relevance signals
even when paired with a different retriever.

Reranker Specialization. Conversely, pairing
SIREN bi-encoder with non-screening cross-
encoders degrades performance: MedCPT-CE
yields 0.848 MRR@10 (−8.9pp) and BGE-
reranker-v2 yields 0.846 (−9.2pp). Both biomed-
ical and general-purpose rerankers hurt SIREN’s
rankings, highlighting the importance of task-
specific reranking for screening queries.

5.4 Query Type Analysis

Systematic review screening involves two distinct
query types: queries seeking documents that match
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Model Pos. Part. Gap

Biomedical Models
BioLORD-2023 0.870 0.588 28.2
PubMedBERT-base 0.916 0.646 27.0
MedCPT 0.819 0.576 24.3

General-Domain Models
BM25 0.916 0.642 27.4
EmbeddingGemma-290m 0.952 0.717 23.5
GTE-ModernBERT-base 0.961 0.761 20.0
BGE-base-en-v1.5 0.957 0.776 18.1

SIREN 0.987 0.887 10.0

Table 5: MRR@10 by query type. Gap = performance
drop on partial queries (pp). Biomedical models exhibit
larger gaps (24–28pp) than general-domain dense re-
trievers (18–24pp). Even EmbeddingGemma (290M
params) shows a 23.5pp gap. SIREN’s graded relevance
training reduces this to 10.0pp.

all eligibility criteria (positive queries) and queries
seeking documents that match some but not all
criteria (partial queries). The latter is particularly
challenging. A document about “RCTs of aspirin
in diabetic patients” is partially relevant to a query
seeking “RCTs of aspirin for cardiovascular preven-
tion in diabetic patients over 65.” Table 5 analyzes
model performance across these query types.

Biomedical-specific models show larger positive-
partial gaps than general-domain models. Bi-
oLORD (28.2pp), PubMedBERT (27.0pp), and
MedCPT (24.3pp) all struggle more with partial
relevance than BGE-base (18.1pp) and GTE-base
(20.0pp). EmbeddingGemma-290m (23.5pp gap)
performs comparably to the biomedical models de-
spite having roughly twice as many parameters,
reinforcing that model scale alone does not ad-
dress graded relevance. This pattern suggests that
the challenge of systematic review screening is
not domain vocabulary or model capacity but the
training signal: models trained on binary relevance
or keyword-style queries lack the graded signal
needed to distinguish “fully matches criteria” from
“partially matches criteria.”

SIREN’s explicit 3-class training directly ad-
dresses this gap. By training on queries that ex-
plicitly request partial matches, the model learns
to represent the nuanced distinctions between full
and partial relevance. The result is a 45% reduction
in the positive-partial gap (10.0pp vs. 18.1–28.2pp
for baselines) while simultaneously achieving the
highest absolute performance on both query types.

6 Discussion

Why Ranking Quality Matters. While
WSS@95 is the standard metric for systematic
review screening, our results highlight the im-
portance of ranking metrics (NDCG, MRR). On
CLEF-TAR 2019, all models achieve near-identical
WSS@95 (∼0.931), yet SIREN shows +12.0pp
higher NDCG@10. In practice, this means
relevant documents appear earlier in the ranked
list, reducing the number of abstracts reviewers
must examine before finding useful studies. For a
review screening 10,000 abstracts, better ranking
can save hours of reviewer time even at equivalent
recall.

The Training Signal Hypothesis. Our inter-
nal benchmark results suggest that the challenge
of criteria-based screening is not biomedical do-
main knowledge (MedCPT, PubMedBERT, and Bi-
oLORD all have that) but the training signal. Mod-
els trained on binary relevance or keyword-style
search queries lack the graded signal needed to dis-
tinguish full from partial criteria matches. We note
that architectural differences also contribute: GTE-
ModernBERT-base uses a more recent architecture
than MedCPT’s BERT (Devlin et al., 2019) back-
bone, and the gap between biomedical and general-
domain models partly reflects this. However, the
+7.6pp improvement of SIREN over its own base
model (GTE) isolates the effect of our training data.
This finding may generalize to other specialized
retrieval tasks where task-specific synthetic data
could prove more effective than domain-specific
pretraining.

