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Abstract

Large language models (LLMs) hold promise
for automating causal knowledge extraction, a
fundamental component of scientific discov-
ery, yet their ability to reliably identify causal
claims in scientific literature remains poorly
understood. Using 1,000 manually annotated
abstracts spanning 20 disciplines, we evalu-
ate eight frontier LLMs under four prompting
strategies on a causal conclusion identification
task. More elaborate prompting strategies do
not necessarily improve performance, while
open-weight models achieve competitive per-
formance relative to proprietary models. LLMs
systematically produce false-positive causal
predictions on non-causal abstracts, with GPT-
5 showing the most extreme bias, and Few-Shot
prompting provides the most consistent calibra-
tion benefit. Performance varies substantially
across disciplines with stronger and more sta-
ble results in biomedical fields. Our findings
provide practical insights for using LLMs in
scientific causal analysis and highlight calibra-
tion and domain variation as key challenges for
advancing causal reasoning in scholarly text.

1 Introduction

Causal knowledge underpins scientific under-
standing, yet manually extracting causal claims—
especially the causal conclusions that authors draw
from their own findings and that inform systematic
reviews, new hypotheses, and policy decisions—is
infeasible given the exponential growth of the liter-
ature (Girju, 2003; Do et al., 2011; Jonnalagadda
et al., 2015; Higgins et al., 2019). Causal language
in scientific contexts is often hedged, implicit, or
discipline-specific (Hyland, 1996; Yu et al., 2019),
making it difficult to distinguish truly causal con-
clusions from descriptive, correlational, or mech-
anistic ones. Large Language Models (LLMs) of-
fer a scalable alternative (Gilardi et al., 2023), but
existing evaluations of LLM-based causal extrac-
tion often rely on limited domains, narrow model

coverage, or synthetic examples (Lee et al., 2025;
Miliani et al., 2025; Lithgow-Serrano et al., 2025),
leaving unclear how reliably frontier LLMs handle
real scholarly prose across disciplines and model
families.

In this work, we present an extensive evaluation
of state-of-the-art LLMs for identifying causal con-
clusions in scientific literature, providing practical
insights for scientists seeking to use LLMs for sci-
entific discovery and for Al researchers developing
causal reasoning systems. We define causal conclu-
sions as cause-and-effect judgments that authors
assert on the basis of their study’s evidence. Such
conclusions are especially important because they
often shape subsequent citation, replication, evi-
dence synthesis, and policy uptake (Haber et al.,
2022; Cofield et al., 2010). Automatically deter-
mining whether a scientific article reports a causal
conclusion is therefore a critical first step toward
scalable evidence synthesis (Jonnalagadda et al.,
2015; Higgins et al., 2019). For finer-grained tasks,
such as disentangling causes and effects at scale,
reliable conclusion-level identification can further
reduce the search space and help prioritize rele-
vant documents. We focus on article abstracts be-
cause they are widely accessible, structured sum-
maries of scientific contributions (Dernoncourt and
Lee, 2017), and because their rhetorical context—
including hedging, study-design cues, and author
stance—can provide important evidence for judg-
ing whether a conclusion is genuinely causal (Hy-
land, 1998; Yu et al., 2019).

To capture the spectrum of causal expressions
across scientific fields, we selected 20 disciplines
spanning biomedicine, physical and materials sci-
ences, and ecology and environmental science.
We curated a dataset of 1,000 abstracts from the
Al4Science corpus (Xie et al., 2024) and manu-
ally annotated each abstract for its main conclusion
and whether that conclusion was causal. We then
use this dataset to evaluate eight LLMs, including
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six proprietary and two open-weight models, un-
der four prompting strategies for causal conclusion
identification. To understand where errors arise,
we further decompose the end-to-end task into two
complementary settings: conclusion extraction and
classification given human-annotated conclusions.
In each setting, we compare LLM performance
with non-LLM baselines. Finally, we conduct a
discipline-level analysis to examine cross-field het-
erogeneity.

To the best of our knowledge, this is the first
work to systematically evaluate LLMs for causal
conclusion identification in scientific literature us-
ing human-annotated abstracts spanning multiple
disciplines.! Our findings provide a comprehensive
view of current LLLM capabilities for this task, of-
fering practical insights into model and prompting
choices while identifying calibration and domain
variation as key remaining challenges.

2 Related Work

2.1 Causal Language in Scientific Text

Causal claims in scientific writing are not binary
but exist along a continuum of commitment—from
strong assertions (X causes Y) through hedged
implications (X may contribute to Y) to purely
correlational reports (X is associated with Y) (Yu
et al., 2019, 2020). Models that ignore this graded-
ness systematically conflate correlation with causa-
tion, particularly in observational or exploratory
studies. The continuum is further complicated
by genre conventions: scientific authors intention-
ally avoid categorical causal assertions, relying in-
stead on hedging devices and rhetorical structur-
ing to modulate the strength of their claims (Hy-
land, 1996). These conventions vary markedly
across disciplines—biomedical literature employs
overt causal markers such as induces or inhibits,
whereas physical-science fields more frequently en-
code causality through mechanistic descriptions or
quantitative relationships without explicit causal
vocabulary (Herndn and Robins, 2010). These find-
ings motivate our study design, which adopts a bi-
nary annotation scheme that can be applied consis-
tently across disciplines while facilitating in-depth
analysis of boundary cases across evaluation set-
tings.

Annotation studies confirm that this linguistic

'The annotated data, prompt templates, raw predictions,

and analysis scripts are available at: https://github.com/
kosue153/Identify_Causal_Conclusion

complexity translates directly into labeling diffi-
culty. Annotated biomedical corpora reveal that
scientific causal claims are often mechanistic, prob-
abilistic, and span multiple clauses; even with
detailed guidelines, inter-annotator agreement re-
mains moderate, reflecting genuine ambiguity in
scientific causal reasoning rather than annotation
noise (Mihiila et al., 2013). Our evaluation frame-
work examines whether LLMs can navigate the
same distinctions that pose challenges for human
annotators.

2.2 LLM-based Causal Extraction

LLMs have demonstrated strong performance on
explicit text classification tasks and high internal
consistency as annotators (Gilardi et al., 2023),
making them natural candidates for scalable causal
extraction. Prompting strategies such as Chain-of-
Thought (CoT), which elicit step-by-step reasoning
before a final judgment, have been shown to im-
prove performance on tasks requiring multi-step
inference (Wei et al., 2022). However, fundamen-
tal questions remain about whether LLMs perform
genuine causal reasoning or merely exploit surface-
level co-occurrence patterns.

