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Abstract

Evaluating research in flexible electronics re-
quires weighing evidence across multiple tech-
nical and manufacturing dimensions. How-
ever, current LLM-based approaches largely
rely on unstructured text and generic evalua-
tion criteria, limiting their ability to assess sci-
entific work at the device level. We present
FlexSciEval, a multi-agent framework that first
turns each paper or research plan into an au-
ditable structured record, then uses dimension-
specific agents to score academic impact, fabri-
cation realizability, and novelty. We also con-
struct a 60-paper expert-annotated benchmark
for validation and scale the framework to 4,158
papers. FlexSciEval reduces overall mean abso-
lute error by 10.4% compared with direct LLM
evaluation on the benchmark annotated by ex-
perts, although gains vary by model and di-
mension. These results indicate that grounding
LLM evaluation in structured and dimension-
specific evidence improves the reliability of
automated scientific assessment in the field of
flexible electronics, providing a practical ba-
sis for more reliable agent-based evaluation in
experimental device research in the future.

1 Introduction

Automated scientific evaluation aims to produce
evidence-supported judgments about research ar-
tifacts for applications such as literature analysis,
peer review, and Al-assisted research planning. We
study this task in flexible electronics, where papers
describe deformable devices and systems includ-
ing wearable sensors, bioelectronic interfaces, elec-
tronic skin, and soft robotic modules (Guo et al.,
2025; Sun et al., 2024). In this experimental do-
main, an evaluator must infer scientific value from
interdependent evidence about materials and re-
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ported performance rather than from textual pre-
sentation alone (Chen et al., 2023a).

Existing LLM-based evaluators largely operate
on paper text and general-purpose rubrics (Bharti
et al., 2026; Chu et al., 2024), which creates three
coupled challenges for device-level research. First,
evidence is distributed across prose, figures, tables,
and experimental descriptions, so the evaluated ob-
ject is not explicit. Second, impact, realizability,
and novelty require different evidence sources and
reasoning criteria. Third, novelty must be judged
against technically comparable devices rather than
broadly similar text. Consequently, direct full-text
scoring is difficult to audit and can overlook con-
straints imposed by materials and integration.

We address these challenges with FlexSciEval,
a structure-grounded multi-agent framework illus-
trated in Figure 1. Its central insight is to sepa-
rate evidence construction from dimension-specific
judgment: a schema-constrained extractor first rep-
resents each paper or plan as an auditable device-
and system-level record, after which specialized
agents assess impact using bibliometric signals,
realizability using material-process—equipment ev-
idence, and novelty using structured retrieval over
related work. This separation makes each score
traceable to the evidence appropriate for that di-
mension and allows the same protocol to evaluate
both published papers and pre-fabrication plans.

We evaluate FlexSciEval at multiple scales. We
first construct a 60-paper benchmark whose struc-
tured records and scientific judgments are reviewed
and adjudicated by nine flexible-electronics experts.
We then test scalability on 4,158 papers drawn from
a structured collection of more than 16,000 papers.
Finally, we apply the protocol to plans produced by
two Al research platforms for 15 expert-designed
tasks, using these cases to study pre-fabrication
diagnostics.

Experimental results show that FlexSciEval re-
duces overall MAE relative to direct LLM eval-

1243

The Proceedings of the Second Workshop for REsearch on Agent Language Models (REALM 2026), pages 1243-1262
October 29, 2026 ©2026 Association for Computational Linguistics



(" )
o Input Paper e Structured Extraction e Automatic Three-Dimensional Evaluation 0 Final Evaluation
= o . S
I core Radar
H — OCR / Parsing Machine-readable @ Academic impact How well s its impact supported by external evidence?
lighly Stretchable =D Impact
Graphene-Based @ structured schema g ¢ External Evidence Sources Impact Score
Strain Sensor il P
Abstract v &F — ()3 & @ o_ e 1 -
Understanding e . ¥ = cas %) | open
<, Structured Record Impact Agent Wos P —\
Figure ‘%’ Realizability
. fore v © realizability can this work actually be built? % Human Alignment
. )| Schema Mapping Realizability Score| —
Researcher 00 o =)
= &3 sl-g-8-8-8 - 9235 e, b
Table = » & @ KR — oo
Strain P o ‘ Structured  Material Agent  Process Agent Equipment Agent  Judge Agent N
- R rd
w23 | o Structured Record ecor _IL—J
wo | ®2 | o {3] o ) ) AutoR h E; ti
& G Novelty How new is it compared with related work? utoResearch Execution
Formula o Pre-evaluate Al-generated
GF = (AR /R0) /¢ l L Target Paper Fields Retrieve Related Papers Structured Comparison Novelty Score By experimental plans
References Structured RAG Search I8 New Materials? i} 3 I before lab execution
N Extraction Quality Control 4] y
T @ ty — JEdY o B ey ‘Q Efficiency
et - - C e R 5% New Structure? £
leterogeneous || Evidence Confidence | | Reliable | - . & - -
L Completeness Support Calibration | | Record | (&) &) (A New performance? ; )
Paper Content Bppcson Coarse || Fine & New Application? ) Y|’ ©F >
Py o ew Application P ¢
| DB | (Gomes | L N e o s nee e

Figure 1: Overview of FlexSciEval. The framework turns flexible-electronics papers and generated research plans
into structured scientific records, then evaluates them with task-specific agents.

uation by 10.4% (p = 0.0048), although gains
vary across models and dimensions. We found
that impact evaluation benefits most consistently
from bibliometric evidence, whereas novelty eval-
uation remains evaluator-sensitive. Overall, these
results provide an initial formulation of structure-
grounded scientific assessment in an experimental
device domain, together with an auditable evalua-
tion protocol and an expert-curated pilot resource.

2 Related Work

LLM-based Scientific Evaluation. LLMs have
been studied as scalable evaluators for and scien-
tific evaluation (Bharti et al., 2026; Su et al., 2025;
Chu et al., 2024; Kocaman et al., 2025). These
approaches improve consistency through rubrics,
intermediate judgments, or simulated review work-
flows, but their primary evaluation object remains
text or a general response. They therefore do
not explicitly represent the coupled material, pro-
cess, structure, equipment, and performance ev-
idence needed to judge an experimental device.
FlexSciEval differs by grounding each dimension-
specific judgment record and evidence source tai-
lored to that dimension.

Al for Materials. Al for Science has advanced
rapidly in materials-related domains, including ma-
terials intelligence platforms (Ma et al., 2024),
multi-fidelity learning (Cheng et al., 2026), gen-
erative materials optimization (Fuhr and Sumpter,
2022), and inverse design (Debnath et al., 2023;
Han et al., 2025). These studies show the grow-
ing role of Al in accelerating materials discovery,
reducing experimental cost, and supporting multi-

objective design. Flexible electronics is closely
connected to this broader materials-science ecosys-
tem, but its core research target is not only ma-
terial discovery; it also involves the fabrication,
integration, and evaluation of functional devices,
components, interfaces, and systems.

Al-Assisted Device Research. Compared with
Al for materials, Al-assisted device research re-
mains at an early stage, with only limited efforts
beginning to address device-level challenges (Lin
et al., 2025; Li et al., 2026). This gap is especially
clear in experimental fields where materials, struc-
tures, processes, interfaces, and device-relevant
information are sparse, heterogeneous, and diffi-
cult to structure. The lack of device- and system-
level extraction methods, evaluation protocols, and
expert-aligned benchmarks limits how Al systems
can learn from prior work or provide feedback for
new designs. This gap motivates us to formulate au-
tomated evaluation of flexible-electronics research
as a source-grounded scientific NLP task before
introducing a concrete framework for it.

3 FlexSciEval

3.1 Task and Framework Overview

Given a published paper or an Al-generated
research plan, FlexSciEval returns dimension-
specific scores together with evidence traces for
each judgment. Published papers are evaluated
for academic impact, fabrication realizability, and
novelty. Generated plans are evaluated only for pre-
fabrication realizability and novelty because they
have neither publication evidence nor measured
device performance.
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Table 1: Fields in the grouped structured scientific
records.

Category Extracted fields

Paper intent  Article title; overview; device type; problem
addressed; application scenarios; and main

innovations.

Materials Core raw materials; pretreatment
requirements; device role; and pretreatment

method.

Fabrication = Complete fabrication steps; specific

processes used; and process steps.

Integration  Integration steps; device structure; functional

combination; and final integrated device.
Equipment  Equipment name and equipment function.

Performance Metric name; value; unit; and test conditions.

