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Abstract

The rapid growth of scientific literature has
made manual extraction of structured knowl-
edge increasingly impractical. To address this
challenge, we introduce SCILIRE, a system
for creating datasets from scientific literature.
SCILIRE has been designed around Human-AI
teaming principles centred on workflows for
verifying and curating data. It facilitates an iter-
ative workflow in which researchers can review
and correct AI outputs. Furthermore, this inter-
action is used as a feedback signal to improve
future LLM-based inference. We evaluate our
design using a combination of intrinsic bench-
marking outcomes together with real-world
case studies across multiple domains. The re-
sults demonstrate that SCILIRE improves ex-
traction fidelity and facilitates efficient dataset
creation.

1 Introduction

The exponential growth of scientific literature,
which makes it increasingly challenging for re-
searchers to stay up to date with the latest scientific
developments (Cai et al., 2024; Reddy and Shojaee,
2025), represents an opportunity: scientific papers
can be mined to generate high-value datasets (Dunn
et al., 2022; Jiang et al., 2025; Wei et al., 2025).
Such datasets are key in creating Artificial Intel-
ligence (AI) to revolutionise scientific workflows
and discovery, an endeavour generally referred to
as AI for Science (AI4S).

Building on this potential, recent progress in
Large Language Models (LLMs) offers powerful
new tools, such as Elicit1 and SciSpace2, to assist
researchers in navigating and extracting knowledge
from the vast scientific literature. However, these
systems treat AI-data extraction as a single pass.

*This work was done when the author was affiliated with
CSIRO Data61.

†Primary authors for this work.
1https://elicit.com/
2https://scispace.com

Given that AI results are usually not perfect, single-
pass tools force users to improve data outside of the
tool without AI-assistance, a challenge when work-
ing with big datasets. This can limit the adoption
of such tools in research workflows where output
must conform to a certain standard and where such
user processes to validate data manually are often
arduous and time-consuming (Rahman and Kan-
dogan, 2022; Pham and Lin, 2025; Schmidt et al.,
2025).

Indeed, recent studies highlight risks related to
LLM-based extraction: these models may gener-
ate hallucinated (confabulated) information, with
empirical evaluations showing nontrivial error
rates that require human correction and verifica-
tion (Helms Andersen et al., 2025). Reviews of
AI for literature synthesis further highlight ongo-
ing problems with explainability and reliability,
showing that generative AI cannot be fully trusted
without expert oversight (Bolanos et al., 2024).

We adopt a Human-AI Teaming (HAT) (Berretta
et al., 2023) design in SCILIRE, enabling users
to curate data (hereafter: HAT for Data Curation
(HAT-DC)). By combining expert validation with
AI-assisted extraction, researchers can correct er-
rors and mitigate hallucinations. Moreover, iter-
ative human feedback helps improve model per-
formance and fosters transparency, accountability,
and trust in AI-enabled workflows (Gao et al., 2025;
Schroeder et al., 2025).

SCILIRE differs from existing tools in that it
supports iterative extraction and correction, enables
dynamic sampling using the user’s curation history
as an evolving source of examples, and scales to
large literature search collections.

We evaluate the HAT-DC design of SCILIRE

using public scientific datasets, provide real-world
case studies, and report on feedback from users.
Our contributions are: (1) evaluation of an HAT-
DC workflow; (2) insights into the effectiveness of
dynamic sampling.
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Tool Dynamic
Sampling

Multi-record
Support

Provenance
Data

Table Export
(CSV, JSON, · · · )

Elicit ✗‡ ✗ ✓† ✓

SciSpace ✗‡ ✗ ✓† ✓

NotebookLM ✗ ✓ ✓† ✗

Claude.ai ✗ ✓ ✗ ✓

SCILIRE(Ours) ✓ ✓ ✓† ✓

Table 1: Comparison of data curation tools’ function-
ality, highlighting differences from SCILIRE. ‡ Elicit
and SciSpace can be made to accept static examples in
column definitions. † Elicit, SciSpace and NotebookLM
provide paragraph- or sentence-level citations. SCILIRE
provides the degree of alignment with the source, along
with relevant paragraphs. Multi-record support indi-
cates if a tool is designed to produce multiple extracted
records per document.

2 Related Work

Our work focuses on AI-powered tools leveraging
LLMs for data curation, such as Elicit and SciS-
pace, which extract key information from PDFs. A
listing of existing tools that extract some data from
PDFs is presented in Table 1. For the HAT-DC,
two key features are required: (1) the exporting
of tables (in CSV or JSON), and (2) provision of
provenance data for data verification and curation
– this leaves Elicit and SciSpace as the two most
relevant tools to our workflow.

Beyond these tools, there is a growing body
of research that looks more broadly at how infor-
mation from scientific papers can be turned into
structured tables. ArxivDIGESTables (Newman
et al., 2024) studies cross-paper table generation
with LLMs and proposes an automatic evaluation
method, while ArXiv2Table (Deng et al., 2024)
presents a more comprehensive benchmark in the
computer science domain. Several domain-specific
efforts have also attempted to extract structured or
tabular information directly from research papers
in other domains, such as material science, chem-
istry and food manufacturing (Dunn et al., 2022;
Wei et al., 2025; Bölücü et al., 2025). Collectively,
these studies highlight growing interest in turning
unstructured documents into tabular formats, a goal
that AI-powered tools put into practice.

3 AI-augmented Curation Workflow

SCILIRE is designed to support the existing data
curation workflow, with the use of AI focused on
human skill augmentation. Typically, users iterate
through possible schema structures (either provided
by the user or selected from built-in templates) with

SCILIRE. The HAT-DC workflow is as follows:3

1. Bibliography Upload and Schema Defini-
tion: Users upload a collection of documents
and provide a schema file (e.g., a spreadsheet)
specifying the column headers of the target
curated table. The schema can be modified
at any time. Once the documents are up-
loaded, SCILIRE automatically triggers the
document preprocessing module to provide
machine-readable versions of the text.

2. Pilot Phase: Users select a small sample of
documents (≤10), generate data tables, and
manually vet and correct the outputs. Dur-
ing this process, they also assess which doc-
uments and extracted records are relevant to
the target aim. For relevant documents, users
verify the generated results, correcting and cu-
rating data where necessary. Verified correc-
tions are used by the system for dynamic sam-
pling for subsequent batches. The pilot phase
(multiple batches) is repeated for ∼ 50–100
documents or until the user is satisfied.

3. Batch Phase: The remaining documents are
processed at scale. The user either continues
to check data or exports the data as is.4

4 System Components

SCILIRE is built as a modular framework for
data curation. Its architecture (Figure 1) com-
prises three modules that handle document pre-
processing, LLM-based record generation, and ver-
ification support. Together, these modules form a
flexible and transparent pipeline designed to sup-
port the user in a HAT-DC workflow.