Critical analyses suggest that LLMs function
as “causal parrots,” relying on distributional regu-
larities memorized during pre-training rather than
performing true causal inference (Zecevic et al.,
2023; Wu et al., 2024; Garcia-Corral et al., 2025).
This limitation manifests concretely in evalua-
tion: on the ExpliCa benchmark, state-of-the-art
LLMs frequently confound temporal relations with
causal ones and exhibit a lower threshold for es-
tablishing causality than humans (Miliani et al.,
2025). In domain-specific settings, the picture
is equally concerning—evaluations on biomedical
texts show that LL.Ms approach random-guessing
accuracy when classifying causal relation types,
with instruction-tuned models displaying severe
miscalibration and overconfidence in incorrect pre-
dictions (Lithgow-Serrano et al., 2025).

Despite these known vulnerabilities, existing
benchmarks have evaluated LLM causal reason-
ing in isolated domains such as clinical guidelines
or economics (Lee et al., 2025), and have focused
exclusively on proprietary models, leaving open
questions about generalizability across diverse sci-
entific disciplines and across the proprietary—open
divide. Our work addresses these gaps by systemat-
ically evaluating eight LLMs—including two fron-
tier open-weight models—across 20 disciplines,
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alongside non-LLM baselines that contextualize
the contribution of LLMs.

2.3 Non-LLM Approaches to Scientific
Information Extraction

Prior to LLMs, scientific information extraction
relied on supervised classifiers trained on domain-
specific corpora. Yu et al. (2019) trained tradi-
tional classifiers on PubMed abstracts to distin-
guish causal from correlational claims, achiev-
ing F; around 0.75 with hand-engineered features.
Beltagy et al. (2019) demonstrated that domain-
adapted BERT variants substantially outperform
general-domain models on scientific tasks. More
recent work explores hybrid approaches combin-
ing fine-tuned encoders with LL.M-based reason-
ing (Gkountouras et al., 2025), yet direct com-
parisons between fine-tuned encoders and frontier
LLMs on causal classification remain rare. Our
work addresses this gap by systematically bench-
marking SciBERT against eight frontier LLMs.

3 Dataset

We construct a benchmark from abstracts span-
ning 20 disciplines drawn from the Al4Science
corpus (Xie et al., 2024), a large-scale collection of
scientific papers aggregated from major publication
venues across the natural and biomedical sciences.
The disciplines are selected based on their volumes
in the corpus, excluding computer science and Al-
related fields. Discipline labels are inherited from
the corpus and were generated through data-driven
clustering rather than a predefined taxonomy, en-
abling finer-grained analysis of variation in causal
expression across fields that may appear closely re-
lated but are semantically distinct. Further details
are provided in Appendix A. We randomly sample
50 abstracts per discipline, yielding 1,000 abstracts
in total. Abstracts are used instead of full papers to
control document length while preserving the core
claims.

Each abstract is annotated by two authors. Dur-
ing annotation, each annotator determines whether
the abstract contains a causal conclusion—a state-
ment indicating that one phenomenon contributes
to, enables, produces, or influences another—
and provides a summary of the main conclusion.
Both explicit and implicit causal expressions are
included. Pre-adjudication Cohen’s x for the
causal/non-causal classification is 0.638, indicating
substantial inter-annotator agreement. Disagree-

ments are resolved through discussion: annotators
reach consensus on causal labels and meaningfully
different extracted conclusions, while paraphrastic
differences are resolved by selecting the clearer
formulation. Ambiguous cases are retained when
supported by a reasonable interpretation, consider-
ing that causal language in scientific writing often
exists on a continuum rather than fitting into a strict
binary distinction (Mihiila et al., 2013). In the fi-
nal dataset, 74.0% of abstracts (n="740) are labeled
causal, and 26.0% (n=260) are labeled non-causal.
A full per-discipline breakdown is provided in Ap-
pendix A.

4 Causal Conclusion Identification

The task for the LLMs includes two steps. First,
the model extracts the concluding claim(s) from
a given abstract. Second, it classifies whether
the extracted conclusion is causal or non-causal
(Yes/No). A robustness check (Section 4.5) pro-
vides results for direct causality classification of
abstracts. We evaluate eight LLMs on our end-to-
end pipeline: GPT-40, GPT-40 mini, and GPT-5
from OpenAl; Claude Sonnet 4.5 and Claude
Opus 4.6 from Anthropic; Gemini 3.1 Pro from
Google; and two frontier open-weight models—
Llama 3.3 70B Instruct from Meta and Qwen
3.5 397B A17B from Alibaba. All models were ac-
cessed via APIs with default decoding parameters,
and no fine-tuning was performed. Implementation
details are described in Appendix B.3. For brevity,
we omit version details in subsequent discussion
when the intended model is clear from context.

We further conduct diagnostic evaluations for
each step. The extraction-only evaluation com-
pares model-extracted conclusions with human-
generated conclusions, while the classification-
only evaluation uses human-generated conclusions
as input to isolate causality classification perfor-
mance. We also include non-LLM baselines for
both tasks.

Each LLM model is paired with four prompting
strategies. The Basic prompt provides concise in-
structions without exemplars or scaffolding; the
Few-Shot (FS) prompt provides two causal and
two non-causal labeled examples drawn from a
held-out set; the Chain-of-Thought (CoT) prompt
asks for step-by-step reasoning before a final judg-
ment; and the Self-Refinement (SR) prompt asks
the model to verify and optionally revise its ini-
tial answer. All four strategies share an identical
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Table 1: Weighted F; by model and prompting strat-
egy for the end-to-end pipeline. The best result for
each model is underlined. (*) denotes open-weight mod-
els.

Model Basic FS CoT SR

Gemini 3.1 Pro 0.853 0.828 0.843 0.845
Claude Opus 4.6 0.834 0.836 0.835 0.846
Llama3.370B (*) 0.831 0.825 0.830 0.813
Qwen 3.5397B (*) 0.830 0.836 0.825 0.776
Claude Sonnet4.5  0.820 0.822 0.801 0.823
GPT-40 0.810 0.782 0.827 0.811
GPT-5 0.805 0.803 0.798 0.791
GPT-40 mini 0.799 0.793 0.799 0.711

base prompt structure—definitions, instructions,
and output schema—differing only in their strategy-
specific additions, ensuring fair comparison. This
design yields 32 primary configurations (eight mod-
els x four strategies). The prompt templates are
provided in Appendix D.

4.1 Overall Model Performance

We use weighted F, as the primary evaluation
metric because it accounts for the imbalanced
causal/non-causal label distribution while remain-
ing sensitive to per-class precision and recall. Full
results, including complementary metrics accuracy
and macro F; as well as bootstrap estimates, are
provided in Appendix B.

As shown in Table 1, among the Basic configu-
rations, Gemini achieves the highest performance
with a weighted F; of 0.853, followed by Claude
Opus (0.834), Llama (0.831), and Qwen (0.830).
Notably, Claude Opus performs best under SR,
achieving a weighted F; score of 0.846. The next
tier comprises Claude Sonnet (0.820) and GPT-
40 (0.810), whose best configurations reach 0.823
(SR) and 0.827 (CoT), respectively. The remain-
ing GPT models show comparatively lower perfor-
mance, with GPT-5 reaching 0.805 and GPT-40
mini reaching 0.799.