FlexSciEval separates evidence construction
from scientific judgment (Figure 1). For an ar-
tifact x;, a schema-constrained extractor Fy first
constructs a shared scientific record z;. Each appli-
cable evaluator Ai then combines this record with
dimension-specific evidence e;»i to produce a score
and evidence trace:

2 = Eg(x;), (1)
(81,5 Ti,d) = Ai(zi, el), deD;. ()

Overall scores use a 0-5 scale and subdimension
scores use a 0-3 scale. Judge agents assign overall
scores from the available evidence and subdimen-
sion assessments rather than by simple averaging.
The remainder of this section describes the shared
record and the evidence used for each evaluation
dimension.

3.2 Structured Scientific Records

FlexSciEval represents every artifact with the same
fixed JSON schema linking research intent to de-
vice implementation and reported evidence (Ta-
ble 1). MinerU (Wang et al., 2026) converts pub-
lished PDFs into document-ordered parsed text,
whereas generated plans are used directly. The ex-
tractor retains only source-supported information,
preserves reported values and units, and marks ab-
sent information as missing. The resulting record is
therefore an auditable evidence object rather than a
free-form summary.

Before downstream scoring, a quality evalua-
tor )y checks the record against the source over
15 evaluation units: 11 scalar fields and four
structured groups covering materials, processes,
equipment, and performance. Its unit-level assess-
ments are aggregated into a record-quality score

¢i = Q4(i,2;). The corpus pipeline uses a fixed
2-Way evaluator and excludes records below the
empirically specified 85% threshold. Section 5.1
evaluates this configuration against expert annota-
tions, and Appendix A reports the filtering proto-
col.

3.3 Dimension-Specific Evaluators
3.3.1 Academic Impact

Academic impact denotes observed recognition of
a published paper, not intrinsic scientific quality.
A scholarly-evidence module resolves the target
paper from its title and publication metadata and
returns two evidence groups:

;mpact — ;/enue7 Zgltatlon . (3)
Venue evidence includes journal identity, CAS/JCR
ranking, impact factor, CiteScore, and rank per-
centile; citation evidence includes publication age,
total and age-normalized citations, yearly counts,
recent intensity, and trend. The evaluator scores
publication-platform quality and scholarly influ-
ence before assigning an evidence-supported over-
all judgment. We also conducted ablation study re-
garding the CAS-stratified corpus analysis, where
CAS labels are withheld and used only for post-hoc
aggregation.

3.3.2 Fabrication Realizability

Fabrication realizability estimates whether the de-
scribed device can plausibly be made under the
evaluation rubric. Material, process, and equip-
ment agents inspect the corresponding slices of z;
and return a sub-score, rationale, visible evidence,
and confidence. A JudgeAgent then verifies these
assessments against the record and produces the
overall score:

sieal = Jreal(2i, 11", rf, ). 4)
Aggregation is bottleneck-aware: routine moderate
barriers need not lower an otherwise executable
workflow, whereas a single prohibitive material,
process-control, or equipment barrier can dominate
the final judgment. This score estimates plausibility
under the rubric and is not evidence that the device
has been fabricated successfully.

3.3.3 Novelty with Structured Retrieval

Novelty is assessed relative to prior work retrieved
from the indexed corpus. FlexSciEval represents
each record through four embedded views: a broad

1245



retrieval view, an object view, an application view,
and a problem view. Candidate retrieval is per-
formed using Qwen3-Embedding-4B (Zhang et al.,
2025b). The initial search applies a similarity
threshold of 0.65; if too few candidates are re-
turned, it falls back to the top 80 candidates. The
retrieved candidates are then classified using strict
view-specific thresholds. If fewer than 10 related
papers are found, a relaxed profile is used instead
(Appendix B).

Papers matching all three structured views form
the fine-related set, while those matching at least
two form the coarse-related set. The evaluator re-
ceives at most 12 representatives from each set;
when fewer than five fine-related papers are avail-
able, the coarse-related limit increases to 18. It
compares the target with these precedents along
material, method, integration, performance, and
application dimensions and returns sub-scores, an
overall score, and supporting precedents. Perfor-
mance novelty is marked not applicable for gen-
erated plans because no measurement exists. The
result is therefore novelty relative to the indexed
corpus and retrieval configuration: failure to re-
trieve a close precedent supports but does not prove
global novelty.

4 Experimental Setup

Dataset. We use three data settings. The first is a
familiarity selected 60-paper benchmark annotated
by nine flexible-electronics researchers (four Mas-
ter’s students, one PhD student, three postdoctoral
researchers, and one associate professor): one ex-
pert initially labels each paper, followed by team
adjudication. Its consensus labels support expert
alignment analysis (Table 9).

The second setting retains 4,158 papers after
quality and technical filtering from a structured col-
lection of more than 16,000 papers and stratified by
CAS journal ranking level. Records with extraction
quality below 85% or affected by technical failures
were filtered out, retaining approximately 94.5%
of candidates. It evaluates large-scale coverage
and score behavior, not expert-grounded accuracy.
Appendix A gives the full protocol.

The third setting contains Al-generated exper-
imental plans from Matchat Agent (Chen et al.,
2023b)! and Bohrium (Zhang et al., 2025a)?, cov-
ering 15 expert-designed, non-routine flexible-

"https://matchat.cn/
2https://www.bohrium.com/

electronics tasks. These plans were evaluated
prospectively for novelty and realizability, with-
out fabricated device outcomes.

Models and Setting. The extraction module is
fixed to GPT-4.1-mini (OpenAl, 2025) through-
out the study, as extraction-quality evaluation (Sec-
tion 5.1) confirms its reliability against human judg-
ments. We therefore focus on evaluator behavior
rather than extractor selection.

For novelty retrieval, Qwen3-Embedding-4B
(Zhang et al., 2025b) is used to encode the four
structured views. The retrieval pipeline uses a
broad similarity threshold of 0.65 with a minimum
candidate pool of 80 papers; candidates are then
reclassified under strict and relaxed field-specific
thresholds. Fine-related papers are limited to 12
per target, and coarse-related papers to 12 (or 18
when fine-related examples are scarce). To prevent
temporal information leakage, we restrict the re-
trieval corpus for each target paper to documents
publicly available before the paper’s cutoff date.
The full retrieval configuration, including the com-
plete threshold tables, is detailed in Appendix B.

For extraction-quality checking and downstream
scientific evaluation, we compare four evaluator
models: DeepSeek-V4-Flash (DeepSeek, 2026),
Gemini-3-Flash (Google DeepMind, 2025), GPT-
40-mini (OpenAl, 2024), and GPT-5.4 (OpenAl,
2026). All models are accessed through APIs with
the same prompts and decoding settings. Detailed
model version snapshots and call dates are listed in
Table 2. Full decoding configurations are provided
in Appendix C.

Role Model Name Version Snapshot
Extractor MinerU VLM (Wang et al., 2026) -
GPT-4.1-mini (OpenAl, 2025) 2025-04-14
GPT-40-mini (OpenAl, 2024) 2024-07-18

2026-03-05
Flash-Preview
2026-04-24

GPT-5.4 (OpenAl, 2026)
Gemini-3-Flash (Google DeepMind, 2025)
DeepSeek-V4-Flash (DeepSeek, 2026)

Evaluator

Table 2: Model roles and version snapshots used in the
evaluation pipeline.

Baselines. As no prior evaluation pipeline exists
for flexible-electronics research, we construct two
baselines to isolate the contributions of different
components in FlexSciEval:

* Direct LLM Evaluation: this baseline applies
the same evaluator models and rubrics as Flex-
SciEval, but scores each paper directly from
raw text without structured-record grounding,
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Figure 2: Human-aligned extraction-quality evaluation on the 60-paper benchmark. Left: field-wise score profiles.

Right: field-level MAE.

external bibliometric tools, specialist-agent
decomposition, or structured RAG. It mea-
sures the performance of vanilla LLM-based
scientific judgment.

Structured-Grounded Evaluation: this base-
line provides the evaluator with the same struc-
tured scientific records used in FlexSciEval,
but disables the external bibliometric tools,
specialist-agent decomposition, and struc-
tured RAG. It isolates the value of structured-
record grounding from the additional gains
contributed by dimension-specific evidence
tools and multi-agent decomposition.

Together, these two baselines allow us to dis-
entangle the effects of structured representation,
external evidence, and multi-agent decomposition,
rather than conflating all components into a single
black-box comparison.

Metric. For extraction-quality evaluation, we
compare two evaluator decompositions: a 2-Way
strategy that separates scalar fields from structured
groups, and a 5-Way strategy that further evalu-
ates the four structured groups independently. This
comparison tests whether finer-grained calls im-
prove expert alignment or increase cost and output
instability. For human-alignment analysis, we use
mean absolute error (MAE) as the primary metric:
3

i=1

1
MAE = —
M

§i—8?