4.1 Document Preprocessing

Parsing. SCILIRE checks each document for
PDF type. If the PDF contains machine-readable
text, it is processed using two PDF parsing
pipelines (GROBID (Lopez, 2009)5 and Apache
Tika6). For PDFs with no machine-readable text
(e.g., PDFs with only scanned images), SCILIRE

uses the OCRmyPDF7 library to convert a PDF of
page images into a PDF with machine-readable text.

3See Appendix E for screenshots and a more detailed sys-
tem usage description.

4The degree of further verification will depend on thresh-
olds for acceptable quality related to the user’s end goal.

5https://github.com/kermitt2/grobid
6https://tika.apache.org
7https://github.com/ocrmypdf/OCRmyPDF
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Figure 1: SCILIRE components and AI-augmented curation workflow.

The resulting PDFs are processed using the same
pipelines as non-scanned PDFs, ensuring consis-
tency across all documents: (1) The GROBID is the
preferred pipeline, providing high-quality text ex-
traction and structured metadata (Meuschke et al.,
2023), particularly for scientific literature. The
Tika pipeline provides an alternative when GROBID
occasionally fails, thereby providing better support
of other text genres. Since GROBID does not process
figures and provides limited table extraction qual-
ity (Meuschke et al., 2023), we develop a custom
table and figure extraction module.

Table & figure extraction. We implemented a
two-stage pipeline (Figure 3, Appendix B) for the
task. First, SCILIRE detects pixel regions indicat-
ing tables and figures in PDFs.8 SCILIRE then
performs table structure and caption recognition
on the detected regions. Finally, the inferred table
structure, together with table contents and captions,
is rendered in markdown format. This is appended
to the text extracted by GROBID based on the po-
sition of tables in the PDF. Implementation details
of this module are provided in the Appendix B.

Chunking. Since LLMs have fixed context win-
dows, long documents are segmented into over-
lapping chunks. We apply a configurable sliding-
window strategy (by characters), preserving local
coherence through overlapping spans. The window
size and overlapping ratio are configurable param-
eters in the system (window size=LLM context
length, overlap=10%).

4.2 Record Generation Module

Given a user’s schema that outlines concepts of
interest (e.g., context or variables in an experiment
with a measured result), SCILIRE automatically
constructs prompts to generate structured records

8Currently, we do not further process figures.

using an LLM. Initially, the prompt follows a zero-
shot baseline approach. If human-corrected data ex-
ists, the prompt uses a few-shot “In-Context Learn-
ing” (ICL) approach (Ghosh et al., 2024), which
dynamically picks an example to include in the
prompt.

SCILIRE uses the schema concepts to define a
JSON dictionary structure (Oestreich and Müller,
2025) as the desired output format, which is in-
cluded in the prompt (Appendix A). This structure
also houses any ICL examples if required. Two
versions of the prompt are then created, using data
from the GROBID and Tika pipelines. The two
prompts are then sent to the LLM.9

Alignment. Since the generation phase can yield
two record sets (GROBID-based and Tika-based)
per PDF, we merge the sets using the Hungar-
ian maximum-matching algorithm (Kuhn, 1955)
to identify overlapping records. We compute a sim-
ilarity matrix by encoding records with sentence
embeddings10 and computing pairwise cosine simi-
larity. The algorithm selects the optimal one-to-one
alignment, allowing SCILIRE to suggest alternative
records which users can compare during the cura-
tion task.

Dynamic sampling for ICL. Selecting an effec-
tive ICL example is critical in few-shot prompt-
ing. Instead of using static examples, SCILIRE

retrieves a document-specific ICL example using
BM25 (Robertson et al., 1995) from the pool of pre-
viously human-corrected documents. The closest
match record is used as a 1-shot prototype (Ghosh
et al., 2024). This dynamic ICL selection ensures
that the LLM receives the most relevant example,

9SCILIRE can use any LLM, including closed and open
weight models. In the SCILIRE, we use GPT-4o as the model.

10https://huggingface.co/sentence-transformers/
all-MiniLM-L6-v2
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improving extraction fidelity. This is a key distinc-
tion from other systems (e.g., Elicit and SciSpace).

4.3 Verification Support module

To allow experts to verify the generated content,
SCILIRE provides several support tools:

Provenance checking. We implement a cell-
level hallucination checker that compares gener-
ated content against the source document using
fuzzy string matching fuzzywuzzy library11. The
system visualises match strength as a graded signal,
enabling users to build trust in generated answers
by identifying aligned and unaligned answers.

On-demand explanations and insights.
SCILIRE provides justifications of AI an-
swers by aligning generated text to the source
material, implemented as a search function that
retrieves the top three supporting paragraphs from
the original document using BM25. Aligned words
are shown highlighted in bold to the user to assist
data verification. We also provide the detected
figures and tables from the PDF as additional
resources.

SCILIRE also facilitates user requests for LLM-
based explanations that identify source paragraphs
relevant to a generated answer (Appendix A).12

Together, these mechanisms support the user’s ver-
ification and curation tasks.

5 Experiments

Here we report on intrinsic benchmarking experi-
ments to answer the following research questions:
(RQ1) Can dynamic sampling (with data from a
HAT-DC iterative workflow) lead to improved data
extraction? (RQ2) How does SCILIRE (and the
HAT-DC approach) compare to existing tools pro-
viding dataset generation capabilities?

5.1 Evaluation Framework

5.1.1 Data and Metrics
To evaluate the dataset generation capabilities of
SCILIRE, we conduct experiments on 18 datasets
from five scientific domains, covering varying lev-
els of granularity in data curation (Appendix C.1).
We report on a primary evaluation metric which
focuses on the very strict record-level F1 evalua-
tion rather than cell-level evaluation, as typically

11https://pypi.org/project/fuzzywuzzy
12Currently, SCILIRE uses GPT-4o as the model, but any

model can be used.