Two main observations emerge from the results.
First, non-basic prompting strategies do not nec-
essarily improve performance on causality iden-
tification. The Basic prompt achieves the best
performance for three of the eight models (Gem-
ini, Llama, and GPT-5), and ties with CoT as the
best for GPT-40 mini. Among models where alter-
native prompts help, the type of effective prompt
varies as well as the largest gain: Claude Opus im-
proves from 0.834 (Basic) to 0.846 (SR), GPT-40
improves from 0.810 (Basic) to 0.827 (CoT), and

Qwen improves from 0.830 (Basic) to 0.836 (FS).
This finding suggests that more elaborate prompt-
ing does not consistently improve causality identi-
fication and may sometimes introduce additional
reasoning or revision steps that do not translate into
better final judgments.

Second, the open-weight models, Qwen and
Llama, achieve competitive performance relative
to proprietary models. Under Basic prompting,
Llama ranks third and Qwen fourth; under Few-
Shot prompting, Qwen ties Claude Opus for the
best result across all models, with a weighted F;
of 0.836. These results suggest that frontier open-
weight models are comparable to proprietary mod-
els in identifying causal conclusions from scientific
text. More broadly, the task remains equally chal-
lenging across model families rather than being
solved by access to proprietary models alone.

This difficulty is further underscored by com-
parison with standard causality benchmarks and
general-domain datasets with more explicit causal
language, such as SemEval-2010 Task 8 (Hen-
drickx et al., 2010) and sentence classification
in FinCausal (Mariko et al., 2020), where mod-
ern LLMs and fine-tuned models often achieve F}
scores above 0.90 or 0.95. In contrast, our results
suggest that identifying causal conclusions from
scientific literature is substantially harder. This
challenge is also reflected in recent domain-specific
benchmarks, which show that LLMs struggle in
specialized settings; for example, recent studies
report GPT-4 achieving F; around 0.60 on clinical
practice guidelines (Gopalakrishnan et al., 2025)
and an average of only 0.535 on the ReCITE bench-
mark for real-world academic text (Saklad et al.,
2025).

4.2 Class-level Performance

To better understand this challenge, we examine
model performance by class using per-class F;
scores, which assess performance on causal and
non-causal conclusions separately. We further re-
port the false-positive rate, defined as the propor-
tion of truly non-causal conclusions incorrectly
classified as causal, and the missed rate, defined
as the proportion of truly causal conclusions incor-
rectly classified as non-causal. Table 2 reports these
metrics for each model under the Basic prompt.
The F; score on truly causal conclusions ranges
from 0.867 to 0.901, whereas that on truly non-
causal conclusions ranges from 0.581 to 0.715,
with gaps between the two metrics ranging from
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0.186 for Gemini to 0.303 for GPT-5. These re-
sults indicate a systematic asymmetry in model per-
formance: LLMs identify causal conclusions rela-
tively well but struggle to distinguish non-causal
conclusions from causal ones. The false-positive
rate is also high, ranging from 29.2% for Gem-
ini (95% CI [23.7%, 34.5%]) to 51.5% for GPT-5
(95% CI [45.8%, 57.5%]). Per-metric bootstrap
CIs (Appendix Table B.3) provide further evidence
that cross-tier model differences are statistically
robust.

Several factors may contribute to this tendency.
First, causal language is common in scientific writ-
ing, and models may learn to associate conclusion-
oriented abstracts with causal interpretation even
when the evidence is correlational or descriptive
(see case study for GPT-5 in Section 4.4.1). This
pattern is consistent with the “causal parrots” hy-
pothesis (Zecevic et al., 2023), which observes that
LLMs may reproduce the rhetorical patterns of
causal language present in their training data. Sec-
ond, instruction tuning and RLHF may encourage
models to provide decisive answers, making them
less willing to reject causality under ambiguity.
Third, scientific rhetoric often frames findings as
meaningful, explanatory, or actionable, which can
blur the boundary between causal claims and non-
causal conclusions (Hyland, 1996; Yu et al., 2019).
These factors suggest that improving causal extrac-
tion from scientific text requires not only stronger
models but also better calibration: models must
learn when to withhold causal judgments rather
than merely identify plausible causal language. We
therefore next examine whether prompting strate-
gies can mitigate this false-positive tendency by
shifting the balance between causal detection and
non-causal rejection.

4.3 Prompting Effects on False-Positive
Causal Predictions

Few-Shot Prompting. Although Few-Shot
prompting does not improve aggregate weighted
F1, it has a consistent calibration effect by reducing
the systematic false-positive causal predictions
identified above. Table 2 reports the change in the
false-positive rate from Basic to Few-Shot. Across
all eight models, Few-Shot examples reduce false
positives by an average of 13.3 percentage points,
with Claude Sonnet showing the largest reduction
(—28.0 pp). Six of the eight models also improve
their non-causal F; under Few-Shot prompting
(mean A = +0.026, Table B.1), suggesting that

the reduction in false positives is not merely an
artifact of indiscriminate label flipping. Llama
exhibits the smallest calibration effect (—1.5 pp in
the false-positive rate), likely because it already
shows a relatively balanced classification under
Basic.

The robustness of this Few-Shot calibration ef-
fect across both proprietary and open-source mod-
els suggests that in-context examples can help cal-
ibrate causal judgments across different training
pipelines. This effect is largely neutral in aggre-
gate weighted F; (mean A = —0.007), because
the gains in non-causal F; are offset by small re-
ductions in F; on truly causal conclusions. Indeed,
three models (Claude Opus, Claude Sonnet, and
Qwen) show small gains in weighted F; under Few-
Shot, while the remaining models show modest
losses. Few-Shot prompting therefore appears to
function primarily as a bias-correction strategy, pro-
ducing more class-balanced causal classifications.
This is particularly valuable for applications where
false-positive causal assertions have high down-
stream cost, including causal knowledge base con-
struction, systematic review support, and scientific
claim verification.

Chain-of-Thought Prompting. CoT improves
weighted F; for only two of the eight models
(Claude Opus and GPT-40), with marginal gains
of +0.002 and +-0.017 respectively, but its effects
are uneven. It notably degrades Claude Sonnet
(—0.019 in weighted Fy, Table 1), mainly through
over-correction: its missed rate triples from 0.077
under Basic to 0.236 under CoT (see Table B.1).
This suggests that step-by-step reasoning can some-
times make models more conservative, but this
conservatism does not always translate into bet-
ter calibration. Instead, CoT may shift the error
profile from false-positive to false-negative causal
predictions, depending on the model.