(&)

where M is the number of annotated examples, 3;
is the system-predicted score, and s is the corre-
sponding human score. We also report normalized
average system prediction and human scores, and

their differences, to identify whether an evaluator
is more lenient or conservative than human experts.

Overall scores are assigned on a 0-5 scale, while
subdimensions are scored on a 0-3 scale. In the
tables, A, R, and N denote academic impact, re-
alizability, and novelty. Subscripts denote sub-
dimensions: A-Pl and A-Pa refer to publication
platform quality and paper scholarly influence; R-
Mat, R-Pr, and R-Eq refer to material availability,
process complexity, and equipment accessibility;
N-Mat, N-Met, N-Int, N-Perf, and N-App refer
to material, method, integration, performance ad-
vancement, and application novelty.

Statistical Testing. To assess the statistical reli-
ability of FlexSciEval’s improvements over direct
LLM evaluation, we conduct two complementary
analyses on the 60-paper benchmark using the best-
performing evaluator per dimension: a two-sided
paired permutation test for MAE reductions and
Kendall’s 73, rank correlation with expert judgments
in 95% bootstrap confidence intervals.

S Experimental Results

5.1 Extraction Quality

We score 11 scalar fields and four structured groups
for correctness, source support, and complete-
ness. Accuracy is computed over expert-applicable
paper—unit pairs, and applicability is reported sepa-
rately and is not a human accuracy score. GPT-4.1-
mini obtains 90.88% overall field/group accuracy,
with weaker results on implementation-oriented
fields. Appendix D provides details.

Figure 2 compares two quality-evaluator de-
composition strategies (2-Way vs. 5-Way) across
four LLM evaluators. DeepSeek-V4-Flash shows
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Model | AVG | MAE | 95% Cn)
| A-Avg  R-Avg  N-Avg | A-Avyg  R-Avg  N-Avg |
Human Expert
| 077 0.65 072 | - - - -
Baselines: Direct Evidence Evaluation
DS-V4F 0.92 0.75 0.79 0.18 0.20 0.19 0.447 [ 0.366, 0.614 ]
GM-3F 0.91 0.81 0.81 0.16 0.19 0.18 0.360 [ 0.149, 0.549 ]
G4M 0.76 0.71 0.98 0.15 0.22 0.26 0.259[0.013, 0.427 ]
G54 0.87 0.68 0.79 0.14 0.17 0.20 0.448 [ 0.250, 0.626 ]
Baselines: Structured-Grounded Evaluation
DS-V4F 0.85 0.62 0.78 0.18 0.18 0.21 0.294 [ 0.098, 0.474 ]
GM-3F 0.89 0.69 0.82 0.15 0.19 0.20 0.380[0.162, 0.570 ]
G4M 0.81 0.82 0.99 0.20 0.23 0.28 0.229 [ 0.013, 0.427 ]
G54 0.85 0.60 0.85 0.14 0.17 0.20 0.420 [ 0.223, 0.595 ]
FlexSciEval Evaluation

DS-V4F 0.81 0.68 0.68 0.12 0.18 0.19 0.527 [ 0.410, 0.687 ]
GM-3F 0.85 0.68 0.68 0.13 0.17 0.21 0.390[0.162,0.570 ]
G4M 0.82 0.67 0.63 0.11 0.16 0.25 0.457[0.242,0.620 ]
G54 0.83 0.64 0.71 0.12 0.17 0.19 0.51910.323,0.617 ]

Table 3: Human evaluation results across different evaluation methods. Appendix Figure 4 reports detailed results.

| Academic Impact | Realizability | Novelty
| APl A-Pa A-Ov|R-Mat R-Pr R-Eq R-Ov|N-Mat N-Met N-Int N-Perf N-App N-Ov
CAS1|2899 2269 3.807 | 2264 2.008 2.012 3.548 | 1.945 1928 1.831 1.721 1.465 3.612
CAS2 | 2598 1.841 2.873 | 2309 2.008 2.004 3.549 | 1.803 1.782 1.550 1.574 1.134 3.289
CAS3 | 1950 1.603 2203 | 2411 2014 2026 3.581 | 1.754 1.797 1.565 1479 1.223 3.245
CAS4 | 1378 1322 1.610 | 2380 2.017 2030 3.631 | 1.719 1.678 1.382 1336 1.049 3.023
4
o
> I S Sl o A Extraction Quality (DS-V4F, %)
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22 _
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Figure 3: Corpus-level evaluation trends and blind evaluation results across papers from different CAS levels.

the strongest alignment with human judgments
overall. The 5-Way variant yields slightly lower
MAE but requires more API calls and is more
sensitive to output-format instability; we there-
fore adopt the 2-Way setting for all large-scale
experiments. Field-level results reveal that macro-
level article information (e.g., device type, appli-
cation scenario) is easier to extract than detail-
oriented experimental implementation (e.g., fab-
rication steps, process parameters). This is primar-
ily because implementation-related information in
flexible-electronics papers is often scattered across
figures, tables, and supplementary materials rather
than concentrated in narrative text.

5.2 Main Results

Table 3 compares FlexSciEval with two matched
internal baselines on the 60-paper benchmark.
Across the 12 evaluator-by-dimension aggregate
MAEs, FlexSciEval is lowest or tied-lowest in 11
cases. Overall, the aggregate MAE reduction is
statistically significant under the reported proto-
col (AMAE = 0.0194, p < 0.005), indicating
improved agreement with the adjudicated expert
reference scores on this benchmark. The excep-
tion is Gemini-3-Flash novelty, where MAE in-
creases from 0.18 under direct evaluation to 0.21
with FlexSciEval. GPT-40-mini obtains the best im-
pact and realizability MAEs (0.11 and 0.16), while
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FlexSciEval Direct LLM Structured-only LLM

Model MAE

MAE A (rel) 95% CI MAE A (rel) 95% CI P
Overall 0.1674 0.1868 +10.4% [0.0066, 0.0325] v 0.1951 +14.2% [0.0149, 0.0402] v
DS-V4F 0.1640 0.1868 +12.2% [0.0040, 0.0396] v 0.1902 +13.8% [0.0069, 0.0445] v
GM-3F 0.1717 0.1777 +3.4%  [—0.0092, 0.0218] 0.1808 +5.1%  [—0.0070, 0.0256]
G4iM 0.1734 02114 +18.0% [0.0101, 0.0602] v 0.2398 +27.7% [0.0393, 0.0887] v
G5.4 0.1606 0.1714 +6.3%  [—0.0042, 0.0266] 0.1696 +53%  [—0.0082, 0.0266]

Table 4: MAE comparison of FlexSciEval with direct LLM and structured-only LLM evaluation. We define
A = MAEy.scline — MAEFiexsciEval; relative reductions are shown in parentheses. A check mark in the P column

indicates statistical significance at p < 0.05.

Academic Impact (GPT-40-mini)

Metric Method A-Pl1 A-Pa A-Ov A-Avg
AVG Human 2.55 2.05 3.85 0.77
AVG FlexSciEval 2.83 235 3.60 0.82
w/o Bib. Evidence 2.93 3.00 493 0.99
MAE FlexSciEval 0.32 0.52 047 0.12
w/o Bib. Evidence 0.48 095 1.08 0.23
Realizability (GPT-40-mini)
Metric Method R-Ma R-Pr Re-Eq R-Ov R-Avg
AVG Human 2.03 1.65 2.10 342 0.65
FlexSciEval 2.02 195 195 3.60 0.67
AVG  w/ Unstructured 2.08 2.02 203 3.82 0.70
w/Judge Only 1.52 2.00 1.42 258 0.54
FlexSciEval 0.52 047 0.58 0.58 0.16
MAE w/ Unstructured 045 0.50 0.60 0.60 0.16
w/Judge Only 0.78 0.48 0.82 1.17 0.23
Novelty (GPT-5.4)
Metric Method Nv-Mat N-Met N-Int N-Perf N-App N-Ov N-Avg
AVG Human 1.77 213 203 243 222 382 072
AVG FlexSciEval  2.02 208 235 193 1.93 4.00 0.71

w/ Full-Text RAG  1.60 1.85 235 207 203 387 0.68

FlexSciEval 0.58 045 068 0.67 0.68 048 0.19
w/ Full-Text RAG  0.63 052 0.68 0.63 0.72 0.58 0.20

MAE

Table 5: Ablation results for Academic Impact, Realiz-
ability, and Novelty. “Bib.” denotes “Bibliometric”.