Dataset 0-shot ICL-10 ICL-50 ICL-100 ICL-all

TDMS 10.14 19.01 23.01 24.54 25.02
SciREX 3.66 13.51 15.49 15.71 18.27

MPEA 29.23 32.52 30.39 30.81 30.64
Diffusion 17.52 17.99 17.59 – 17.20
YSHEAY 5.34 7.87 8.30 8.03 7.93
CCRMG 1.82 2.48 – – 2.89

Doping 7.55 13.23 14.65 – 12.95
MMD 0.78 – – – 8.54
MRL 1.80 1.99 2.04 – 1.82

PNCExtract 31.14 40.21 42.46 45.04 43.59
PolyIE 14.29 18.58 18.64 – 18.34

BRENDA_enzyme 26.58 36.81 34.33 36.14 36.59
BRENDA_ribozyme 11.74 17.84 19.12 18.69 18.48

OPE 22.33 28.91 28.17 23.80 22.12
PPE 51.67 67.83 64.76 64.60 64.60

SE 36.6 42.71 47.00 – 46.78
AE 15.17 17.90 16.14 – 11.53

SuperMat 5.66 19.31 16.58 16.83 17.14

AVG. 16.28 23.45 24.92 28.42 22.47

Table 2: F1 results across datasets. LLM: GPT-5. F1

reported with 0–100 scale; best score is boldfaced. For
the full table, see Table 10.

scientists are compiling a set of scientific findings
that comprise several dependent fields.13

5.2 RQ1. Evaluating a HAT-DC Approach
Using the benchmark data, we evaluate SCILIRE’s
effectiveness in supporting data curation through
HAT by simulating user corrections over multi-
ple scientific domains. With a random sample of
papers as an initial data pool, we use the associ-
ated human-authored ground truth data from that
pool as a stand-in for the corrected records (see
Appendix C.2). We then apply dynamic sampling
from that pool to create ICL prompts for use with
GPT-5.14 Table 2 reports the summary results.15

In line with prior work (Jiang et al., 2024), we ob-
serve that generating accurate records is a hard task.
The best reported F1 score is 67.83 (PPE dataset).
The best averaged F1 score was just 28.42, high-
lighting the complexity of matching full records.
Despite this, we see that the results support the
HAT-DC approach: (1) all ICL variants are bet-
ter than the zero-shot performance, and (2) using
a sample pool of n = 100 generally leads to the
best performance with marginal gain or even perfor-
mance degradation beyond that, as the increasing
pool size tends to introduce redundancy rather than

13https://github.com/bolucunecva/table_
generation; See Appendix C.3 for detail of the evalu-
ation metrics considered.

14GPT-5 was found to be the best performing LLM overall.
See Appendix C.4 for performance of each tested LLM.

15Here we report on 1-shot ICL, guided by an engineering
trade-off, given finite context, to balance between ICL exam-
ples and the flexibility of the system to accept an arbitrarily
long list of columns.
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SciSpace Elicit SCILIRE

Dataset 0-shot ICL-S 0-shot ICL-S 0-shot ICL-D

TDMS 0.0 0.0 0.0 3.13 3.97 11.76
SciREX 0.0 0.0 1.08 6.49 2.98 18.22
MPEA 13.26 13.26 0.0 0.0 40.67 42.27

Diffusion 0.65 0.65 0.06 0.53 6.80 8.71
YSHEAY 0.0 0.0 2.22 13.33 3.29 5.54
CCRMG 0.0 0.0 0.0 22.22 1.80 2.67

Doping 0.0 0.0 3.6 9.01 5.41 12.12
MMD 0.0 0.0 0.0 0.26 0.78 8.65
MRL 0.13 0.13 0.0 0.58 1.75 1.57

PNCExtract 2.56 2.56 5.13 5.86 29.69 34.96
PolyIE 0.0 0.0 0.0 0.74 12.05 18.58

BRENDA_enzyme 0.05 0.33 0.42 1.35 34.34 47.44
BRENDA_ribozyme 0.0 0.0 1.96 4.34 26.03 30.95

OPE 16.86 20.69 10.73 16.86 19.37 16.25
PPE 5.41 0.0 1.80 12.61 48.83 62.69

SE 0.0 0.0 0.78 0.78 34.12 45.25
AE 0.0 0.0 0.0 0.0 21.23 15.31

SuperMat 4.67 0.0 0.67 1.0 11.58 26.80

AVG. 2.42 2.09 1.58 5.50 16.93 22.76

Table 3: F1 results across datasets comparing SCILIRE
with other data generation tools. F1 reported with 0–100
scale; best score is boldfaced. SCILIRE results are
based on GPT-5. Abbreviations: ICL-S: ICL static, ICL-
D: ICL Dynamic (n=all). For the full table, see Table 11.
Results are shown for 10 randomly selected PDFs.

informative diversity, since dynamic sampling here
results in the inclusion of samples that are highly
similar.

5.3 RQ2. Related Commercial Software
As outlined in the Section 2, SciSpace and Elicit
are comparable to SCILIRE as they also allow users
to curate datasets. We evaluate the standard version
of these commercial tools and our 1-shot usage of
these tools, where we co-opt the column header
input textbox in the UI to provide a statically cho-
sen prototype example.16 We use one randomly
selected static sample per dataset as the static ex-
ample.

Elicit, SciSpace, and SCILIRE can process a
different number of PDFs, with Elicit providing the
lower bound on PDF uploads. Here, we selected
a random sample of 10 PDFs from each dataset to
create a data subsample (in total 180 PDFs) used
with each tool. The results are given in Table 3.17

SciSpace outperforms Elicit in a zero-shot setting.
However, Elicit is able to better utilise static ICL.
Ultimately, SCILIRE consistently outperforms both
tools, due to its dynamic sampling (ICL) capability.
This highlights the benefits of the key differentiator
of SCILIRE: the adoption of the HAT-DC approach
over a single-pass AI approach.

16We use the Extract Data tools of SciSpace and Elicit for
comparison.

17A full comparison between SciSpace and SCILIRE across
all datasets is given in Table 12.

6 Case studies

To complement the intrinsic benchmarking results,
we provide an overview of real usage. We report on
four case studies from different scientific domains,
with each study involving one or more researchers
engaged in their own data curation tasks.

In each case study, domain expert scientists
worked with the system development team to doc-
ument task goals and evaluate progress. Variables
such as the number of documents per pilot phase
iteration were determined by the experts, who were
able to seek advice from the development team.
Users were free to judge when to end the pilot
phase and proceed to the batch phase.

6.1 Scenarios

Agriculture The scientist was interested in ex-
tracting a dataset of reported plant-pest interactions
(e.g., plant taxon, insect taxon). This research is
ongoing with a desire to extend the extraction to
thousands of articles. Here, the scientist performed
multiple rounds in the pilot phase (10-20 articles),
and the batch phase included 100 articles. The re-
sults of the batch phase were then manually verified
by the scientist.

Environmental Studies The scientist was inter-
ested in performing a meta-analysis, collating en-
vironmental datasets published in academic publi-
cations and grey literature. The aim was to survey
the field to determine a standard data schema and
then to release a harmonised version of the amal-
gamated data. In the pilot phase of the SCILIRE

workflow, the user conducted 4 rounds of validation
on 5 documents each, before scaling up to perform
the batch phase on the remainder of the dataset (ap-
prox. 200 documents). Because the results were
intended for publication, high accuracy through
human validation of the full table was required.