Self-Refinement Prompting. As shown in Ta-
ble 2, SR effects are even more model-dependent.
Qwen exhibits the largest SR benefit, reducing
false positives by 32.7 percentage points, more
than twice the next-largest reduction. By contrast,
GPT-5 is the only model for which SR increases
false positives (+8.1 pp), suggesting that self-
verification can sometimes reinforce rather than
correct initial causal judgments, a pattern related
to confirmation drift (Huang et al., 2024; Madaan
et al., 2023). GPT-40 mini flips 40.1% of predic-
tions but achieves no net improvement (0.0 pp), in-
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Table 2: Class-level asymmetry and prompting effects on false-positive causal predictions in the end-to-end
pipeline. F; ¢ and Fin¢ denote per-class F; under the Basic prompt. FPR, Miss, and Flip are reported as percentages.
Changes under Few-Shot (FS), Chain-of-Thought (CoT), and Self-Refine (SR) are relative to Basic. AF; ,, denotes
the absolute change in weighted F;, and AFPR is reported in percentage points. Flip denotes the percentage of

first-pass predictions reversed by SR.

Basic FS CoT SR
Model Fic Finc FPR Miss AF,, AFPR AF,, AFPR AF,, AFPR Flip
Gemini 3.1 Pro 0.901 0.715 29.2 96 —-0.025 -92 -0.010 —-0.8 —0.008 —-7.7 6.2
GPT-40 0.867 0.647 319 149 -0.028 —-13.1 +0.017 —-12.3 +40.001 —-13.8 159
Claude Opus 4.6 0.895 0.665 399 74 +0.002 -124 +0.001 —-54 40.012 —43 58
Llama 3.3 70B 0.892 0.655 40.0 8.1 —-0.006 —1.5 —0.001 0.0 —0.018 —13.5 17.8
Qwen 3.5 397B 0.895 0.646 43.1 68 +40.006 —162 —-0.005 —2.7 —0.054 -32.7 274
Claude Sonnet 4.5 0.888 0.625 445 7.7 +40.002 -28.0 —0.019 -30.7 +0.003 —14.1 17.1
GPT-40 mini 0.867 0.607 40.8 12.6 —0.006 —11.2 0.000 —1.5 —0.088 0.0 40.1
GPT-5 0.884 0.581 51,5 6.5 —-0.002 -15.0 —-0.007 +1.9 —-0.014 +8.1 7.5

Table 3: Classification-only performance: LLMs un-
der the Basic prompt vs. non-LLM baselines. Meth-
ods are ranked by weighted Fq(Fq ). Finc denotes
non-causal Fy, and FPR denotes false-positive rate.

Model Fl,w Finc FPR
SciBERT (fine-tuned) 0.842 0.682 0.358
Gemini 3.1 Pro 0.820 0.665 0.300
Llama 3.3 70B 0.816 0.658 0.308
Claude Opus 4.6 0.815 0.673 0.265
Qwen 3.5 397B 0.806 0.659 0.254
GPT-40 0.800 0.667 0.192
Claude Sonnet 4.5 0.799 0.654 0.239
GPT-5 0.799 0.611 0.396
GPT-40 mini 0.749 0.630 0.127
TF-IDF + LogReg 0.778 0.571 0427
TF-IDF + SVM 0.775 0.552  0.469
TF-IDF + RandomForest  0.734 0.365 0.750

dicating that frequent revision alone is insufficient
without reliable second-pass judgment. Together,
these patterns suggest that self-refinement depends
not only on whether a model revises its answer, but
also on whether its second-pass judgment is better
calibrated than its initial response.

4.4 Pipeline Decomposition and Non-LLM
Baselines

The end-to-end task combines two distinct steps:
extracting the concluding claim(s) and classifying
whether the extracted conclusion is causal. To
better understand where errors arise, we conduct
two complementary analyses. First, we decom-
pose end-to-end errors into extraction-associated
and classification-associated errors. Second, we
compare LLMs with non-LLM baselines for each
pipeline stage.

Extraction quality is measured using SBERT

Table 4: Error decomposition under the Basic strat-
egy. All values are percentages. Full = correct extraction
and classification; Cls. = correct extraction but incorrect
classification; Lucky = imperfect extraction but correct
classification; Ext. = imperfect extraction and incorrect
classification; Share = share of end-to-end errors associ-
ated with imperfect extraction.

Model

GPT-5
Gemini 3.1 Pro

Full Cls. Lucky Ext. Share

644 134 174 48 264
64.0 108 213 39 265

Qwen 3.5 397B 669 11.7 169 45 278
Claude Sonnet 4.5 63.1 13.1 17.8 6.0 314
GPT-40 58.7 132 220 6.1 316
Llama 3.3 70B 615 11.1 221 53 323
Claude Opus 4.6 66.5 12.1 153 6.1 335
GPT-40 mini 548 11.7 253 82 412

cosine similarity (Reimers and Gurevych, 2019)
between the model-extracted conclusion and the
human-annotated conclusion. A human evalu-
ation shows a moderate and significant correla-
tion between SBERT cosine similarity and human
judgments (see Appendix B.4), supporting its use
as a scalable evaluation signal, although it does
not necessarily capture causal-content preservation.
Across all models, using a threshold of 0.7 to iden-
tify high-similarity extractions, 26-41% of end-to-
end errors are associated with imperfect extraction,
while 59—74% occur despite high-similarity extrac-
tions. This indicates that end-to-end errors arise
from both the extraction and classification stages,
but classification accounts for the larger share un-
der this decomposition (Table 4).

We also observe a complementary “lucky recov-
ery” pattern: in 15-25% of cases, models produce
imperfect extractions but still assign the correct
end-to-end label. This suggests that exact extrac-
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tion fidelity is not always required for correct causal
classification, likely because imperfect extractions
may still preserve enough semantic information for
the model to infer the correct label. Notably, provid-
ing models with human-annotated conclusions does
not consistently improve aggregate performance
over the end-to-end setting; weighted F; decreases
by 0.022 on average across the eight LLMs. This
counterintuitive pattern suggests that LL.Ms adapt
their classification to their own extraction style,
and that semantic equivalence between extracted
and gold conclusions matters more than verbatim
accuracy. Per-model human-annotated-conclusion
results are reported in Appendix Table B.2.

We further contextualize each pipeline stage us-
ing non-LLM baselines (Table 3). For conclusion
extraction, rule-based heuristics substantially un-
derperform LLM extraction, with the best heuristic
reaching 0.686 mean SBERT cosine similarity com-
pared with 0.782 for the best LLM (Qwen; see Ap-
pendix B.5). For causal classification, however, the
picture is more nuanced: fine-tuned SciBERT (Belt-
agy et al., 2019) achieves the highest aggregate
weighted F; of 0.842, surpassing all eight LLMs
by 2.2 to 9.3 percentage points. The strongest
LLM, Gemini, reaches 0.820, while GPT-40 mini
ranks lowest at 0.749. Classical TF-IDF classi-
fiers achieve 0.734-0.778, with Logistic Regres-
sion (0.778) and SVM (0.775) even outperforming
GPT-40 mini (0.749). Implementation details are
provided in Appendix B.6.