DeepSeek-V4-Flash and GPT-5.4 tie for the best
novelty MAE (0.19). These results show the most
consistent gains for bibliometric-grounded aca-
demic recognition. Fabrication-accessibility results
are generally positive but smaller, whereas corpus-
relative novelty remains evaluator-dependent. The
results therefore support dimension-specific evi-
dence grounding.

To assess the scalability of FlexSciEval beyond
the expert benchmark, we extend the evaluation
to over 4,000 flexible-electronics papers stratified
by CAS journal ranking levels (CAS1 to CAS4).
CAS tier is masked during scoring and used only

for post-hoc grouping, while journal identity, JCR
rank, impact factor, CiteScore, and citation signals
remain available. Because these inputs correlate
with CAS tier, the observed impact, novelty, and
realizability trends are descriptive rather than inde-
pendent validation. The evaluation pipeline main-
tains stable extraction quality (> 85%) across all
strata. The resulting scores exhibit interpretable
trends: academic impact decreases monotonically
from CAS1 to CAS4, novelty shows a more grad-
ual decline, and fabrication realizability remains
nearly flat across tiers. These patterns align with
expectations: higher-tier venues tend to publish
more impactful and novel work, while realizability
reflects domain-wide engineering standards rather
than venue prestige, as shown in Figure 3.

5.3 Ablation Study

To isolate the contribution of each core component
in FlexSciEval, we conduct dimension-specific ab-
lation experiments on the 60-paper benchmark, us-
ing the best-performing model for each dimension
(GPT-40-mini for academic impact and realizabil-
ity, GPT-5.4 for novelty), as shown in Table 5. For
academic impact, we remove external bibliometric
evidence (venue and citation signals) to assess the
value of tool-augmented scholarly signals. For fab-
rication realizability, we compare two variants: (1)
Judge Only, which bypasses the material/process/e-
quipment specialist agents and relies solely on the
JudgeAgent; and (2) Unstructured, which provides
the JudgeAgent with raw text instead of structured
records. For novelty, we replace structured multi-
view RAG with full-text retrieval to evaluate the
benefit of view-wise structured evidence.

Table 5 shows that ablation effects vary by com-
ponent. Removing bibliometric evidence and spe-
cialist agents degrades the performance, whereas
replacing structured records or multi-view re-
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( N

(" Case 12: Flexible Highly Selective Gas Sensor for Confined Spaces )

) N

Matchat Agent plan: Nv-O=4 / Re-O=3

Bohrium plan: Nv-O=3/ Re-O=4

Core route

film.

Novelty evidence

sensing.

Realizability evidence

difficult to reproduce in ordinary
flexible-electronics labs.

Uses conductive Nig(HITP)2 MOF with a
ZIF-8/MOF-5 molecular-sieve membrane on
PI/PDMS. The key process is microfluidic
solution-shearing growth of an oriented MOF

Receives higher novelty credit because the
MOF growth route has no close occurrence in
the retrieved reference set, suggesting a less
explored fabrication strategy for flexible gas

Penalized by process-control risks: oriented
solution shearing, multilayer membrane
integration, and precise fluidic control may be

Uses CeO2-rGO, N-doped TizC2 T, MXene,
and PANI/MWCNT composites on PI/PAN.
The route relies on spray coating, screen
printing, and electrospinning.

Receives lower novelty credit because the plan
mainly recombines established
nanomaterial-composite sensing layers and
mature electrode-patterning strategies.

Gains realizability credit because the materials,
printing/coating processes, and equipment are
mature and broadly accessible in standard
device-fabrication settings.

Subscores
R-Mat/R-Pro/R-Equ = 2/2/3.

N-Mat/N-Met/N-Int/N-App = 2/2/2/2;

N-Mat/N-Met/N-Int/N-App = 1/1/1/2;
R-Mat/R-Pro/R-Equ = 3/2/2.

Table 6: Representative diagnostic case for Al-assisted research-plan evaluation.

trieval produces smaller, metric-dependent changes.
These results suggest that different dimensions ben-
efit from different evidence sources, rather than
showing that every component uniformly improves
every metric.

5.4 Case Study: Al-Assisted Research Plans

We apply FlexSciEval to plans from two Al re-
search platforms on 15 expert-designed tasks. Be-
cause the plans lack publication and fabrication
outcomes, we omit academic impact and perfor-
mance novelty and interpret all remaining scores
as model-generated diagnostics. Mean realizabil-
ity is 3.40 versus 3.13 and mean novelty is 3.53
versus 3.60 for Bohrium and Matchat Agent, re-
spectively. These differences should be interpreted
as diagnostic signals rather than platform rankings.

Table 6 illustrates how the evaluator separates
novelty evidence from fabrication barriers. The
Matchat plan receives higher corpus-relative nov-
elty because the retrieved set contains no close
precedent for its oriented MOF growth route, but it
receives lower realizability because solution shear-
ing and multilayer membrane integration require
tighter process control. The Bohrium plan uses
more common material combinations and printing
processes, yielding the opposite trade-off. This
case illustrates the form of evidence-traceable feed-
back produced by FlexSciEval. Because the plans

have not been physically fabricated or tested, these
scores should be interpreted as exploratory diagnos-
tics rather than validated predictions of experimen-
tal success. The framework may support expert
screening and plan revision by separating corpus-
relative novelty from anticipated implementation
barriers before laboratory execution.

6 Conclusions

We introduced FlexSciEval, a structure-grounded
framework for evidence-traceable assessment of
flexible-electronics papers and Al-generated re-
search plans. On an expert-curated reference set,
it achieves lower aggregate MAE than direct LLM
evaluation, with the clearest gains from bibliomet-
ric grounding. Fabrication-accessibility gains are
smaller, while corpus-relative novelty remains sen-
sitive to retrieval coverage and evaluator choice.

FlexSciEval should be viewed as an evidence-
traceable decision-support tool rather than a defini-
tive evaluator of scientific value or experimental
success. Future work will expand independent ex-
pert annotation, evaluate retrieval quality directly,
and connect plan-level diagnostics with closed-
loop experimental outcomes.

Limitations

This work is actively expanding, though current
human benchmarks and large-corpus expert vali-
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dations remain limited in scale. For Al-generated
plans, realizability and novelty remain prospective
until actual physical fabrication and testing.
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A Corpus Filtering Protocol

A.1 Structured Record Extraction and
Quality Assessment

For the large-scale corpus, all candidate papers
were processed by the GPT-4.1-mini extractor to
produce structured records following the schema in
Table 1. Each extracted record was then evaluated
by the extraction-quality evaluator (Section 3.2)
across 15 evaluation units: 11 scalar fields and 4
structured groups.

Scalar fields (11): Article Title, Overview, De-
vice Type, Problem Addressed, Application Scenar-
ios, Main Innovations, Complete Fabrication Steps,
Integration Steps, Specific Device Structure, Func-
tional Combination Description, and Integrated De-
vice Description.

Structured groups (4): Core Raw Materials,
Specific Processes Used, Equipment Used, and Per-
formance Metrics. These groups were evaluated as
coherent units because errors within any of them
can affect the overall device interpretation.

Each evaluation unit was scored by the
extraction-quality evaluator on whether the ex-
tracted information was correct, source-supported,

and sufficiently complete. Records with an overall
quality score below 85% were excluded. Addition-
ally, records affected by technical failures during
extraction (e.g., PDF parsing errors, network insta-
bility, or API timeouts) were also excluded.

A.2 Filtering Results

Stage Count Percentage
Initial candidates 4,400 100.0%
Quality score < 85% 187 4.25%
Technical failures 55 1.25%
 Final retained 4158 94.5%

Table 7: Corpus filtering statistics.

A.3 Relation to the 60-Paper Expert

Benchmark

As noted in Section 4, the 60-paper benchmark was
selected based on expert familiarity rather than as
a random sample of the broader corpus. Table 9
compares the distribution of the benchmark and the
filtered corpus across CAS tiers.

This selection bias is intentional: the benchmark
prioritizes papers that domain experts can reliably
assess in depth, while the large-scale corpus pro-
vides a stratified sample for evaluating scalability
and trend detection. The two settings serve com-
plementary purposes rather than requiring identical
distributions.

B Novelty Retrieval Configuration

This section provides the complete configuration
of the structured RAG pipeline described in Sec-
tion 3.3.3.

B.1 View-Wise Classification Thresholds

The retrieval pipeline uses two threshold profiles to
classify retrieved candidates into fine-related and
coarse-related papers. A candidate is classified
as 'same' on a given view if its cosine similarity
exceeds the Same threshold for that view, and as
related' if it exceeds the Related threshold. The
pipeline first applies the Strict profile; if the to-
tal number of fine- and coarse-related papers falls
below 10, it falls back to the Relaxed profile.