Biochemistry This multi-user team was inter-
ested in extracting and classifying bioactivity in-
formation on various plant compounds. Their goal
in using SCILIRE was to find the “needles in the
haystack”: the rare documents describing specific
types of bioactivity. Because such information was
scarce, the case study involved validating a mostly
sparse table. The users performed the pilot phase
through 3 iterations with 18 documents, before
electing to perform the batch phase workflow on
an additional 81 documents.
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Domain # Docs # Records Edits
(0-shot)

Edits
(ICL)

Time
(0-shot)

Time
(ICL)

Agri. 42 96 30 20 6 7
Env. St. 20 20 35 3 13 3

Biochem. 18 56 7 5 11 3
Med Man. 15 15 12 25 6 9

Table 4: User validation behaviour across case studies at
the initial (zero-shot) and final pilot phases (with ICL).
Edits: Percentage of values edited by the user. Time:
Average time (minutes) curating/correcting each PDF.

Figure 2: Average time spent validating data from the
first 20 papers across the early adopter user cases.

Medical manufacturing In this case study, the
scientists wished to extract and curate a small
dataset (approx. 30 documents) reporting on drug
trials. The extracted table included factors related
to the drug formulation, experimental design and
application area.

6.2 Overview of User Interactions

Table 4 presents an overview of four case studies
(e.g., number of documents checked; number of
records completed). These statistics confirm that
a reference article can yield more than one record.
In general, more edits are made in the initial pi-
lot phase (a zero-shot setting), and in 3 of the 4
cases, in the dynamic sampling (ICL) setting, both
the number of required edits and the time to com-
plete the task drop. We see further evidence of
the benefits of the HAT-DC approach in Figure 2,
which shows the average time spent to validate
data for the first 20 PDFs, averaged over the case
studies. While there is a high degree of variability
(std.err.: 2.5 mins/paper), we do see a significantly
decreasing trend in time (p < 0.025), indicating a
decreasing validation workload as curation interac-
tion increases.

7 Discussion and User Feedback

While quantitative benchmarks validate the perfor-
mance of SCILIRE, qualitative analysis can provide

a deeper understanding of its practical strengths.
This section presents user feedback that shows the
real-world impact of the system.

Verifying the need for data verification tools
As in earlier findings (e.g., Naddaf (2025)), inter-
view data with users indicated that they were not
prepared to trust AI-generated results in a fully au-
tomated (zero-shot) setting. That is, they wanted
to inspect and review the content, with the ability
to correct the results. This is consistent with our
interaction analysis (see Appendix D), where we
see that experts will prefer to verify the data before
accepting or rejecting it. We observed that how the
user performed this review was idiosyncratic: some
preferred to check the source PDFs, while others
preferred the supporting paragraphs. This validates
our design decision to include tools to facilitate the
curation of AI-generated data.

Opportunities in efficiency and scale Users en-
gaging with SCILIRE saw opportunities on two
fronts: (a) Scale, the ability to generate datasets at
a scale that would not be feasible manually; and
(b) Efficiency, the ability to create datasets with
less manual effort. Scaling emerged as the most
frequently reported need from users. For example,
the agriculture user reported that, given the need
to process over 6,000 documents, they could not
attempt the task manually. Another noted that for
historical datasets, SCILIRE allowed revisiting doc-
uments to add columns on experimentation context,
a task that would otherwise not be feasible man-
ually, given the dataset size. Users noted that the
dataset compilation task would normally be per-
formed by a team of researchers; with SCILIRE,
it could now be managed by one researcher with
a modest budget to cover the additional computa-
tional costs.

Given the fallibility of AI, users reported that
they preferred checking pre-populated fields to
manually populating the table from scratch. They
felt that having a starting point from which to start
the validation process increased their efficiency.
This efficiency was recognised by users as time sav-
ings. For example, one user estimated that if they
were to redo a recent manual systematic review
with SCILIRE, they might perform the task twice
as fast. Another estimated that SCILIRE reduced
the time required from 2-3 months to 1 month. This
validates the design decision to consider data cu-
ration AI tools leading to productivity benefits.
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8 Conclusion

We presented SCILIRE, a Human-AI Teaming
(HAT) system, where AI capabilities and human
expert judgements work together to enable effec-
tive dataset creation from scientific literature. Our
intrinsic benchmarking demonstrates dynamic sam-
ples for few-shot learning (from an iterative work-
flow), guides, and improves AI results. These out-
comes mirror findings in our user studies, which
reveal that the SCILIRE and the HAT approach lead
to new opportunities for scientists. With an AI-
enabled data creation and curation workflow, users
can work at scales that would be infeasible without
AI support, while gaining efficiency in overseeing
and validating the AI-generated results.

As future work, we plan to extend SCILIRE with
additional analysis capabilities, allowing users to
transform curated datasets into actionable insights
by facilitating the discovery of trends and patterns.
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A Prompts

The prompt used in the record generation module:

Please, extract ATTRIBUTE_1, ATTRIBUTE_2,
..., ATTRIBUTE_n from the given article.

For the extracted information, you MUST
respond in a list of JSON dictionaries
structure with the given
Dictionary Key Mapping.

[Dictionary Key Mapping in your response]
{
ATTRIBUTE_1: (example: VALUE_1),
ATTRIBUTE_2: (example: VALUE_2),
...
ATTRIBUTE_n: (example: ATTRIBUTE_n)
}

[Given Article Start]
ARTICLE CONTENT
[Given Article End]

The prompts used in on-demand explanations by
LLMs:

Please find the relevant paragraph that
shows that the ATTRIBUTE is VALUE
from given article.

[Given Article Start]
ARTICLE CONTENT
[Given Article End]

B Table & Figure Extraction Module

Our pipeline (Figure 3) consists of two main stages:
(1) table, figure, and caption detection, and (2) table
structure recognition (TSR).

B.1 Stage I: Table, figure, caption detection
Training. The detection model architecture is
based on Cascade R-CNN (Cai and Vasconcelos,
2018). We fine-tune the pre-trained (on COCO (Lin
et al., 2014) dataset) Cascade R-CNN using the
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SCI-3000 dataset (Darmanović et al., 2023)18 to
detect tables, figures, and their captions from PDF
page images. All the implementations are based on
Detectron219. The results are given in Table 5.

Figure 3: The Table & Figure Extraction module.

