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Abstract

Automating systematic reviews (SRs), i.e.,
evidence-driven analyses under explicit pro-
tocol constraints, is a natural target for
retrieval-augmented generation and deep re-
search agents, yet existing benchmarks evaluate
isolated subtasks or assume fixed evidence in-
puts. We introduce RAG4SR-CS-200, a bench-
mark of 200 computer science systematic re-
views designed for protocol-driven systematic
review automation. Each instance comprises
review objectives, research questions, eligibil-
ity criteria, cleaned full-text review structure,
references, and extracted tables. These ele-
ments support evaluation across key tasks in
systematic review creation such as literature re-
trieval, eligibility screening, citation-grounded
review generation, and structured table genera-
tion, in both stage-wise and end-to-end settings.
RAG4SR-CS-200 provides a foundation for de-
veloping more reliable and diagnosable deep
research agents for scientific evidence synthe-
sis. Code and data are publicly available'.

1 Introduction

Systematic reviews are the gold standard for sci-
entific evidence synthesis (Mulrow, 1994; Gough
et al., 2012), given their protocol-driven, trans-
parent, and reproducible methodology. Yet pro-
ducing a high-quality systematic review is ex-
pensive in both time and effort (Borah et al.,
2017). The process also follows clear stages:
define the objective and research questions, re-
trieve candidate studies, screen studies for eligibil-
ity, and synthesise accepted evidence into a struc-
tured, cited report (Lefebvre et al., 2019; Liberati
et al.,, 2009). This staged process aligns well
with multi-stage Retrieval-Augmented Generation
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(RAG) pipelines (Lewis et al., 2020) and deep re-
search agents (Zhang et al., 2025), where interme-
diate outputs can be evaluated at each step.

Recent work has made strong progress in SR
automation, including end-to-end systems such as
otto-SR (Cao et al., 2025) and multi-agent SLR
pipelines (Sami et al., 2024). However, existing
benchmarks still focus mainly on isolated subtasks.
For retrieval and screening, resources such as CLEF
TAR (Kanoulas et al., 2017, 2018, 2019), the Sys-
Rev Query Collection (Scells et al., 2017), and
CSMeD (Kusa et al., 2023) have enabled advances
in query formulation and citation screening. For
synthesis, datasets such as SciReviewGen, Sur-
veySum, and SumSurvey (Kasanishi et al., 2023;
Fernandes et al., 2024; Liu et al., 2024), together
with frameworks such as AutoSurvey and Survey-
Forge (Wang et al., 2024; Yan et al., 2025), mainly
target narrative reviews (surveys). Unlike system-
atic reviews, narrative reviews are generally expert-
curated and more subjective, and they do not re-
quire protocol-defined eligibility criteria, explicit
research questions, or reproducible study selection.
Related work also studies structured outputs, such
as hierarchical catalogue generation (Zhu et al.,
2023) and survey table generation (Chen et al.,
2024). Still, some benchmarks assume fixed or
pre-selected evidence, leaving protocol-driven re-
trieval and eligibility decisions outside scope and
limiting end-to-end error diagnosis across retrieval,
screening, generation, and structured outputs.

To address this gap, we introduce RAG4SR-CS-
200, a benchmark of 200 computer science system-
atic reviews for evaluating RAG and deep research
agent pipelines for systematic review automation.
Each instance combines structured inputs (topic,
research objective, research questions, eligibility
criteria, and temporal restrictions) with the full re-
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view text, in-text citation markers, extracted tables,
and a resolved reference list. RAG4SR-CS-200
supports evaluation across four stages: (i) litera-
ture retrieval, (ii) eligibility screening, (iii) citation-
grounded review generation, and (iv) structured
table generation. The design supports both stage-
wise and end-to-end evaluation under realistic re-
trieval conditions. The benchmark specifies its for-
mat, construction pipeline, and evaluation protocol.
As the first release in the RAG4SR-X series, de-
signed to expand to additional domains, it provides
a foundation for cross-domain benchmarking.