B.2 Retrieval Parameters

Key parameters used in the structured RAG
pipeline are summarized below:
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Field | Human | 2-Way (%) | 5-Way (%)
| | G4M DS-V4F GM-3F G54 | GAM DS-V4F GM-3F G54
Article Title 100.00 | 100.00 98.33 9833  98.33 | 100.00 100.00 100.00 98.33
Overview 96.67 | 9833 9500 91.67 8833 | 9833 9500  90.00  88.33
Device Type 91.67 | 63.33 8333 8333 7833 | 6333 8333 8333  80.00
Problem Addressed 98.33 |100.00 100.00 9833 100.00 | 100.00 100.00  98.33  100.00
Application Scenarios 91.67 | 9833 9333  96.67 7833 | 9833 9500  96.67 76.67
Main Innovations 91.67 | 9833 9833  90.00 86.67 | 9833 9500  90.00  83.33
Complete Fabrication Steps 90.00 | 93.65 8730  84.13 66.67 | 93.65 90.48 8095 6825
Integration Steps 95.00 |100.00 9833 9833 81.67 | 9833 9833  96.67 88.33
Specific Device Structure 95.00 | 100.00 96.67  96.67 81.67 | 9833  96.67  95.00 86.67
Functional Combination Description | 98.33 | 100.00 100.00 100.00 98.33 | 98.33  100.00 100.00 98.33
Integrated Device Description 98.33 | 100.00 100.00 9833  91.67 | 9833 100.00 9833  90.00
Core Raw Materials 87.04 | 97.60 9480  96.00 8120 | 91.60 92.00  93.60  74.80
Performance Metrics 84.49 | 86.09 8192 7952 6536 | 8470 81.29  81.67 65.11
Equipment Used 96.12 | 9641 9453 9538 8632 | 93.85 9385 9385 87.18
Specific Processes Used 9257 | 9283 91.70  88.68 80.00 | 91.70  89.81  87.92 84.53
Average | 9379 | 9499 9424  93.02 84.19 | 93.81 94.05 9242 84.66

Table 8: Extraction accuracy (%) for each field under Human Baseline, 2-Way, and 5-Way evaluation settings.

CAS Tier 60 Benchmark (%) 4,158 Corpus (%)
CAS 1 45.0 24.0
CAS 2 28.3 26.0
CAS 3 16.7 25.0
CAS 4 10.0 24.0

Table 9: Distribution comparison between the expert
benchmark and the large-scale corpus. The benchmark
over-represents higher-tier journals due to expert famil-
iarity selection.

. Strict Relaxed
View
Same Related Same Related
Object 0.80 0.70 0.78 0.68
Application  0.68 0.58 0.65 0.55
Problem 0.75 0.65 0.72 0.62

Table 10: Cosine similarity thresholds for fine/coarse
classification.

* Broad retrieval threshold: 0.65 for the ini-
tial retrieval-view similarity search. If fewer
than 80 candidates are retrieved, the pipeline
falls back to the top-80 candidates by retrieval-
view similarity.

¢ Minimum related papers for strict profile:
10. If strict-profile classification yields fewer
than 10 fine- or coarse-related papers, the re-
laxed profile is applied.

* Representative paper limits: At most 12
fine-related and 12 coarse-related papers are
selected as evidence for the novelty agent.

When fine-related papers are fewer than 5, the
coarse-related limit is extended to 18.

* Embedding model: Qwen3-Embedding-4B
(Zhang et al., 2025b) is used to encode all four
views for both target and reference papers.

C Model Configurations and Settings

The API aliases and their corresponding model
snapshots are listed in Table 2. In our experiments,
temperature was set to 0.0 for extraction-quality
evaluation and 0.1 for the three scientific evalua-
tors; all other sampling parameters used the API
defaults.

D Full Extraction Result

This section provides the complete field-level ex-
traction accuracy results supporting Section 5.1.
Table 8 reports the accuracy (%) of the GPT-4.1-
mini extractor across 15 evaluation units (11 scalar
fields and 4 structured groups), evaluated by do-
main experts against the 60-paper benchmark.

For each field, we report the accuracy of two
quality-evaluator decomposition strategies (2-Way
and 5-Way) across four LLM evaluators (GPT-
40-mini [G4M], DeepSeek-V4-Flash [DS-V4F],
Gemini-3-Flash [GM-3F], and GPT-5.4 [G5.4]),
alongside the human baseline (the proportion of
papers for which the field is applicable). GPT-4o-
mini and DeepSeek-V4-Flash consistently achieve
the highest or second-highest accuracy across most
fields under both strategies. The 5-Way variant
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yields marginal improvements on several structured
groups but introduces additional API overhead and
output instability, motivating our selection of the 2-
Way setting for large-scale experiments. Fields re-
lated to detailed experimental implementation (e.g.,
Complete Fabrication Steps, Performance Metrics)
exhibit lower accuracy than macro-level article in-
formation, reflecting the inherent challenge of ex-
tracting scattered technical details from heteroge-
neous paper layouts.

E Detailed Results of Main Experiments

Due to space constraints in the main paper, we
present the complete quantitative results of our
method evaluation calibration analysis against hu-
man expert judgments in this appendix. The full
set of average scores, mean absolute errors (MAE),
and calibration patterns are provided in Figure 4,
which serves as a comprehensive supplement to the
summarized findings in the main text. The figure
is organized into two parts:

o Upper table: Reports the average scores and
MAE for three evaluation paradigms—direct
LLM evaluation, structured-grounded evalua-
tion, and our proposed FlexSciEval—across
the Academic Impact, Realizability, and Nov-
elty dimensions. These numerical values
allow direct comparison of absolute perfor-
mance and estimation accuracy.

* Lower visualization: Displays the corre-
sponding calibration characteristics, with
Panel A presenting the normalized average
MAE (to facilitate cross-dimension compari-
son) and Panel B showing the signed average
error, which reveals systematic over- or under-
estimation tendencies of each method.

Key observations from this expanded analysis
include:

* FlexSciEval consistently achieves the lowest
MAE across all three dimensions, indicating
superior alignment with human judgments.

e The signed error patterns (Panel B) show
that direct LLM evaluation tends to exhibit
larger positive biases (over-optimism), while
structured-grounded evaluation shows mixed
biases depending on the dimension.

¢ The normalized MAE (Panel A) confirms that
the advantage of FlexSciEval is most pro-

nounced in the Novelty dimension, where hu-
man evaluation is inherently more challeng-
ing.

F Full Ablation Results

This section provides the complete ablation results
summarized in Section 5.3. The ablation settings
are as follows:

113

* Academic Impact (GPT-40-mini): “w/o
External Evidence” removes venue
(CAS/JCR/IF) and citation signals from the
evaluator input.

* Realizability (GPT-40-mini): “Judge Only”
skips the material/process/equipment spe-
cialist agents; “Unstructured” provides raw
text instead of structured records to the
JudgeAgent.

* Novelty (GPT-5.4): “Full-Text RAG” re-
places structured multi-view retrieval with
standard full-text similarity retrieval.

Table 5 reports detailed AVG and MAE scores
across all subdimensions for each ablation vari-
ant, with best-performing results highlighted in
red and blue. Overall, removing external evidence
increases academic-impact Avg MAE from 0.12
to 0.23; for realizability, the Judge Only variant
degrades Avg MAE from 0.16 to 0.23 while Un-
structured achieves the same Avg MAE (0.16) with
mixed subdimension changes; for novelty, Full-
Text RAG increases Avg MAE from 0.19 to 0.20
with the largest gap on the overall novelty score
(0.48 — 0.58). These results suggest that the com-
ponents contribute differently across dimensions
and metrics.
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Academic Impact ‘ Realizability ‘ Novelty

Model
A-Pl A-Pa A-Ov A-Avg|R-Mat R-Pr R-Eq R-Ov R-Avg|N-Mat N-Met N-Int N-Perf N-App N-Ov N-Avg
Human Expert
AVG |2.55 2.05 3.85 077 | 203 1.65 210 342 065 | 1.77 213 203 243 222 382 072

Direct LLM Evaluation
AVG DS-V4F|287 272 453 092 | 2,55 203 228 352 075 | 1.88 247 265 253 228 388 0.79
GM-3F (297 252 458 091 | 268 208 237 422 0.81 198 247 258 263 227 442 081
G4M | 2.27 2.07 4.13 076 | 248 1.65 2.03 400 071 | 288 292 293 293 293 493 098
G54(295 223 440 087 | 250 1.72 1.77 3.62 0.68 1.65 257 295 242 218 420 0.79