The relationship between aggregate performance
and calibration reveals a fundamental trade-off.
While SciBERT achieves the highest aggregate F,
its false-positive rate (0.358) is higher than that
of seven of the eight LLMs. Classical TF-IDF
classifiers exhibit the highest false-positive rates
(0.427-0.750). This pattern indicates that no sin-
gle approach dominates on both axes: supervised
fine-tuning on encoder models can improve ag-
gregate accuracy, while specific instruction-tuned
LLMs offer better calibration on the minority non-
causal class. Thus, the choice between LLMs and
fine-tuned encoders depends critically on which
objective—aggregate F; or class-wise calibration—
is prioritized for the downstream application.

4.4.1 Case Study: Persistent False Positives in
GPT-5

To better understand the false-positives produced

by LLMs, we select GPT-5 for a case study through

pipeline decomposition. We separate false posi-

tives into extraction-induced (errors resolved when
the human-annotated conclusion is provided) and
classification-inherent (errors that persist), and ap-
ply this analysis to the 117 non-causal abstracts
that GPT-5 consistently misclassifies as causal un-
der both Basic and CoT prompting. In 43.6% of
these persistent false positives, the error disappears
when human-annotated conclusions are provided,
confirming that the model-extracted conclusions
introduced a causal framing not present in the orig-
inal gold annotations (extraction-induced). The re-
maining 56.4% persist even with human-annotated
conclusions, often involving transformation, capa-
bility, or mechanistic language that invites causal
interpretation (classification-inherent). Few-Shot
prompting corrects 29.1% of these persistent cases,
suggesting that in-context examples mitigate some
false positives but do not fully resolve ambiguous
causal boundaries. See details in Appendix C.

4.5 Direct Classification without Extraction

To test whether our findings depend on the two-
stage extraction-then-classification design, we con-
ducted a direct classification experiment in which
four models (GPT-5, Claude Opus 4.6, Gemini 3.1
Pro, and Qwen 3.5 397B) classified 200 randomly
sampled abstracts as causal or non-causal without
first extracting a conclusion. False-positive rates di-
verge more sharply than in the end-to-end pipeline,
with GPT-5 remaining the most biased and Qwen
the most calibrated. This model-dependent het-
erogeneity is consistent with our end-to-end re-
sults and reinforces the central message that false-
positive causal predictions are a model-specific
property of instruction-tuning rather than an arti-
fact of the two-stage design. Full per-model results
are reported in Appendix B.7.

5 Discipline-Specific Evaluation

We next examine whether model performance
varies across scientific disciplines. Given that
causal and non-causal samples are highly imbal-
anced in some disciplines (e.g., Organic Chem-
istry contains only one non-causal sample; see
Table A.1), we interpret the results at the level
of discipline clusters. Figure 1 shows substantial
discipline-specific variation in weighted F; across
model—prompt configurations. Biomedical disci-
plines, including Cancer Biology, Immunology, De-
velopmental Biology, Oncology, Molecular Biol-
ogy / Genetics, Cell Biology, and Neuroscience,
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Figure 1: Distribution of weighted F; scores across scientific disciplines. Each box aggregates 32 model-prompt

configurations (8 models x 4 prompting strategies).

achieve the highest median weighted F; scores, ap-
proaching or exceeding 0.9 across model-prompt
configurations. These fields also show relatively
compact interquartile ranges, suggesting robust-
ness to model and prompt choice. By contrast,
several physical-science disciplines, including Ma-
terials Science, Biochemistry/Molecular Biology,
Chemistry, and Condensed Matter Physics, show
lower median scores and wider variation, suggest-
ing greater sensitivity to model and prompt choice.

To disentangle the sources of this variation, we
compute causal recall, or sensitivity, and non-
causal recall, or specificity, for each model-prompt
configuration within each discipline. We then
perform separate hierarchical clustering analyses
for sensitivity and specificity using average link-
age (UPGMA) with Euclidean distance. The full
heatmaps are shown in Figures B.2 and B.3 in the
Appendix.

The sensitivity heatmap reveals clear discipline-
level stratification. Biomedical disciplines form
a high-sensitivity cluster, indicating that causal
conclusions in these fields are consistently recog-
nized across models and prompting strategies. In
contrast, several physical-science disciplines, in-
cluding Organic Chemistry, Chemistry, Condensed
Matter Physics, and Materials Science, form a low-
sensitivity cluster. This pattern suggests that causal
conclusions in these domains may be expressed
less directly, often through mechanisms, material
properties, experimental effects, or domain-specific

terminology, making them harder for prompt-based
LLM extraction. Notably, open-weight models
such as Llama and Qwen under Basic and CoT
prompts cluster with stronger proprietary config-
urations, reinforcing the earlier finding that open-
weight models can be competitive on this task.

The specificity heatmap reveals a different
source of variation. Low-specificity configurations
are concentrated among GPT-family models, con-
sistent with their higher false-positive rates in Ta-
ble 2. This produces an important inversion: some
configurations with high sensitivity, such as GPT-5
under Basic, CoT, and SR prompts, show weaker
specificity, whereas more conservative configura-
tions, such as Qwen (SR) and Claude Sonnet (SR),
achieve stronger specificity. In other words, the
best models for detecting causal conclusions are
not always the best models for rejecting non-causal
ones.

Together, these patterns show that discipline-
specific performance differences are not only about
overall accuracy, but also about the balance be-
tween sensitivity and specificity. Biomedical dis-
ciplines appear easier because causal conclusions
are more consistently detected, whereas physical-
science disciplines expose sensitivity deficits. At
the same time, GPT-family models exhibit stronger
tendencies toward causal interpretation, which im-
proves recall on causal cases but weakens rejec-
tion of non-causal conclusions. More specifically,
biomedical disciplines achieve mean specificity of
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0.669 across model—prompt configurations, com-
pared with 0.588 for physical and chemical dis-
ciplines. The corresponding sensitivity gap is
smaller, indicating that the biomedical advantage is
driven primarily by more reliable rejection of non-
causal conclusions rather than by better detection
of causal ones. The optimal model-prompt con-
figuration therefore depends on the downstream
application’s tolerance for false positives versus
false negatives. For biomedical or cancer-related
literature screening, where missing causal findings
during expert review can be costly, high-sensitivity
configurations such as GPT-5 (Basic) or Claude
Opus (SR) may be preferred. For causal knowledge
graph construction or systematic review Support,
where incorrectly propagating non-causal findings
as causal can be harmful, high-specificity configu-
rations such as Claude Sonnet (FS) or Qwen (SR)
may be more suitable.