2 Related Work

Prior work on systematic review automation has
largely focused on individual pipeline stages. For
retrieval and screening, widely used resources
such as CLEF TAR (Kanoulas et al., 2017, 2018,
2019), the SysRev Query Collection (Scells et al.,
2017), Seed Studies (Wang et al., 2022), SWIFT-
Review (Howard et al., 2016), SR Updates (Alharbi
and Stevenson, 2019), and AutoBool (Wang et al.,
2025a) have enabled progress in Boolean query
formulation and citation screening (Scells et al.,
2021; Wang et al., 2023, 2025b; Cohen et al., 2006;
Wallace et al., 2010; Miwa et al., 2014). However,
these datasets mainly evaluate early-stage tasks
rather than the full end-to-end review pipeline.

At the synthesis stage, several resources tar-
get downstream generation quality. SciReview-
Gen (Kasanishi et al., 2023) and SurveySum (Fer-
nandes et al., 2024) generate survey sections from
cited papers, while SumSurvey (Liu et al., 2024)
targets long-document summarisation of full sur-
vey papers. SurveyForge (Yan et al., 2025) is
a pipeline for producing full survey drafts with
structure-aware generation and memory-guided
retrieval. SurveyBench (Sun et al., 2025) and
SGSimEval (Guo et al., 2025) are evaluation re-
sources that score generated surveys beyond lexical
overlap, including structure, content quality, and
reference quality. HiCatGLR (Zhu et al., 2023) and
Survey Table Generation (Chen et al., 2024) tar-
get structured outputs, namely hierarchical outlines
and comparison tables. These resources are valu-
able, but many rely on fixed inputs, pre-collected
corpora, or pre-selected references; protocol-driven
retrieval and eligibility screening are typically out-
side the evaluated scope. RAG4SR-CS-200 ad-
dresses this gap by targeting protocol-driven sys-
tematic review automation, with unified evaluation

across retrieval, screening, citation-grounded gen-
eration, and structured outputs.

Table 1 summarises representative resources by
benchmark coverage and highlights the remaining
gap: unified support for stage-wise and end-to-end
evaluation under a common protocol.

3 Dataset Construction

This section describes how we construct RAG4SR-
CS-200 from an existing large-scale systematic re-
view resource and transform it into benchmark-
ready artefacts for SR automation.

3.1 Goal and Scope

RAG4SR-CS-200 is designed for protocol-driven
systematic review (SR) automation. The bench-
mark supports unified evaluation across retrieval,
eligibility screening, citation-grounded generation,
and table generation. In contrast to survey-focused
resources, we curate reviews exposing SR-specific
method signals, including a stated objective, re-
search questions, and eligibility criteria.

3.2 Collection and Selection Pipeline

The construction starts from a large-scale dataset
of systematic reviews that we collected from Ope-
nAlex (Priem et al., 2022); this upstream resource
is part of our ongoing unpublished work. OpenAlex
indexes a wide range of scholarly documents across
domains and provides broad citation metadata cov-
erage (Culbert et al., 2025). On top of this collec-
tion, we perform structured extraction over reviews
with accessible full text to identify explicitly re-
ported review-protocol artefacts. From this source
pool, we derive a computer-science-focused sub-
set by applying strict SR-oriented inclusion filters.
Specifically, a review is retained only if it provides:
(i) an explicit review objective, (ii) explicit research
questions, and (iii) explicit eligibility criteria. We
exclude records missing any of these protocol arti-
facts, outside computer science scope, or lacking
usable full text after parsing. The resulting subset
contains 200 computer science systematic reviews.

3.3 Data Extraction and Normalisation

For the selected reviews, parsed markdown is al-
ready available from the upstream pipeline (gener-
ated from PDF using PaddleOCR-VL,?). However,
this parsed text remains noisy for benchmark use,

2https://github.com/PaddlePaddle/Padd1e0CR
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Resource Domain R S G T E2E
CLEF TAR (Kanoulas et al., 2017, 2018, 2019) Biomedical X X

SysRev Query Collection (Scells et al., 2017) Biomedical X

Seed Studies (Wang et al., 2022) Biomedical X
SWIFT-Review (Howard et al., 2016) Biomedical X