MAE DS-V4F|042 073 0.75 0.18 | 0.72 055 0.68 0.70 020 | 068 047 0.78 040 0.60 0.67 0.19
GM-3F| 045 057 073 0.16 | 0.75 053 053 083 0.19 | 065 047 0.75 043 055 060 0.18

G4M | 052 048 052 0.15 | 075 057 097 068 022 | 1.12 0.78 093 050 075 1.12 0.26
G54|050 042 055 0.14 | 0.67 040 067 060 0.17 | 068 053 095 048 070 045 0.20

Structured-Grounded Evaluation
AVG DS-V4F|240 278 4.13 085 | 220 1.65 2.03 268 062 | 1.97 252 250 258 207 408 0.78
GM-3F|285 250 448 089 | 250 1.75 192 345 069 | 205 252 250 278 218 447 082
G4M | 2.03 288 4.02 0.81 | 260 1.88 293 4.07 082 | 3.00 298 3.00 3.02 275 500 0.99
G541263 245 433 085 | 208 1.62 158 322 0.60 | 192 267 292 270 227 460 0.85

MAE DS-V4F|048 0.73 065 0.18 | 047 0.57 063 090 0.18 | 0.70 055 0.73 058 068 083 021
GM-3F|0.37 058 0.67 0.15 | 0.70 050 0.65 0.77 0.19 | 0.68 048 0.77 055 0.67 0.75 0.20

G4M | 0.62 087 0.57 020 | 080 0.60 097 075 023 | 1.23 085 1.00 058 070 1.18 0.28
G5.4(038 050 058 0.14 | 042 053 0.78 060 0.17 | 0.58 053 092 043 062 0.78 0.20

FlexSciEval Evaluation
AVG DS-V4F|282 2.18 3.85 0.81 1.87 192 2.18 3.62 0.68 1.93 202 205 202 198 362 0.68
GM-3F|2.87 243 398 085 | 200 1.65 260 3.17 068 | 1.78 1.82 2.12 235 1.85 397 0.68

G4M | 283 235 3.60 082 | 202 195 195 360 067 | 198 1.70 198 1.77 203 3.03 0.63
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Figure 4: Quantitative comparison and calibration analysis of model evaluations against human expert judgments
across the Academic Impact, Realizability, and Novelty dimensions. The upper table reports the average scores
and mean absolute errors produced by direct LLM evaluation, structured-grounded evaluation, and FlexSciEval.
The lower visualization presents the corresponding calibration patterns across scientific dimensions, where Panel A
shows the normalized average MAE and Panel B shows the signed average error.
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Figure 5 shows the prompt used for extracting structured information.

[Extraction rules]
Only extract information that is explicitly supported by the literature. Do not infer content that is
not directly stated in the text based on common sense, experience, or background knowledge.

If the original text does not mention the information, fill in none. For strings, fill in "none"”, for
arrays, fill in [nonel], and for boolean values, fill in none.

Do not modify field names, and do not add or delete any fields.
Strictly follow the output format example.Do not output any other content that is not mentioned.
1. Overview

Summarize the core content of the paper, including the research objective, key materials, core
fabrication processes, device type, and main performance or functionality.

Keep the description objective and concise. Do not copy the abstract directly or introduce information
not explicitly stated in the paper.

2. Device Type

Identify the “core device type.” If multiple devices are involved, select the one that is ultimately
emphasized for performance evaluation in the paper.

You must choose one and only one category from the candidate list below. Do not supplement with external
knowledge.

Candidate Categories:

solar cell | supercapacitor | nanogenerator | electronic textile | electrode (electrophysiology,
non-battery) | circuit | antenna | display | storage device | pressure sensor | strain sensor |
temperature sensor | humidity sensor | gas sensor | tactile sensor | chemical sensor | thermoelectric
generator | optical sensor | thermal sensor | acoustic sensor | battery | Ultrasonic devices | other
device

3. Problem Addressed

Summarize the main scientific problem, technical bottleneck, or application challenge addressed in
this work, such as improving stability under stretching conditions or enhancing sensitivity.

Do not simply restate the research topic.

4. Application Scenarios

List the application directions explicitly mentioned in the paper, such as wearable health monitoring,
human motion detection, human-machine interaction, soft robotics, etc.

5. Main Innovations

Extract the major innovations explicitly emphasized by the authors, including new materials, new
processes, new structures, new integration methods, or performance improvements.

Descriptions should be specific and concise, without overly generalized summaries.

6. Core Raw Materials

List the core materials that play a key role in device performance, fabrication, or implementation.
Do not force the output to contain only one material.

If multiple key materials are emphasized in the paper, list them separately.

6.1 Material Name

Provide the name of the core material that is most critical to device performance or implementation.
6.2 Whether Pretreatment Is Required

If the paper explicitly states that the core material requires pretreatment before use—specifically
referring to necessary operations performed prior to core processing (such as deposition, coating,
adhesion, or etching) in order to adjust the physicochemical state of the material’s surface or its
overall structure—fill in true; otherwise fill in false.

6.3 Which Part of the Device It Is Used For

Specify the role or location of the material in the device, such as electrode, sensing layer, substrate,
encapsulation layer, electrolyte, etc.

6.4 Pretreatment Method

Extract the pretreatment steps for the current core material in sequence.

7. Complete Fabrication Steps

Extract every step of the complete fabrication process described in the paper, covering the entire
workflow from raw material treatment to final device formation.

Arrange the steps in the same order as described in the experiments section of the paper.
8. Specific Processes Used

Only extract important processes that play a critical role in device performance, structural formation,
or functional realization.

If multiple key processes exist, list them separately.

8.1 Process Name

Provide the name of the process method, such as spraying, printing, spin coating, laser writing, etc.
8.2 Process Steps

Extract the key process steps in sequence.

Only retain the main workflow without expanding unrelated experimental details.

9. Integration

Extract information related to device integration, packaging, assembly, multilayer stacking, functional
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module combination, etc.

9.1 Specific Device Structure

Describe the structural form of the device, such as sandwich structure, core-shell structure, top/bottom
electrode sandwich structure, porous layered structure, etc.

Also list in sequence what each layer is composed of.

9.2 Functional Combination Description

List all functions achieved after integration.

9.3 Integrated Device Description

Describe the final integrated device or system form, such as wearable patch, self-powered sensing
system, flexible array device, etc.

10. Equipment Used

Extract the equipment explicitly mentioned in the paper and actually used for material preparation,
device fabrication, characterization, or performance testing.

If multiple devices are used, list them separately.

The equipment function should be briefly described, such as morphology characterization, electrochemical
testing, material deposition, etc.

11. Performance Metrics

List all key performance metrics tested in the paper, including but not limited to sensitivity, detection
limit, response time, specific capacitance, cycling stability, stretchability, impedance, etc.

You must preserve the original values, units, and corresponding test conditions.

Do not perform conversions or add supplementary information.

Figure 5: The extraction prompt used for explicit information extraction from research papers.

Figure 6 shows the prompt used to evaluate authority.

You are a critical, objective academic influence evaluation agent for research papers in the field of
flexible electronics.

Your task is to assess publication platform quality, paper scholarly influence, and overall academic
influence based solely on the provided input JSON.

Adopt a rigorous peer-review mindset: do not give unearned credit based on future assumptions or
generic optimism.

Evaluate three dimensions:

1. Publication platform quality

- Use only paper.publication_platform_quality_evidence.

- Differentiate clearly between top-tier flagship venues (e.g., Nature/Science sister journals, Advanced
Materials series) and specialized or lower-tier journals. Do not treat every established journal as a
"high’ signal platform.

2. Paper scholarly influence evaluation

- Use only paper.paper_scholarly_influence_evidence.

- Evaluate demonstrated, factual impact, not speculative future potential.

- For recent papers (short observation window), do NOT invent or assume future citations. If the current
citation count is zero or extremely low, the score must reflect this lack of factual data, regardless
of the journal’s prestige.

- Consider age-adjusted intensity strictly: a 5-year-old paper with low citations represents a weak
signal, while a 1-year-old paper with the same count might be moderate. Adjust for age, but do not
over-inflate.

3. Overall academic influence

- Integrate publication-platform and paper-level signals into a balanced overall judgment.

- Overall authority should reflect both venue credibility and demonstrated scholarly reach.

- The Grounding Principle: A high platform reputation must not automatically mask a lack of real-world
scholarly uptake. For papers with a sufficient observation window but minimal citations, the overall
score must be strongly bounded by the actual citation deficit.

- For newly published papers, lean conservative: since long-term impact is unproven, the overall score
should generally align with the current verified trajectory, not an idealized future.