6 Discussion

Calibration is a key source of task difficulty.
Causal conclusion identification remains challeng-
ing because LLMs struggle to calibrate causal judg-
ments. All eight models systematically produce
false-positive causal predictions, misclassifying
non-causal conclusions more frequently than miss-
ing true causal ones. GPT-5 exemplifies this with
the highest false-positive rate (51.5%) and lowest
missed rate (6.5%). Conversely, smaller LLMs
(GPT-40 mini: 0.127, GPT-40: 0.192, Claude Son-
net 4.5: 0.239) achieve substantially lower false-
positive rates on classification-only inputs, demon-
strating calibration is independent of model scale.
Furthermore, while fine-tuned SciBERT achieves
the highest aggregate F; (0.842), it retains a false-
positive rate (0.358) higher than that of seven
LLMs. Thus, supervised fine-tuning improves ag-
gregate accuracy but does not automatically resolve
calibration. Progress requires targeted interven-
tions like Few-Shot calibration, task-specific fine-
tuning, or class-balanced objectives.

Causality in scientific text may be graded rather
than binary. The systematic false-positive pat-
tern suggests causal meaning in abstracts lies on
a continuum, often describing mechanisms or as-
sociations that invite causal interpretation with-
out being purely causal. While binary classifi-
cation serves as a useful first-pass screening for
large-scale analysis and systematic reviews (Hig-
gins et al., 2019), future work must consider multi-

level causality schemas tailored to specific domains.
Distinguishing explicit causal claims from indirect
meanings is vital, as false-positive causal predic-
tions propagate erroneous evidence into literature
maps, causal knowledge graphs, and hypothesis-
generation systems.

7 Conclusion

We introduced a manually annotated dataset of
1,000 scientific abstracts across 20 disciplines to
evaluate eight frontier LLMs on causal conclusion
identification, compared with non-LLM baselines
on subtasks. Results show that all LLMs system-
atically produce false-positive causal predictions
on non-causal abstracts, while also indicating a
trade-off between aggregate accuracy and calibra-
tion: higher aggregate F; is often associated with
higher false-positive rate. Performance also varies
substantially across fields, underscoring the need
for calibrated, domain-aware methods for scientific
causal analysis.

8 Limitations

Scope and scale. Our evaluation is based on 1,000
English-language abstracts spanning 20 disciplines.
Although this provides broad cross-disciplinary
coverage, abstracts may not capture causal reason-
ing distributed across full paper sections (Teufel,
1999). The exclusion of social sciences and human-
ities also limits generalizability, especially because
causal language and evidentiary norms may differ
substantially across these fields.

Annotation framework. Our binary causal/non-
causal scheme, which aims to support consistent
evaluation across disciplines, does not capture the
graded nature of scientific causal claims (Yu et al.,
2019), representing an important direction for fu-
ture work. Inter-annotator agreement (x = 0.638)
likely reflects genuine boundary ambiguity rather
than annotation error alone (Mihaila et al., 2013).
Such ambiguity may introduce uncertainty into the
gold-standard labels.

API stability and refusals. All LLMs were ac-
cessed via commercial or hosted APIs with default
parameters. Because model versioning and internal
updates are beyond our control, results may vary
over time or across API versions. We also observed
API-level safety refusals for Claude Opus 4.6
on approximately 2.6% of biomedical abstracts;
these rows were excluded from metric computation.
Other models exhibited refusal rates below 0.5%.
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End-to-end supervised pipeline. The higher ag-
gregate F; achieved by the fine-tuned SciBERT
model for conclusion extraction suggests the po-
tential of an end-to-end pipeline that combines a
supervised conclusion extractor with a supervised
classifier, providing a natural direction for future
work.

9 Ethical Considerations

LLMs’ systematic tendency to over-predict causal-
ity poses risks if their outputs are propagated into
evidence syntheses, literature maps, causal knowl-
edge graphs, or policy documents. Our results show
that this risk persists even among newer frontier
models, suggesting that improved aggregate capa-
bility alone may not ensure reliable causal calibra-
tion. LLM-based causal extraction should therefore
be treated as a screening tool requiring human ver-
ification, rather than as a replacement for expert
judgment, particularly in high-stakes settings such
as systematic reviews and policy analysis.
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A Dataset Details

The dataset includes abstracts spanning 20 disci-
plines drawn from the Al4Science corpus (Xie
et al., 2024). We ranked all disciplines represented
in the corpus by their paper count and selected the
20 highest-volume fields to ensure sufficient cover-
age and sampling diversity. Computer science and
Al fields were excluded because LLMs are predom-
inantly pretrained on large quantities of text from
these domains, which could inflate performance
through memorization or distributional familiar-
ity rather than genuine causal reasoning. Fifty
abstracts were randomly sampled per discipline
(1,000 in total). The labels are inherited verbatim
from the Al4Science corpus and reflect data-driven
semantic clusters rather than a curated taxonomy.
Closely related labels are retained because they
capture distinct rhetorical patterns: for example,
Cancer Biology papers tend to emphasize molec-
ular mechanisms of tumorigenesis, whereas On-
cology papers more often report clinical outcomes
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and treatment responses. Similar distinctions ap-
ply between Molecular Biology and Biochemistry /
Molecular Biology.

Table A.1 reports the per-discipline distribution
of causal and non-causal labels. Overall, 74.0 %
(n=740) of the abstracts were labelled causal and
26.0 % (n=260) non-causal.

Table A.1: Per-discipline distribution of causal and
non-causal labels. Fifty abstracts were sampled per
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Google (Gemini)
Meta (Llama)
Alibaba (Qwen)

discipline.

Discipline Causal Non-causal Causal %
Biochemistry 32 18 64
Biochemistry / Molecular Biology 36 14 72
Biomedical Engineering 35 15 70
Cancer Biology 46 4 92
Cell Biology 41 9 82
Chemistry 26 24 52
Condensed Matter Physics 30 20 60
Developmental Biology 37 13 74
Ecology 40 10 80
Environmental Science 36 14 72
Evolutionary Biology 31 19 62
Immunology 43 7 86
Materials Science 25 25 50
Microbiology 38 12 76
Molecular Biology 43 7 86
Molecular Biology / Genetics 38 12 76
Neuroscience 31 19 62
Oncology 39 11 78
Organic Chemistry 49 1 98
Virology 44 6 88
Total 740 260 74.0

B Supplementary Classification Results

Table B.1 reports accuracy, per-class F; (Yes/No),
macro F;, and weighted F; for all model-
prompt combinations on the End-to-End bench-
mark, grouped by model. The best result among
the four primary configurations (Basic, FS, CoT,
SR) for each model is underlined.

Figure B.1 visualizes false-positive rates across
all 32 model-prompt configurations. Consis-
tent with the aggregate patterns reported in Sec-
tion 4.2, GPT-family models exhibit the highest
false-positive rates, while Few-Shot prompting con-
sistently reduces false positives across most mod-
els.