Model mAP@.5 mAP@.75 mAP

Fast R-CNN (Girshick, 2015) 96.18 94.20 87.36
Mask R-CNN (He et al., 2017) 96.21 94.39 87.57
Cascade R-CNN 97.12 95.40 90.55

Table 5: Evaluation results comparing Cascade R-CNN
with baseline approaches. The best results are bold-
faced.

Model TEDS mAP@.5

UniTable (Peng et al., 2024) 95.23 96.23
UniTable (finetuned on SciTSR) 97.98 96.98
Qwen2.5-VL-72B (Hui et al., 2025) 82.72 —

Table 6: Evaluation results comparing UniTable with
and without finetuning. The best results are boldfaced.

Inference. We convert each PDF page into an
image. The detection model then identifies tables,
figures, and their captions on each page.

B.2 Stage II: Table structure recognition
Training. Table structure recognition architec-
ture is based on UniTable (Peng et al., 2024). We
fine-tune the model on the SciTSR dataset (Chi
et al., 2019), which contains 15k table images (12k
for training and 3k for testing) and their correspond-
ing structure labels obtained from LaTeX source
files. We convert the SciTSR data annotation for-
mat to HTML to align with the UniTable training
and TEDS evaluation format. The comparison re-
sults between the base model and our fine-tuned

18The original SCI-3000 dataset uses a single caption label
for both tables and figures. For our task, we re-annotate the
captions to separate table captions from figure captions to
provide finer granularity. The resulting dataset contains four
labels: table, table caption, figure, and figure caption.

19https://github.com/facebookresearch/
detectron2

model are shown in Table 6. Since the model pre-
dicts HTML-formatted table structures, we convert
the predicted HTML into markdown as the final
output.

Inference. The TSR model reads each detected
table image and infers the table structure along with
its content. It outputs the table in markdown for-
mat, the extracted cell content, and the correspond-
ing caption (extracted by Tesseract OCR (Smith,
2007)).

C Experimental Details

C.1 Datasets

For the quantitative experiments (Section 5.1),
we use datasets from multiple domains spanning
machine learning, materials science, chemistry,
medicine, and physics20. Together, these datasets
provide broad, heterogeneous, and real scientific
documents for evaluating SCILIRE.

• Machine Learning: Leaderboard construc-
tion task from NLP papers (TDMS, SciREX).

• Materials Science: Extraction of composi-
tions, experimental parameters, and material
properties from diverse subfields (MPEA, Dif-
fusion, YSHEAY, CCRMG, MRL, Doping,
MMD, PolyIE, PNCExtract).

• Chemistry: Extraction of molecular struc-
tures, reaction properties, and material charac-
teristics (BRENDA, OPE, PPE, SE).

• Medicine: Affinity extraction involving
molecules, SMILES, and bioassay targets
(AE).

• Physics: Extraction of superconductor mate-
rials and properties (SuperMat).

The statistical details of datasets are given in
Table 7.

C.2 Experimental Settings of HAT-DC
Workflow

Algorithm 1 outlines the HAT-DC-mimicking
workflow. This procedure allows us to simulate
iterative human-AI interactions and evaluate the
benefits of HAT-DC guidance in a controlled, re-
producible manner. As a reminder, the user actively
selects samples for a sample pool for dynamic sam-
pling in SCILIRE, rather than random sampling.

20You can find more details about datasets (e.g., schema) at
https://github.com/bolucunecva/table_generation
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Domain Dataset # Documents Avg. Pages # Records Records / Document Schema Size Reference

Machine Learning
TDMS 332 10.52 904 2.72 4 Hou et al. (2019)
SciREX 372 11.83 1,897 5.34 5 Jain et al. (2020)

Material Science

MPEA 264 8.70 1,544 5.85 17 Borg et al. (2020)
Diffusion 93 14.02 3,533 37.99 18 Zhang et al. (2010)
YSHEAY 219 15.65 837 3.82 3 Polak et al. (2024)
CCRMG 24 11.96 43 1.79 3 Polak et al. (2024)
Doping 66 6.66 544 8.24 3 Dunn et al. (2022)
MMD 3 6.00 140 46.67 16 Xie et al. (2023)
MRL 100 5.81 993 9.93 19 Xie et al. (2023)

PNCExtract 155 8.92 838 5.41 6 Khalighinejad et al. (2024)
PolyIE 76 8.58 2,337 30.75 3 Cheung et al. (2024)

Chemistry

BRENDA-enzyme 155 12.45 4,210 27.16 13 Jiang et al. (2025)
BRENDA-ribozyme 163 11.05 1,756 10.77 17 Jiang et al. (2025)

OPE 104 7.55 255 2.45 7 Cai et al. (2025)
PPE 109 6.97 265 2.43 6 Cai et al. (2025)
SE 96 8.01 2,363 24.61 3 Cai et al. (2025)

Medicine AE 40 4.30 406 10.15 3 Cai et al. (2025)

Physics SuperMat 142 8.55 1,301 9.16 4 Foppiano et al. (2021)

Table 7: Statistics of datasets across five domains.

Algorithm 1: Mimic HAT-DC Workflow
Input: Dataset D; pool size k; samples m; schema

H; LLM LLM
Output: Table T
T← [ ];
S ← samples of D; N ← |S|;
for t← 1 to N do

test← S[t];
trainCandidates← S \ {test};
pool← RandomSample(trainCandidates, k);
ranked← BM25Rank(test, pool);
sample← ranked[1:m];
records←
Prediction(LLM, test, sample, H);

append ⟨records⟩ to T;

return T

C.3 Evaluation metrics

We adapt table-generation metrics for record-level
evaluation (Ghosh et al., 2024; Khalighinejad et al.,
2024; Cheung et al., 2024; Feng et al., 2024; Jiang
et al., 2025). Precision, Recall, and F1 are com-
puted with, where a cell counts as correct only if it
exactly matches the aligned reference. ChrF is also
reported in the record-aligned setting, measuring
character n-gram overlap to capture partial matches
and minor differences.

C.4 Models

The details of the models used in the record gener-
ation module of SCILIRE (Section 4.2) are given
in Table 8.

C.5 All Experimental Results

The overall experimental results across all datasets
and models are summarised in Table 9. Table 10
the full per-dataset results using GPT-5 as LLM.