Scoring rules:

For publication_platform_quality_score and paper_scholarly_influence_score, use an integer from @ to
3:

- 3: High signal (Top-tier, leading authority platform, OR exceptionally high/rapid citation trajectory
for its age).

- 2: Moderate signal (Mainstream respected field-specific platform, OR steady, average citation
accumulation).

- 1: Low signal (Lower-tier or niche platform, OR significantly below-average citation tracking for
its age).
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- @0: Very weak or unavailable signal (Unknown platform, OR zero citation traction over a significant
window).

For overall_authority_score, use an integer from 1 to 5:

- 5: Outstanding overall academic influence (Reserved for papers that combine a top-tier platform with
a heavy, proven field-wide citation footprint).

- 4: High overall academic influence (Demonstrates a strong, verified scholarly footprint, where both
venue reputation and citation trajectory support clear academic reach).

- 3: Moderate overall academic influence (The standard baseline for respected research achieving typical
citation levels, OR a high-profile venue paper that has not yet accumulated noticeable traction due
to either short observation time or low uptake).

- 2: Low-to-moderate overall academic influence (The paper shows weak citation accumulation across its
lifespan, or exhibits limited traction within a less visible publication platform).

- 1: Low overall academic influence (Minimal to no verified impact on the field; the paper has failed
to attract meaningful scholarly attention over time).

- 0: Negligible or completely unverified academic influence (No measurable citation footprint or
traction over a mature observation window, or completely unavailable/untrackable signal across both
venue and paper levels).

Important:

Do not evaluate technical novelty, feasibility, scientific correctness, or content quality.
Do not use hidden rules or external data.

Do not invent missing metrics or values.

Provide concise rationales for each score in English.

All output must be a single JSON object.

Figure 6: The authority evaluation prompt used for academic influence assessment.

Figure 7 shows the prompt used to evaluate material availability in realizability.

You are a material-usability evaluation agent for flexible-electronics device realizability.

Material Usability means how easy the required materials are to obtain and use, considering availability,
cost, synthesis or pretreatment needs, storage/handling/purity/environment requirements, and safety
or regulatory barriers.

Evaluate Material Usability based only on the provided structured data.
Scoring criteria:

- 3: Easy to use. Materials are commercially available, affordable, directly usable or need only simple
pretreatment, with no strict conditions or major safety barriers.

- 2: Moderately usable. Materials are generally obtainable but require some pretreatment, simple
synthesis, controlled conditions, or moderate cost.

- 1: Difficult to use. Materials are expensive, hard to obtain, require complex synthesis/specialized
preparation, or strict purity, storage, handling, or processing conditions.

- 0: Not assessable or impractical. Material information is insufficient, or the materials appear
unavailable, unsafe, or unrealistic for device realization.

Return only a single JSON object in English, with no Markdown or extra text.
Field constraints:

- "score” must be exactly one of: @, 1, 2, or 3.

- "confidence” must be a number between @ and 1.

Figure 7: The material-usability prompt used for realizability assessment.

Figure 8 shows the prompt used to evaluate process complexity in realizability.

You are a process-complexity evaluation agent for flexible-electronics device realizability.

Process Complexity means how difficult the fabrication route is, considering the number of steps,
operation difficulty, need for high-precision manual calibration or experience-based tuning, processing
time, and whether the method appears mature, stable, and reproducible.

Evaluate Process Complexity based only on the provided structured data.

Scoring criteria:

- 3: Low complexity. The fabrication process is relatively simple, has few or clear steps, does not
require difficult operations or precise manual tuning, is not very time-consuming, and appears mature
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or stable.

- 2: Moderate complexity. The process involves several steps or operational requirements, may need some
manual adjustment or relatively long processing, but remains generally feasible and reproducible.

- 1: High complexity. The process is lengthy, difficult, time-consuming, strongly depends on
high-precision manual calibration or experience-based tuning, or appears immature, unstable, or hard
to reproduce.

- 0: Not assessable or impractical. The provided fabrication information is insufficient to assess
process complexity, or the process appears unrealistic, unclear, or impractical for device realization.
Return only a single JSON object in English, with no Markdown or extra text.

Field constraints:

- "score” must be exactly one of: @, 1, 2, or 3.

- "confidence” must be a number between @ and 1.

Figure 8: The process-complexity prompt used for realizability assessment.

Figure 9 shows the prompt used to evaluate equipment accessibility in realizability.

You are an equipment-commonality evaluation agent for flexible-electronics device realizability. You
come from a professional materials laboratory.

Your goal is to assess whether a typical well-equipped university or research institute in this field
can realistically access the equipment. Do not adopt an ultra-strict or idealistic standard.
Equipment Commonality means how accessible the required equipment is, considering whether the equipment
is common, expensive, scarce, source-limited, platform-dependent, difficult to schedule, or requires
specialized operating qualifications.

Evaluate Equipment Commonality based only on the provided structured data.

Scoring criteria:

- 3: High commonality. The required equipment mainly consists of standard laboratory instruments

or commonly available research-platform equipment, with no obvious access, scheduling, or operating
barriers.

- 2: Moderate commonality. The required equipment includes some instruments with moderate access
barriers, platform dependence, scheduling needs, or specialized operating requirements, but is still
generally obtainable through research facilities.

- 1: Low commonality. The method clearly depends on expensive, scarce, highly specialized,
or source-limited equipment that is available only on limited platforms, creating a significant
implementation barrier.

- 0: Not assessable or impractical. The provided equipment information is insufficient to assess
equipment commonality, or the required equipment is unclear, unavailable, unrealistic, or impractical
for device realization.

Return only a single JSON object in English, with no Markdown or extra text.

Figure 9: The equipment-commonality prompt used for realizability assessment.

Figure 10 shows the prompt for Judge Agent in evaluating realizability.

You are the overall realizability evaluation agent for flexible-electronics devices. You come from a
professional materials laboratory.

Your task has two stages:

1. Review the scores, rationales, and evidence from three specialist agents: Material Usability,
Process Complexity, and Equipment Commonality.

2. Decide the final score for each dimension, then assign an overall realizability score from @ to 5.
For each dimension:

- If the specialist score is reasonable and supported by the visible evidence, accept it and use it as
the final dimension score.

- If the specialist score is unsupported, inconsistent with the evidence, or violates the dimension
criteria, reject it and assign a corrected final dimension score yourself.

Realizability means the cost and practical barrier of making the described device, not scientific
correctness, novelty, performance, or technical success.

Use only the supplied structured information and specialist results as evidence. You may use domain
knowledge to interpret that evidence, but do not rely on hidden rule scores, web lookup, missing
external metadata, or invented evidence.
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Dimension scoring criteria:

Each dimension score must be one of @, 1, 2, or 3:

- 3: Low barrier. The dimension is easy, accessible, common, mature, or straightforward.

- 2: Moderate barrier. The dimension has some limitations, but remains generally feasible in a research
setting.

- 1: High barrier. The dimension has clear difficulty, high cost, strict requirements, specialized
operations, or limited accessibility.

- 0: Not assessable or impractical. The supplied information is insufficient, unclear, unavailable,
unsafe, or unrealistic for device realization.

Apply this scale to each dimension:

- Material Usability: assess material availability, cost, need for synthesis or pretreatment,
handling/storage/purity requirements, and safety or regulatory barriers.

- Process Complexity: assess number of fabrication steps, operation difficulty, manual tuning or
calibration, processing time, maturity, stability, and reproducibility.

- Equipment Commonality: assess whether the required equipment is common, expensive, scarce,
platform-dependent, difficult to schedule, or requires specialized operation.

Overall scoring criteria (Grounded in Lab Reality):

- 5: Exceptionally easy to realize. The entire workflow is highly straightforward, relying completely
on readily available materials and ubiquitous lab assets with minimal to no practical obstacles.

- 4: Highly realizable. Standard for typical laboratory fabrication. The workflow presents only routine
research constraints or minor limitations. The overall integration is fluent and well within the normal
capabilities of an active materials lab.

- 3: Moderately realizable. The fabrication features noticeable but acceptable barriers (such as tedious
multi-step recipes or shared platform scheduling queues). The device is fully achievable but requires
typical research effort and patience.

- 2: Difficult to realize. Clear and significant bottlenecks exist across the workflow (e.g., highly
restrictive synthesis or scarce, platform-dependent tools) that noticeably hinder fluent execution.

- 1: Very difficult to realize. Major, compounding barriers are present, requiring substantial external
resources, extreme customization, or non-commercial conditions.

- 0: Not assessable or nearly impractical due to extreme realization barriers or completely missing
data.

Scoring rules:
- If accepted=true, final_score must equal specialist_score.