SR Updates (Alharbi and Stevenson, 2019) Biomedical X

AutoBool (Wang et al., 2025a) Biomedical X
SciReviewGen (Kasanishi et al., 2023) CS/NLP X
SurveySum (Fernandes et al., 2024) CS/NLP X
SurveyForge (Yan et al., 2025) CS/NLP X X
SurveyBench (Sun et al., 2025) CS/NLP X
SGSimEval (Guo et al., 2025) CS/NLP X
HiCatGLR (Zhu et al., 2023) CS/NLP X

Survey Table Generation (Chen et al., 2024) CS/NLP X
RAG4SR-CS-200 (ours) CS XX XX X

Table 1: Representative related work by domain and benchmark coverage. R/S/G/T indicate whether a resource
explicitly evaluates retrieval, eligibility screening, citation-grounded generation, or structured table generation. E2E
indicates joint evaluation of the full protocol under one benchmark

as headings, citations, and tables are not consis-
tently normalised across reviews. For RAG4SR-
CS-200, we therefore apply an additional LLM-
assisted cleanup workflow. We first run DeepSeek-
V3.13 for structural cleanup and citation normali-
sation, then manually compare each cleaned mark-
down file against the source PDF. During this stage,
we enforce consistent heading structure, remove
conversion artefacts (e.g., extra whitespace, incor-
rect line breaks), and normalise in-text citations
into numeric markers to make citation grounding
comparable across reviews.

After text cleanup, we parse review reference
lists with Anystyle* to extract bibliographic fields,
including title, author list, DOI, and publication
year. We then normalise reference metadata against
Crossrefto ensure consistent formatting and to ob-
tain OpenAlex identifiers for alignment with the
indexed reference corpus. This produces a cleaned,
linkable reference layer for retrieval and grounding
evaluation.

3.4 Benchmark Schema and Quality Control

Each review is distributed as a structured JSON
record, an accompanying markdown file contain-
ing extracted tables and the reference list with Ope-
nAlex identifiers. At the JSON level, each instance
includes: review identifier, high-level metadata
(e.g., section and table counts), section/subsection
hierarchy with cleaned text, normalised in-text ci-
tation markers, table placeholders in context, and
a table index that links placeholders to source lo-
cations. The table artefact stores full markdown-
3h'ctps://api—docs.deepseek.com/news/

news250821
*https://anystyle.io/

{
"id": "W1505282872",

"metadata”: { "title": ., "n_sections”: 3,
"n_subsections”: 3, "n_tables"”: 19 },
"sections”: [

{
"section_id": "s_1",
"section_label”: "1. Introduction”,
"text": ...,
"citations":
... ],
"tables_in_text"”: [ ... 1,
"subsections”: [ ... ]

3
]7

"tables": [

{ "table_id": "tbl_01", "placeholder”:
"{{TABLE:tbh1l_01}}",
"source_section_id": "s_2",
"source_subsection_id": "s_2_1" }

]7

"tables_file": "W1505282872_tables.md"
3

["W1993563915", "W2123444177",

Figure 1: Compact example of the per-review JSON
schema used in RAG4SR-CS-200, based on the instance
in example_data/W1505282872. json.

renderable table content. Figure 1 shows a compact
per-review JSON example.

Quality control combines automatic and manual
checks. Automatic checks validate schema consis-
tency, citation-marker formatting, and section-table
linkage integrity. Manual checks compare cleaned
markdown with the original PDF to ensure that
section boundaries, citation placement, and table
references remain faithful to the source document.

3.5 Statistics and Benchmark Coverage

RAG4SR-CS-200 contains 200 computer science
systematic reviews with harmonised structure and
citation annotations. Each instance supports all
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benchmark stages: retrieval (through linked refer-
ence metadata), screening-oriented protocol arte-
facts (objective, research questions, eligibility cri-
teria), citation-grounded generation (through nor-
malised in-text citations and reference alignment),
and table generation (through extracted markdown
tables). On average, each review contains 77 ref-
erences, 7 sections, 11 subsections, and 7 tables.
In total, the corpus contains 15,498 references, of
which 12,871 are matched to OpenAlex metadata,
corresponding to 83.1% alignment coverage.