Model # of Par. Context Length Open-Source Family

GPT-OSS:20b 20B 128K ✓ OpenAI
GPT-OSS:120b 120B 128K ✓ OpenAI

Gemma3:1B 1B 32K ✓ Google
Gemma3:4B 4B 128K ✓ Google

Gemma3:12B 12B 128K ✓ Google
Gemma3:27B 27B 128K ✓ Google

Qwen3:0.6B 0.6B 40K ✓ Qwen
Qwen3:4B 4B 256K ✓ Qwen

Qwen3:14B 14B 40K ✓ Qwen
Qwen3:32B 32B 40K ✓ Qwen

Phi-4 14B 16K ✓ Microsoft
DeepSeek-R1-Llama:8B 8B 128K ✓ DeepSeek

DeepSeek-R1-Llama:70B 70B 128K ✓ DeepSeek
DeepSeek-R1-Qwen3:14B 14B 128K ✓ DeepSeek
DeepSeek-R1-Qwen3:32B 32B 128K ✓ DeepSeek

GPT-5 ? 400K ✗ OpenAI

Table 8: Details of models used in record generation
module (Section 4.2) of SCILIRE.

Detailed tool-level comparisons are reported in
Table 11, and Table 12 presents a comprehensive
comparison between SCILIRE and SciSpace across
all datasets using the complete document collec-
tions.

D User Data

In Figure 4, we see that most of the acceptances and
rejections of AI extracted records are performed
via a verification step of either checking the tool’s
built-in verification support features or checking
the reference. This supports the premise that scien-
tists wish to verify and curate data, consistent with
our HAT-DC approach. That pure automation is
not necessarily what scientists are looking for.

E Demo Walkthrough

In the demonstration software accompanying this
paper, we consider the scenario where a user aims
to curate a dataset for a well-known scenario in
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TDMS 12.20 12.13 18.80 21.90 17.13 25.09 17.98 21.91 16.10 22.10 23.02 21.19 22.53 26.04 23.13 25.02
SciREX 4.10 3.97 14.45 15.08 7.82 15.69 17.06 16.53 10.56 18.12 17.65 6.26 08.45 15.99 14.56 18.27

MPEA 9.29 10.45 13.45 18.36 8.43 15.23 18.43 17.56 13.54 19.45 16.34 7.21 14.56 12.42 13.21 30.64
Diffusion 0.45 4.20 5.45 8.36 0.68 6.34 9.12 12.25 3.12 14.21 16.34 7.10 9.21 12.10 12.46 17.20
YSHEAY 9.23 10.13 12.21 13.10 17.35 14.25 15.99 16.48 11.24 16.23 14.56 12.48 13.21 12.02 10.45 7.93
CCRMG 5.85 5.23 5.71 3.37 4.96 5.01 5.89 9.03 8.91 6.10 7.03 2.24 3.87 5.02 4.65 2.89

Doping 6.44 11.99 13.70 15.82 3.68 11.83 14.78 15.20 13.15 15.33 16.45 9.08 10.21 14.04 13.67 12.95
MMD 1.22 3.15 4.7 3.96 1.26 1.30 11.05 5.92 4.23 11.08 10.98 1.39 8.45 2.48 6.10 8.54
MRL 0.23 0.45 0.59 1.23 0.67 1.34 1.97 1.95 0.45 1.78 1.82 0.56 1.10 1.13 1.12 1.82

PNCExtract 12.66 29.29 34.30 35.78 20.82 21.07 42.49 27.86 19.92 26.12 29.48 20.73 32.87 30.35 28.23 43.59
PolyIE 3.54 17.04 21.38 23.69 6.56 16.47 20.60 19.05 17.25 21.10 20.03 15.12 14.32 17.51 16.18 18.34

BRENDA_enzyme 3.08 17.04 16.85 22.97 3.11 5.44 24.07 30.83 15.12 31.27 32.33 7.31 13.23 14.45 13.45 36.59
BRENDA_ribozyme 1.16 3.80 6.05 7.74 2.05 2.81 6.47 14.98 4.36 15.98 14.65 5.82 6.23 5.81 8.10 18.48

OPE 5.34 9.23 12.27 15.20 13.21 16.05 17.54 16.89 9.24 20.13 21.05 15.32 14.23 13.45 17.89 22.12
PPE 16.38 41.16 45.65 60.48 50.21 54.62 63.43 66.80 55.52 66.10 65.86 34.63 54.19 56.86 55.10 64.60

SE 4.35 24.86 29.13 31.06 9.36 23.23 43.87 43.42 32.73 45.10 44.61 17.50 22.10 30.75 31.20 46.78
AE 1.92 8.0 19.19 21.75 2.97 21.28 23.20 25.89 12.54 24.45 23.76 19.22 20.10 19.63 18.65 11.53

SuperMat 12.74 22.95 28.40 23.51 10.47 11.55 13.48 13.80 19.53 21.0 20.14 8.75 9.56 13.41 14.32 17.14

AVG. 6.12 13.06 16.79 19.07 10.04 14.92 20.41 20.91 14.86 21.98 22.01 11.77 15.47 16.86 16.80 22.47

Table 9: F1 results across datasets for multiple LLMs and their ability to benefit from ICL Dynamic sampling
(n=all). F1 reported with 0–100 scale; best score is boldfaced. For detailed results, see https://github.com/
bolucunecva/scilire.

machine learning and computer science: generating
a leaderboard in the computer science domain (for
an overview, see Timmer et al. (2025)).

Notionally, the user would first create a project
by uploading the schema and a collection of doc-
uments (Figure 5). For demonstration purposes,
papers have been uploaded and the project created
in advance.21

In Figure 6, we see how the user navigates to
their project. By clicking on Projects in the left-
hand navigational menu, the user can click the
option “Manage” for the registered project, here
called “TDMS” (For the leaderboard dataset of the
same name, which stands for “Task, Dataset, Met-
ric, Score” (Hou et al., 2019)).

In Figure 7, we see how the user can revisit the
outcomes of the Human-AI Team approach and
the iterative data curation workflow. The interface
contains a table labelled “Previous Extractions”,
where Samples 1-3 represent iterations through the
pilot phase.

Figure 8 shows a table in Sample 1, which has
been edited and curated by the user. Sample 1 is
the first batch, in which SCILIRE generates records

21Due to legal constraints, we are unable to provide a non-
licensed user account (i.e., a demo account) that demonstrates
the uploading of the given dataset due to copyright legislation
in Australia.

for the selected PDFs whereby the LLM generates
results under the zero-shot setting. The yellow cells
in Sample 1 show which data the user has reviewed
and corrected.

Subsequent samples (e.g., Samples 2-3) pro-
ceed iteratively, with SCILIRE leveraging the user-
corrected and verified records via dynamic sam-
pling to generate records (Figure 9).