B.1 Hierarchical Clustering Heatmaps

Figures B.2 and B.3 show the hierarchical cluster-
ing heatmaps for model sensitivity and specificity,
respectively.

B.2 Bootstrap Confidence Intervals

To quantify uncertainty in our reported metrics, we
computed 95% bootstrap confidence intervals using
1,000 resamples with replacement over the 1,000-
abstract dataset. For each resample, we recomputed

Llama 3.3 | FS {Im
Llama 3.3 | Basic I
Llama 3.3 | CoT {III
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Figure B.1: False-positive rates across all model-
prompt configurations. A false positive occurs when
the model classifies a non-causal abstract as causal, re-
flecting a tendency to over-predict causality.

weighted Fy, per-class F, false-positive rate, and
missed rate for every model-prompt configuration.

Aggregate findings are statistically robust: false-
positive rates span 29.2% (Gemini, CI: [23.7%,
34.5%]) to 51.5% (GPT-5, CI: [45.8%, 57.5%])
with non-overlapping Cls, indicating that system-
atic false positives and cross-tier model differences
are not artifacts of sample composition. Weighted
F; differences between top-tier configurations are
within overlapping Cls, consistent with the small
point-estimate gaps reported in Table 1.

Per-discipline Cls are naturally wider due to
smaller within-discipline sample sizes (50 abstracts
per field, with 1-25 non-causal cases). We there-
fore treat discipline-level claims as trends sup-
ported by clustering rather than as precise per-field
estimates. Disciplines with fewer than 10 non-
causal samples are explicitly flagged in the cor-
responding analyses.

B.3 Reproducibility Details

Table B.4 lists exact model identifiers, API
providers, and inference configurations for all eval-
uated LLMs. For OpenAl, Anthropic, and Google
models, we used the API’s default decoding pa-
rameters. For Together Al models, we set temper-
ature to 0.0 for reproducibility, with the follow-
ing exception: Qwen 3.5 was called with temper-
ature 0.7, top-p 0.8, and reasoning mode disabled
(enable_thinking=False), following the vendor-
recommended configuration for non-thinking in-
ference. Maximum output tokens were 4,096
for Anthropic, 1,024 for Together Al (2,048 for
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Table B.1: Full End-to-End classification results across all 8 models and 4 prompting strategies.

Model Prompt Accuracy Fi(Yes) Fi(No) Fi;(Macro) F;(Weighted)
Basic 0.807 0.867  0.647 0.757 0.810
GPTAo FS 0.770 0.829  0.647 0.738 0.782
CoT 0.820 0.872  0.699 0.785 0.827
SR 0.802 0.856  0.683 0.769 0.811
Basic 0.801 0.867  0.607 0.737 0.799
GPT-40 mini FS 0.787 0.850  0.632 0.741 0.793
CoT 0.800 0.865  0.612 0.739 0.799
SR 0.698 0.783  0.505 0.644 0.711
Basic 0.818 0.884  0.581 0.732 0.805
GPLS FS 0.802 0.865  0.625 0.745 0.803
CoT 0.812 0.880  0.563 0.722 0.798
SR 0.813 0.883  0.529 0.706 0.791
Basic 0.827 0.888  0.625 0.756 0.820
Claude Sonnet 4.5 FS 0.814 0.865  0.700 0.782 0.822
u = CoT 0.790 0.843  0.680 0.762 0.801
SR 0.821 0.877  0.668 0.773 0.823
Basic 0.840 0.895  0.665 0.780 0.834
Claude Onus 4.6 FS 0.834 0.885  0.698 0.792 0.836
ude pus = CoT 0.838 0.891  0.681 0.786 0.835
SR 0.850 0901  0.695 0.798 0.846
Basic 0.853 0901  0.715 0.808 0.853
Gemini 3.1 Pro FS 0.821 0.873  0.699 0.786 0.828
: CoT 0.842 0.893  0.702 0.797 0.843
SR 0.841 0.889  0.720 0.804 0.845
Basic 0.836 0.892  0.655 0.774 0.831
FS 0.828 0.886  0.650 0.768 0.825
Llama 3.3 70B CoT 0.835 0892  0.654 0.773 0.830
SR 0.808 0.865  0.666 0.765 0.813
Basic 0.838 0.895  0.646 0.771 0.830
FS 0.834 0.886  0.696 0.791 0.836
Qwen35397B ¢ 0830 0888  0.646 0.767 0.825
SR 0.762 0816  0.662 0.739 0.776

Table B.2: Classification-only performance (human-
annotated conclusions as input) under the Basic
prompt, compared to end-to-end weighted F;. A de-
notes the change from the end-to-end setting.

Model E2E  HA input A

Gemini 3.1 Pro 0.853 0.820 —0.033
Claude Opus 4.6 0.834 0.815 —-0.019
Llama 3.3 70B 0.831 0.816 —0.015
Qwen 3.5 397B 0.830 0.806 —0.024
Claude Sonnet4.5  0.820 0.799 —0.020
GPT-40 0.810 0.800 —0.010
GPT-5 0.805 0.799 —0.006
GPT-40 mini 0.799 0.749 —0.050
Mean 0.823 0.801 —0.022

Qwen 3.5), and default for other providers. Ap-
proximately 2.6% of Claude Opus 4.6 outputs on
biomedical abstracts were excluded due to API-
level safety refusals; other models exhibited refusal
rates below 0.5%.

Inference was conducted for all models between

Table B.3: Bootstrap 95% confidence intervals for
weighted F; and false-positive rate (FPR) under Ba-
sic prompting (1,000 resamples with replacement).
Non-overlapping FPR CIs between top-tier and lower-
tier models indicate meaningful model-family separa-
tion in calibration behavior.

Model Weighted F, [95% CI]

0.853 [0.831, 0.874]
0.834[0.810, 0.860]
0.831 [0.806, 0.855]
0.830 [0.805, 0.856]
0.820 [0.794, 0.844]
1
1
]

FPR (%) [95% CI]

29.2[23.7, 34.6]
39.9 [34.1, 46.6]
40.0 [34.5, 46.2]
43.1[36.8,48.7]
44.5[38.2,50.4]
1
1
]

Gemini 3.1 Pro
Claude Opus 4.6
Llama 3.3 70B
Qwen 3.5 397B
Claude Sonnet 4.5

GPT-40 0.810 [0.788, 0.833 31.9([26.4,37.4
GPT-5 0.805 [0.777, 0.830 51.5[45.8,57.5
GPT-40 mini 0.799 [0.777, 0.826 40.8 [34.7, 46.7

[05-13-2026] and [05-26-2026]. To support full
reproducibility, we will publicly release upon pub-
lication: (i) the annotated dataset of 1,000 abstracts,
including per-annotator labels, adjudication notes,
and final consensus judgments; (ii) raw JSON pre-
dictions for all 32 model-prompt configurations
on all 1,000 abstracts; (iii) all prompt templates
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Table B.4: Model identifiers, providers, and inference
configurations.