4 Discussion

This section summarises the benchmark scope and
discusses why it is useful and challenging for RAG
and agentic deep research systems.

4.1 Benchmark Scope

RAG4SR-CS-200 is intended for evaluating RAG
and agentic pipelines for protocol-driven system-
atic review automation. The benchmark supports
controlled comparisons at both individual stages
and full end-to-end settings across the four tasks.
At the retrieval stage, the references aligned with
OpenAlex identifiers make it possible to assess
whether a system can identify candidate stud-
ies relevant to the review objective and research
questions. Eligibility screening is supported by
protocol-defining inputs such as the review ob-
jective, research questions, and eligibility crite-
ria, making it possible to assess whether studies
are correctly retained or excluded under explicit
review constraints. Citation-grounded generation
can be assessed using the cleaned full-text review
structure and normalised citation markers, which
allow testing of whether generated synthesis re-
mains grounded in identifiable evidence. The ex-
tracted markdown tables provide a target for as-
sessing whether a system can produce faithful tabu-
lar summaries from the underlying review content.
Taken together, these components make RAG4SR-
CS-200 suitable for studying deep-research-style
agents that must coordinate retrieval, reasoning,
grounding, and structured synthesis over long sci-
entific documents.

4.2 Challenges and Evaluation

Systematic review automation is a demanding set-
ting for RAG systems and deep research agents.
Unlike short-form question answering, the task re-
quires sustained multi-step reasoning under explicit

protocol constraints: a system must identify rele-
vant evidence, respect inclusion criteria, preserve
traceability to source documents, and produce out-
puts whose claims can be inspected against cited
references. Errors at early stages, such as weak
retrieval or incorrect screening, propagate into later
synthesis and can silently degrade the final review.
Stage-wise analysis is therefore important for di-
agnosing where failures begin and how they affect
downstream outputs.

RAG4SR-CS-200 is designed to expose exactly
these failure modes. By combining protocol sig-
nals, cleaned full-text structure, normalised cita-
tions, and tables, the benchmark supports analysis
of whether a method retrieves the right evidence,
grounds claims correctly, and produces faithful
structured outputs. This supports both component-
level analysis and stress-testing of end-to-end agen-
tic systems for scientific research workflows. To
support concrete task use, we release structured
per-review JSON files, extracted table files, aligned
reference metadata, and pipeline scripts in the pub-
lic repository. Evaluation can be conducted at both
component and end-to-end levels. At the compo-
nent level, retrieval can be measured with standard
retrieval metrics (e.g., precision and recall), screen-
ing can be evaluated against the references included
in the review, generation can be assessed with lexi-
cal or semantic similarity measures, citation quality
can be assessed with citation-specific metrics, and
table generation can be evaluated at cell-, row-, and
table-level granularity using lexical or semantic
overlap with reference tables. End-to-end evalu-
ation can then assess faithfulness, completeness,
and traceability of the final synthesis.

5 Conclusion

We introduced RAG4SR-CS-200, a benchmark of
200 computer science systematic reviews for evalu-
ating protocol-driven systematic review automation
with RAG and agentic systems. The benchmark
supports unified evaluation across retrieval, screen-
ing, citation-grounded generation, and structured
table generation, enabling stage-wise and end-to-
end analysis under realistic review constraints. As
the first release in the planned RAG4SR-X series,
it provides a foundation for broader cross-domain
benchmarks and more reliable deep research agents
for scientific evidence synthesis.



6 Limitations

The current release is restricted to computer sci-
ence systematic reviews, so transfer to other sci-
entific domains should not be assumed without
further validation. The benchmark also inherits
residual noise from PDF parsing, LL.M-assisted
cleanup, reference parsing, and citation resolution
despite manual checks. Because this release pri-
oritises data curation and normalisation rather than
subjective annotation, we report procedural qual-
ity control instead of inter-annotator agreement.
The release provides OpenAlex identifiers for ref-
erences included in each review, but does not redis-
tribute the corresponding abstracts or full-text doc-
uments; users must source this reference content
when building retrieval corpora or running end-to-
end experiments beyond the released artefacts.
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