Once the user is satisfied, they trigger the batch
phase, where all remaining documents are pro-
cessed to generate records, producing a complete,
curated dataset ready. This is represented by the
output in Sample 4, which benefits from dynamic
sampling drawn from the pool of data in Samples
1-3.
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Zero-shot ICL -10 ICL -50 ICL -100 ICL -all

Models P R F1 ChrF P R F1 ChrF P R F1 ChrF P R F1 ChrF P R F1 ChrF

TDMS 6.95 18.75 10.14 11.94 13.88 30.14 19.01 13.88 16.47 38.2 23.01 14.70 17.68 40.13 24.54 15.11 18.12 40.38 25.02 15.05
SciREX 2.8 5.29 3.66 7.16 10.67 18.39 13.51 10.16 12.61 20.07 15.49 10.78 12.53 21.06 15.71 11.09 14.52 24.61 18.27 11.63
MPEA 31.12 27.56 29.23 0.74 34.59 30.68 32.52 0.91 32.9 28.24 30.39 0.77 32.45 29.32 30.81 0.74 31.92 29.45 30.64 0.74

Diffusion 33.51 11.86 17.52 1.54 32.51 12.43 17.99 1.58 33.13 11.98 17.59 1.6 – – – – 30.35 12.0 17.20 1.52
YSHEAY 2.94 29.51 5.34 12.32 4.45 34.41 7.87 12.96 4.69 35.96 8.30 13.14 4.54 34.85 8.03 13.11 4.47 35.36 7.93 13.28
CCRMG 0.96 18.7 1.82 11.64 1.31 23.58 2.48 13.59 – – – – – – – – 1.53 25.20 2.89 12.48

Doping 20.66 4.62 7.55 10.35 23.65 9.18 13.23 14.85 26.19 10.17 14.65 14.10 – – – – 22.32 9.12 12.95 14.57
MMD 2.98 0.45 0.78 1.08 – – – – – – – – – – – – 37.5 4.82 8.54 2.12
MRL 3.54 1.20 1.80 1.12 3.95 1.33 1.99 1.14 4.22 1.34 2.04 1.19 – – – – 4.25 1.43 1.82 2.01

PNCExtract 30.61 31.7 31.14 9.66 40.4 40.02 40.21 10.73 42.71 42.2 42.46 11.24 45.82 44.29 45.04 11.49 44.83 42.42 43.59 11.50
PolyIE 11.43 19.04 14.29 15.67 15.78 22.61 18.58 15.79 16.33 21.69 18.64 15.75 – – – – 15.88 21.69 18.34 15.75

BRENDA_enzyme 36.2 21.0 26.58 4.14 52.59 28.31 36.81 4.94 49.72 26.21 34.33 4.77 51.14 27.94 36.14 4.91 53.08 27.92 36.59 5.06
BRENDA_ribozyme 14.08 10.06 11.74 2.09 21.17 15.42 17.84 2.36 22.95 16.39 19.12 2.51 22.36 16.05 18.69 2.49 22.47 15.69 18.48 2.51

OPE 16.33 35.34 22.33 5.78 21.15 45.64 28.91 7.19 20.69 44.09 28.17 7.16 17.38 37.76 23.80 5.97 16.03 35.65 22.12 5.88
PPE 41.65 68.05 51.67 11.62 58.68 80.38 67.83 14.07 55.78 78.93 65.36 13.72 53.78 81.38 64.76 13.83 53.91 80.57 64.60 13.81

SE 40.50 33.38 36.6 11.42 49.16 37.76 42.71 12.5 51.61 43.15 47.00 12.41 – – – – 51.83 42.62 46.78 12.8
AE 17.25 13.53 15.17 5.12 20.25 16.04 17.90 10.03 17.77 14.79 16.14 8.87 – – – – 13.56 10.03 11.53 9.34

SuperMat 11.48 3.76 5.66 9.30 40.05 12.72 19.31 11.06 33.08 11.06 16.58 11.23 34.24 11.16 16.83 11.32 34.63 11.39 17.14 11.06

Table 10: Evaluation results across datasets. Cells marked with ‘–’ indicate that the dataset does not have enough
train data for evaluation. All scores are reported on a 0–100 scale, with the best F1 score highlighted in boldfaced.
LLM: GPT-5.

SciSpace Elicit SCILIRE best (ICL large)

Zero-shot ICL (Static) Zero-shot ICL (Static) Zero-shot ICL (Dynamic)

Dataset P R F1 ChrF P R F1 ChrF P R F1 ChrF P R F1 ChrF P R F1 ChrF P R F1 ChrF

TDMS 0.0 0.0 0.0 2.97 0.0 0.0 0.0 4.36 0.0 0.0 0.0 5.43 5.0 2.27 3.13 7.70 2.4 11.36 3.97 9.42 7.94 22.73 11.76 11.08
SciREX 0.0 0.0 0.0 2.97 0.0 0.0 0.0 2.97 2.0 0.74 1.08 3.73 12.0 4.44 6.49 6.80 2.09 5.19 2.98 8.09 12.43 34.07 18.22 14.21
MPEA 47.06 7.71 13.26 0.24 47.06 7.71 13.26 0.24 0.0 0.0 0.0 0.22 0.0 0.0 0.0 0.29 39.13 42.33 40.67 0.73 39.59 45.35 42.27 0.74

Diffusion 20.99 0.33 0.65 0.35 20.99 0.33 0.65 0.35 1.85 0.03 0.06 0.55 17.28 0.27 0.53 0.96 23.29 3.98 6.80 1.41 27.51 5.17 8.71 1.59
YSHEAY 0.0 0.0 0.0 5.12 0.0 0.0 0.0 5.12 3.33 1.67 2.22 5.35 20.0 10.0 13.33 11.28 1.73 33.33 3.29 11.72 2.97 41.67 5.54 12.22
CCRMG 0.0 0.0 0.0 3.83 0.0 0.0 0.0 3.92 0.0 0.0 0.0 4.12 33.33 16.67 22.22 8.36 0.96 15.0 1.80 11.82 1.42 21.67 2.67 11.73

Doping 0.0 0.0 0.0 4.47 0.0 0.0 0.0 4.04 13.33 2.08 3.60 5.05 33.33 5.21 9.01 7.61 20.0 3.12 5.41 8.32 22.22 8.33 12.12 9.67
MMD 0.0 0.0 0.0 0.29 0.0 0.0 0.0 0.25 0.0 0.0 0.0 0.30 6.25 0.13 0.26 0.46 2.98 0.45 0.78 1.08 36.18 4.91 8.65 1.96
MRL 1.05 0.07 0.13 0.24 1.05 0.07 0.13 0.23 0.0 0.0 0.0 0.40 4.74 0.31 0.58 0.64 4.66 1.07 1.75 1.08 4.90 0.93 1.57 1.10