Synthetic Data and Model Merging. Our re-
sults demonstrate that LLM-generated training data
can be effective for specialized retrieval tasks, even
without human annotation. The seven diversity di-
mensions play a key role: without them, the teacher
LLM tends to generate homogeneous queries that
overfit to a narrow style. SLERP merging ad-
dresses a practical challenge in fine-tuning: the
fine-tuned bi-encoder (before merging) gains +5pp
on the internal benchmark but loses performance
on external benchmarks. By interpolating between
fine-tuned and base weights (t = 0.4), we recover
out-of-domain performance while retaining task-
specific gains, consistent with the observation that
fine-tuned and base models occupy nearby regions
of weight space (Wortsman et al., 2022b).
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Qualitative Observations. Manual inspection of
system outputs across query types confirmed that
SIREN correctly prioritizes documents matching
all stated criteria. Common failure modes involve
queries with implicit exclusion criteria not explic-
itly stated in the eligibility requirements, and edge
cases where partial matches share nearly all criteria
with fully relevant documents. These observations
suggest that further gains may require richer repre-
sentations of negated or implicit criteria.

Future Work. Comparing SIREN’s pipeline
against direct LLM-based screening (using the
teacher model at inference time) would quantify
the efficiency-quality trade-off of our distillation
approach. Integration with active learning frame-
works like ASReview could enable iterative im-
provement during screening. Extension to full-text
screening (beyond abstracts) would address a prac-
tical need, as some eligibility criteria can only be
verified in the methods or results sections. Multilin-
gual systematic reviews represent an underexplored
challenge.

7 Conclusion

We presented SIREN, a neural systematic review
screening system that improves ranking quality by
+12.0pp NDCG@10 over MedCPT on CLEF-TAR
2019 and outperforms baselines on 5 of 7 external
comparisons. On our released benchmark, SIREN

achieves +24pp MRR@10 over MedCPT. Our anal-
ysis shows that biomedical-specific models ex-
hibit larger performance gaps on partial-relevance
queries than general-domain models, suggesting
the challenge lies in training signal rather than do-
main knowledge.

Our synthetic data generation pipeline addresses
this gap through explicit graded relevance training,
reducing the positive-partial performance gap by
45% while achieving the highest absolute perfor-
mance.

We release SIREN-60k, models, and evaluation
code to support reproducible research in systematic
review automation.4

4Dataset: https://huggingface.co/datasets/
Praise2112/siren-screening; Models:
https://huggingface.co/Praise2112/
siren-screening-biencoder; Code:
https://github.com/praise2112/siren-screening

Limitations

Our internal benchmark results (+24pp MRR@10)
are measured on SIREN-60k, a synthetic bench-
mark generated by the same pipeline used for train-
ing data, and should be interpreted as a measure
of model fit rather than real-world screening per-
formance. We rely on CLEF-TAR, CSMeD, and
BEIR for generalization evidence, though we note
that confidence intervals are not reported for exter-
nal benchmarks and CLEF-TAR has only 20 top-
ics. We did not compare against direct LLM-based
screening (e.g., using the teacher model at infer-
ence time), which would help quantify the value
of our distillation approach. Our evaluation is lim-
ited to abstract-level screening; full-text screening
presents different challenges as eligibility criteria
may require information from methods or results
sections. We evaluated on English-language bench-
marks only; multilingual systematic reviews re-
main unexplored. CSMeD performance (WSS@95
= 0.189) lags behind MedCPT due to query for-
mat mismatch: CSMeD uses full review abstracts
(∼1,300 tokens) as queries, far exceeding typical
eligibility criteria. The cross-encoder is special-
ized for screening and should not be expected to
generalize to other retrieval tasks. While we con-
ducted manual inspection of system outputs (Sec-
tion 6), formal evaluation with independent sys-
tematic review experts would provide stronger val-
idation of practical utility and remains a priority
for future work. The ablation studies were con-
ducted on a development model (PubMedBERT-
base) and insights were transferred to the final
GTE-ModernBERT-base model, so ablation find-
ings may not perfectly reflect the final model’s
behavior.