- If accepted=false, final_score may differ from specialist_score, and reason must explain the
correction.

- Base overall_score on the final dimension scores by looking at the holistic workflow fluency.

- A dimension score of 2 (moderate barrier) represents standard, highly feasible research work. Do NOT
treat it as a severe penalty or let it blindly tank the overall score. Routine research limitations
should naturally align with an overall_score of 4 or 5.

- Only a truly severe bottleneck (dimension score of 1) should significantly drag the overall_score
below 3.

- When assigning the overall_score, do not mechanically give equal influence to the three dimensions.
Instead, use the specific device fabrication context to decide which dimension should influence the
overall_score more.

- If any dimension is @ due to insufficient information, reflect the uncertainty in overall_score and
confidence.

Return only a single JSON object in English, with no Markdown or extra text.
Field constraints:

- "accepted” must be either true or false.

- "specialist_score” and "final_score” must each be exactly one of: @, 1, 2, or 3.
- If "accepted” is true, "final_score” must equal "specialist_score”.

- If "accepted” is false, "final_score” may differ from "specialist_score”, and "reason” must explain
the correction.

- "overall_score” must be exactly one of: @, 1, 2, 3, 4, or 5.
- "confidence” must be a number between @ and 1.

Figure 10: The overall realizability judge prompt used to aggregate specialist assessments.

Figure 11 shows the prompt used to evaluate Novelty.

You must evaluate the innovativeness of the target paper relative to the fine_related and coarse_related
papers.

fine_related papers are the direct comparison group from the same subfield and should be prioritized
when judging whether direct precedents already exist.

coarse_related papers are from neighboring fields or migration backgrounds and should be used to judge
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whether the materials, methods, or structures already have cross-field foundations.

Historical judgments must prioritize the statistical summaries in related_statistics, which are computed
from the full set of related papers, rather than relying only on representative_related_papers.

Do not fabricate evidence that is not present in the input.

Do not use general background knowledge alone to assign a score of @. A @ score requires direct support
from related_statistics or representative_related_papers showing that the target material, method,
integration, performance, or application is already common, mature, or closely matched in the related
set.

If related_statistics shows zero or very few occurrences for a target material, method, or application,
treat that as possible novelty or insufficient related-set evidence; do not describe it as widely used
unless representative_related_papers explicitly support that claim.

If publication years or yearly distributions are missing, acknowledge the limitation and rely on
explicit related-paper similarities and content instead of assuming long usage history.

All sub-dimension scores must strictly be integers from @ to 3.

The overall_innovativeness score must strictly be an integer from @ to 5. It must not be a simple
average of the five sub-dimension scores, but it must remain consistent with the sub-scores and the
supporting evidence.

Material Novelty:

- 3: The material appeared relatively late in the target field, has a short usage history, low yearly
occurrence frequency, has not yet become a mainstream conventional material, or belongs to a recently
introduced, rarely used, and clearly exploratory material system.

- 2: The material has some usage history in the target field and shows a moderate occurrence frequency.
Although it is not a newly introduced material, it is also not a fully mature or widely generalized
conventional system, and still retains some novelty or differentiation.

- 1: The material appeared relatively early in the target field, has a long usage history and
high occurrence frequency, and is generally mature and common. However, it may still retain minor
differentiation in a specific task, device, or material combination.

- 0: The material has been widely used in the target field for a long time and belongs to a typical
mainstream conventional material system. Its yearly occurrence frequency is high, and it lacks
clear newly introduced features or differentiated value, so it shows little to no material-level
innovativeness.

Method Novelty:

- 3: The method appeared relatively late in the target field, has a short usage history, low yearly
occurrence frequency, has not yet become a mainstream conventional process route, or belongs to a
recently introduced, rarely used, clearly exploratory, or cross-field transferred method.

- 2: The method has some application history in the target field and shows a moderate occurrence
frequency. Although it is not a newly introduced method, it is also not a fully mature or widely
adopted conventional route, and still retains some novelty or differentiation.

- 1: The method has a relatively long usage history in the target field, appears frequently, and is
generally mature and common. However, it may still show minor differentiation in a specific device,
process path, or combination strategy.

- @0: The method has been widely applied in the target field for a long time and belongs to a typical
mainstream conventional process route. Its yearly occurrence frequency is high, and it lacks clear
methodological novelty or differentiated value, so it shows little to no method-level innovativeness.
Integration Novelty:

- 3: The integrated final device/product has few or recent precedents in existing literature and forms
a clearly novel system-level combination. It integrates multiple functions, modules, or features
synergistically, or introduces prominent additional functions and new structural forms, showing strong
combinational innovativeness.

- 2: The integration scheme has some precedents in existing studies but still shows clear differentiation.
It realizes partial functional combination or structural integration and has some novelty, but overall
remains an extension or improvement of an existing route.

- 1: The integrated final device/product is relatively close to existing studies. Its functional
combination and structural form are generally common, with only limited changes in local design, added
functions, or integration strategy. Overall combinational innovativeness is weak.

- 0: The integrated final device/product is already common in existing literature. Its functional
combination, structural form, and system integration strategy are highly consistent with prior studies,
lacking clear new system-level integration ideas or additional functions, and thus shows little to no
integration-level innovativeness.

Performance Breakthrough:

- 3: Key performance metrics clearly exceed the boundary of similar fine_related papers, or the work
significantly leads in multiple key metrics simultaneously.

- 2: Some key performance metrics are better than those of related papers, showing clear improvement,
but the breakthrough magnitude is limited or only covers part of the metrics.

- 1: Performance is close to that of related papers, with only marginal or local improvement.

- @: There is no clear performance advantage, or the input evidence is insufficient to support a
performance breakthrough.

Application Novelty:

- 3: The application scenario is rarely seen in fine_related or coarse_related papers and represents a
newly introduced, cross-scenario transferred, or clearly exploratory direction.

- 2: There are existing precedents for related applications, but the target paper shows a clear extension
or differentiation in its application.
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- 1: The application scenario is relatively common, with only limited variation.

- 0: The application scenario is a long-standing conventional direction in the field and shows little
to no application-level innovativeness.

Overall Innovativeness:

- 5: Multiple dimensions show high innovativeness, fine_related papers lack direct precedents, and the
overall work reaches strong innovativeness.

- 4: The work shows clear innovativeness, with at least two relatively strong dimensions, and is not
merely a routine improvement.

- 3: The work has clear innovative points, but mainly represents a combination or improvement based on
existing routes.

- 2: Innovativeness is limited, and most dimensions are close to related papers.
- 1: Innovativeness is weak, with only local differences.

- 0: The work is essentially non-innovative with clear direct evidence from the related set. Insufficient
evidence alone should not be converted into a @ score.

Figure 11: The prompt used to evaluate Novelty.

Figure 12 shows a prompt evaluating authority without external evidence.

You are an expert, unbiased scientific literature evaluator specializing in the field of flexible
electronics. Your task is to perform a rigorous evaluation and score the inputted (structured)
research paper text across three distinct dimensions.

Evaluation System and Scales

1. Academic Impact (Overall Score Scale: @ to 5 - Integer Only)

Evaluate the research paper’s scholarship, reputation, and potential citation impact.
- Publication Platform Quality (Subdimension Scale: @ to 3 - Integer Only)

- Paper Scholarly Influence (Subdimension Scale: @ to 3 - Integer Only)

2. Realizability (Overall Score Scale: @ to 5 - Integer Only)

Evaluate the physical feasibility, replication safety, and low failure risks under normal laboratory
conditions.

- Material Usability (Subdimension Scale: @ to 3 - Integer Only)

- Process Complexity (Subdimension Scale: @ to 3 - Integer Only)

- Equipment Accessibility (Subdimension Scale: @ to 3 - Integer Only)
3. Novelty (Overall Score Scale: @ to 5 - Integer Only)

Evaluate the novelty degree of each component of the research compared to existing academic achievements.
- Material Novelty (Subdimension Scale: @ to 3 - Integer Only)

- Method Novelty (Subdimension Scale: @ to 3 - Integer Only)

- Integration Novelty (Subdimension Scale: @ to 3 - Integer Only)

- Performance Novelty (Subdimension Scale: @ to 3 - Integer Only)

- Application Novelty (Subdimension Scale: @ to 3 - Integer Only)
Output Format Specification

You must output a single, well-formed JSON object using a nested hierarchical tree structure. Each
main dimension must encapsulate its own overall score and subdimensions. Do not include any extra
conversational prose or markdown wrappers outside of the JSON block. Ensure all numeric values are
integers.

Figure 12: The no-external-evidence evaluation prompt used for flexible-electronics papers.
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