PNCExtract 11.67 1.44 2.56 1.56 11.67 1.44 2.56 1.56 23.33 2.88 5.13 4.43 26.67 3.29 5.86 5.05 40.43 23.46 29.69 9.64 51.19 26.54 34.96 10.83
PolyIE 0.0 0.0 0.0 4.71 0.0 0.0 0.0 4.89 0.0 0.0 0.0 4.0 13.33 0.38 0.74 7.33 10.56 14.04 12.05 13.60 17.24 20.15 18.58 15.11

BRENDA_enzyme 0.77 0.02 0.05 0.61 5.38 0.17 0.33 0.64 6.92 0.22 0.42 0.59 22.31 0.70 1.35 1.51 47.03 27.04 34.34 4.37 65.2 37.28 47.44 5.56
BRENDA_ribozyme 0.0 0.0 0.0 0.55 0.0 0.0 0.0 0.51 8.24 1.11 1.96 0.48 18.24 2.46 4.34 0.86 26.39 25.68 26.03 2.24 30.75 31.16 30.95 2.67

OPE 24.44 12.87 16.86 1.02 30.0 15.79 20.69 0.99 15.56 8.19 10.73 1.85 24.44 12.87 16.86 2.92 13.22 36.18 19.37 4.84 10.66 34.21 16.25 4.40
PPE 10.0 3.7 5.41 1.75 0.0 0.0 0.0 1.21 3.33 1.23 1.80 2.11 23.33 8.64 12.61 3.55 39.39 64.20 48.83 11.61 52.5 77.78 62.69 14.09

SE 0.0 0.0 0.0 1.9 0.0 0.0 0.0 1.9 10.0 0.41 0.78 2.44 10.0 0.41 0.78 3.12 32.83 35.53 34.12 11.27 49.41 41.74 45.25 13.08
AE 0.0 0.0 0.0 4.26 0.0 0.0 0.0 4.26 0.0 0.0 0.0 3.44 0.0 0.0 0.0 5.08 23.94 19.07 21.23 3.43 17.58 13.56 15.31 6.13

SuperMat 50.0 2.45 4.67 2.12 0.0 0.0 0.0 1.91 7.14 0.35 0.67 2.71 10.71 0.52 1.0 3.63 23.40 7.69 11.58 9.27 51.6 18.10 26.80 11.44

Table 11: Evaluation results across datasets comparing SCILIRE with other data generation tools. All scores are
reported on a 0–100 scale, with the best F1 score highlighted in boldfaced. SCILIRE results are based on GPT-5.

SciSpace SCILIRE best (ICL large)

Zero-shot ICL (Static) Zero-shot ICL (Dynamic)

Dataset P R F1 ChrF P R F1 ChrF P R F1 ChrF P R F1 ChrF

TDMS 0.08 0.03 0.04 2.22 0.0 0.0 0.0 3.02 6.95 18.75 10.14 11.94 18.12 40.38 25.02 15.05
SciREX 0.00 0.00 0.0 1.3 0.0 0.0 0.0 1.91 2.8 5.29 3.66 7.16 14.52 24.61 18.27 11.63
MPEA 50.32 8.60 14.69 0.1 47.62 8.14 13.9 0.12 31.12 27.56 29.23 0.74 31.92 29.45 30.64 0.74
Diffusion 18.60 0.49 0.95 0.27 14.67 0.38 0.75 0.3 33.51 11.86 17.52 1.54 30.35 12.0 17.20 1.52
YSHEAY 0.00 0.00 0.00 3.73 0.0 0.0 0.0 5.0 2.94 29.51 5.34 12.32 4.47 35.36 7.93 13.28
CCRMG 0.00 0.00 0.00 3.33 0.0 0.0 0.0 3.21 0.96 18.7 1.82 11.64 1.53 25.20 2.89 12.48
Doping 0.00 0.00 0.00 2.94 0.0 0.0 0.0 3.36 20.66 4.62 7.55 10.35 22.32 9.12 12.95 14.57
MMD 0.00 0.00 0.00 0.29 0.0 0.0 0.0 0.25 2.98 0.45 0.78 1.08 37.5 4.82 8.54 2.12
MRL 2.00 0.20 0.37 0.24 1.79 0.18 0.33 0.3 3.54 1.20 1.80 1.12 4.25 1.43 1.82 2.01
PNCExtract 20.32 3.76 6.34 1.43 15.91 2.94 4.97 2.16 30.61 31.7 31.14 9.66 44.83 42.42 43.59 11.50
PolyIE 0.00 0.00 0.00 5.12 0.0 0.0 0.0 4.95 11.43 19.04 14.29 15.67 15.88 21.69 18.34 15.75
BRENDA_enzyme 10.72 0.39 0.76 0.42 10.12 0.37 0.72 0.54 36.2 21.0 26.58 4.14 53.08 27.92 36.59 5.06
BRENDA_ribozyme 1.41 0.13 0.24 0.27 0.79 0.07 0.13 0.31 14.08 10.06 11.74 2.09 22.47 15.69 18.48 2.51
OPE 27.67 11.29 16.03 0.71 30.77 12.55 17.83 0.91 16.33 35.34 22.33 5.78 16.03 35.65 22.12 5.88
PPE 2.14 0.88 1.25 1.13 0.0 0.0 0.0 1.12 41.65 68.05 51.67 11.62 53.91 80.57 64.60 13.81
SE 0.00 0.00 0.00 1.71 0.0 0.0 0.0 1.71 40.50 33.38 36.6 11.42 51.83 42.62 46.78 12.8
AE 0.00 0.00 0.00 3.48 0.0 0.0 0.0 3.46 17.25 13.53 15.17 5.12 13.56 10.03 11.53 9.34
SuperMat 23.77 2.59 4.68 3.13 0.0 0.0 0.0 3.41 11.48 3.76 5.66 9.30 34.63 11.39 17.14 11.06

Table 12: Evaluation results across the full datasets comparing SCILIRE and SciSpace. F1 reported with 0–100
scale; best score is boldfaced. SCILIRE results are based on GPT-5.
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Figure 4: Interaction flows within SCILIRE for the early adopter trials. Results show that most data acceptance
(locking_data) or rejections (setting_irrelevant) occur via a data verification step (either checking the provenance
data or the original source PDF). “Vetting popup” here refers to the verification support tools. “Updating_value”
refers to human editing and manual data curation activities. Actions with “1” at the end are used to eliminate cycles
for the purposes of visualisation with a Sankey diagram.
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Figure 5: A screenshot of SCILIRE for project creation.
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Figure 6: A listing of a user’s projects.

Figure 7: The “samples” representing the table output from the iterative workflow.
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Figure 8: The table in Sample 1, which has been edited and curated by the user.

Figure 9: A screenshot from the pilot phase (Sample 3) of the AI-augmented curation workflow in the demo.
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