Ethics Statement

Our system is designed as a screening aid: it pri-
oritizes candidate documents, but final inclusion
decisions remain with domain experts. We release
our models and data under a permissive license to
support open research in systematic review automa-
tion.
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Appendix

A Synthetic Data Statistics
Table 6 summarizes the SIREN-60k synthetic train-
ing dataset.

Statistic Value

Dataset Size
Total examples 59,950
Train / Val / Test 56,950 / 1,500 / 1,500

Query Type Distribution
Positive queries 50.6%
Partial queries 49.4%

Query Format Distribution
Prose 87.9%
List 7.5%
PICO structured 4.7%

Query Length Distribution
Short (<40 words) 80.1%
Medium (40–120 words) 19.9%

Hard Negative Sampling
Teacher-generated 70%
BM25-mined 20%
Random 10%

Table 6: Statistics for the SIREN-60k synthetic training
dataset.

B Query Generation Dimensions
Table 7 shows the seven diversity dimensions used
in synthetic query generation.

Dimension Values

Length short (36%), medium (45%), long (18%)
Format prose (29%), list (18%), structured (12%),

pico (6%), logical (12%), conversational
(18%)

Specificity broad (20%), moderate (50%), narrow
(30%)

Criteria count single (20%), few (50%), many (30%)
Terminology formal, informal, mixed, abbreviated, coded
Negation none (50%), simple (30%), complex (10%)
Ambiguity none (55%), moderate (27%), high (18%)

Table 7: Query generation dimensions with sampling
weights (not actual distribution). Incompatible combina-
tions are automatically resampled, so actual distribution
differs (e.g., 88% prose vs. 29% weight).

C Cross-encoder Transfer Results
Table 8 shows that our cross-encoder transfers ef-
fectively to different retrievers.

D PPG Metrics
We introduce the Positive-Partial Gap (PPG) metric
to measure graded relevance separation. The win
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Bi-enc. Cross-enc. MRR ∆

SIREN — 0.937 —
SIREN SIREN-CE 0.952 +1.5pp
SIREN MedCPT-CE 0.848 −8.9pp
SIREN BGE-reranker-v2 0.846 −9.2pp

MedCPT — 0.697 —
MedCPT MedCPT-CE 0.826 +12.9pp
MedCPT SIREN-CE 0.931 +23.4pp

Table 8: Cross-encoder transfer. SIREN-CE boosts Med-
CPT by +23pp. Non-screening cross-encoders hurt
SIREN: both MedCPT-CE (−8.9pp) and BGE-reranker
(−9.2pp) degrade its rankings.

rate at margin m is the fraction of queries where
the positive document scores higher than the partial
document by at least m.

Model WR@0.0 WR@0.05 Gap

MedCPT 79.2% 47.3% 0.049
SIREN 90.2% 76.1% 0.115
MedCPT + CE 96.7% 39.4% –†

SIREN + CE 98.4% 97.9% –†

Table 9: Positive-Partial Gap metrics. WR@m = queries
where positive scores higher than partial by margin m.
†Gap undefined for CE (class probabilities).

E Training Details
All training was conducted on a single NVIDIA
RTX 4090 GPU.
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Phase Experiment MRR@10

Phase 1: Loss Functions
MNRL (winner) 0.894
Triplet 0.833
CoSENT 0.777

Phase 2: Hard Negatives
With BM25 negatives 0.878
Without hard negatives 0.830

Phase 3: Training Techniques
Matryoshka (MRL) 0.883
Layer-wise LR 0.884

Table 10: Bi-encoder ablations on validation set. Abla-
tions on PubMedBERT-base; insights applied to final
model.

Hyperparameter Bi-enc. Cross-enc.

Base model GTE-MB GTE-reranker
Optimizer AdamW AdamW
Learning rate 2×10−5 2×10−5

LR schedule Cosine Cosine
Batch size 512 32
Epochs 1 1
Max seq length 768 768
Warmup ratio 0.1 0.1
Weight decay 0.01 0.01
SLERP t 0.4 0.2

Table 11: Training hyperparameters. GTE-MB = GTE-
ModernBERT-base.
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