Display Name API Identifier Provider
GPT-40 gpt-40-2024-11-20 OpenAl
GPT-40 mini gpt-40-mini-2024-07-18 OpenAl
GPT-5 gpt-5 OpenAl
Claude Sonnet 4.5  claude-sonnet-4-5 Anthropic
Claude Opus 4.6 claude-opus-4-6 Anthropic
Gemini 3.1 Pro gemini-3.1-pro-preview Google
Llama 3.3 70B meta-llama/Llama-3.3-70B-Instruct-Turbo ~ Together Al
Qwen 3.5 397B Qwen/Qwen3.5-397B-A17B Together Al

and Few-Shot exemplars; (iv) non-LLM baseline
implementations (SciBERT fine-tuning, TF-IDF
classifiers, and rule-based extractors); and (v) eval-
uation scripts, including bootstrap CI computation,
hierarchical clustering, and per-discipline metric
aggregation.

B.4 Human Validation of SBERT Cosine
Similarity

To assess whether SBERT cosine similarity mean-
ingfully reflects causal-content preservation, we
conducted a human validation on 100 extraction
pairs from GPT-40 (Basic prompt), stratified across
four cosine ranges to ensure coverage: [0.00, 0.50]
(n=22), (0.50, 0.70] (n=26), (0.70, 0.85] (n=26),
and (0.85,1.01] (n=26).

Each pair was rated on a 5-point scale for how
well the LLM extraction preserves the causal con-
tent of the human-annotated conclusion: 5 = causal
claim preserved identically or accurately para-
phrased; 4 = causal claim preserved with minor
wording differences; 3 = topic preserved but causal
relationship vague; 2 = causal claim distorted (e.g.,
causal converted to associational); 1 = causal claim
entirely missed or fabricated.

Mean human scores increase monotonically with
SBERT cosine (Table B.5), with a statistically
significant Spearman correlation of p = 0.397
(p < 0.0001) and Pearson r = 0.412 (p < 0.0001).
The moderate correlation magnitude reflects a ceil-
ing effect: LLM extractions preserve causal content
well in the majority of cases (mean score 4.44/5,
with 79% of pairs receiving a score of 4 or 5),
which compresses correlation coefficients. Notably,
no pair received a score of 1, indicating that catas-
trophic extraction failures (complete fabrication)
are absent in the sampled data.

These results support SBERT cosine similarity
as a valid proxy for extraction quality: higher co-
sine reliably indicates better causal-content preser-
vation. The metric is nevertheless sensitive to phras-
ing variation rather than a direct measure of causal

semantics, which we note as a caveat when inter-
preting extraction-only results.

Table B.5: Human validation of SBERT cosine simi-
larity. Mean human score for causal-content preserva-
tion increases monotonically with SBERT cosine simi-
larity.

SBERT cosine range n  Mean human score

[0.00, 0.50] 22 4.00
(0.50,0.70] 26 4.50
(0.70, 0.85] 26 4.65
(0.85,1.01] 26 4.88
Overall 100 4.44

B.5 Extraction Quality: LLMs vs. Rule-based
Baselines

Table B.6 reports mean SBERT cosine similarity
between model-extracted conclusions and human-
annotated conclusions, comparing LLMs (Basic
prompt) against four rule-based heuristics. LLM
extractions consistently outperform all rule-based
baselines, with the best LLM (Qwen) exceeding
the best heuristic (last 30% of abstract) by 0.096 in
mean cosine similarity.

Table B.6: Extraction quality: LLMs under the Basic
prompt vs. rule-based baselines. Methods are ranked
by Cos., which denotes mean SBERT cosine similarity
to the human-annotated conclusion. >0.7 denotes the
proportion of extractions with SBERT cosine similarity
at least 0.7.

Method Cos. >0.7
Qwen 3.5 397B 0.782 0.786
GPT-5 0.772 0.778
Gemini 3.1 Pro 0.768 0.748
Llama 3.3 70B 0.766  0.726
Claude Sonnet 4.5 0.762 0.762
Claude Opus 4.6 0.761 0.786
GPT-40 0.759 0.719
GPT-40 mini 0.740  0.665
Last 30% of abstract  0.686  0.512
Last two sentences 0.666 0.439
Causal-verb sentence  0.606  0.318
Last sentence 0.592 0.299

B.6 Non-LLM Baseline Implementation

TF-IDF Dbaselines. We use scikit-learn’s
TfidfVectorizer with unigram and bigram
features, minimum document frequency of 2,
maximum document frequency of 0.95, sublinear
TF scaling, and English stopword removal.
Logistic Regression and SVM are trained with
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balanced class weights to address the 70:30 class
imbalance; Random Forest uses 300 estimators
with balanced class weights. All classifiers are
evaluated via 5-fold stratified cross-validation with
random seed 42.

SciBERT fine-tuning. We fine-tune
allenai/scibert_scivocab_uncased on
the human-annotated conclusions for 5 epochs
per fold, with learning rate 2e-5, batch size
32, maximum sequence length 128, warmup
ratio 0.1, AdamW optimizer, and class-weighted
cross-entropy loss to address class imbalance.
Evaluation uses 5-fold stratified cross-validation.

Rule-based extraction. We implement four
heuristics using NLTK sentence tokenization:
(1) last sentence: the final sentence of the ab-
stract; (i1) last two sentences: the last two sentences
concatenated; (iii) causal-verb-weighted sentence:
the sentence containing the highest count of pre-
defined causal verbs (e.g., causes, leads to, induces,
regulates, controls), with fallback to the last sen-
tence when no causal verbs are present; (iv) last
30% of abstract: the concatenation of sentences in
the final 30% of the abstract.

B.7 Direct Classification Experiment

As a robustness check, we evaluated four represen-
tative models (GPT-5, Claude Opus 4.6, Gemini
3.1 Pro, Qwen 3.5 397B) on a direct causal/non-
causal classification task, prompting the model to
output a Yes/No label given only the abstract, with-
out a conclusion-extraction step. The subset con-
sisted of 200 abstracts sampled uniformly at ran-
dom from the full 1,000-abstract benchmark (strat-
ified by discipline). Results confirm the model-
dependent heterogeneity observed in the end-to-
end pipeline: GPT-5 continues to exhibit the high-
est false positives rate, whereas Qwen achieves
the most balanced classification. This supports
our interpretation that observed false positives pat-
terns are a property of the instruction-tuned models
themselves rather than an emergent effect of the
two-stage pipeline.

C Case Study: Persistent False Positives
in GPT-5

To better understand causal false positives, we ex-
amine the 117 non-causal abstracts that GPT-5
consistently misclassifies as causal under both Ba-
sic and CoT prompting. GPT-5 has the highest

Table B.7: Categories of GPT-5 persistent false posi-
tives. HA = corrected by human-annotated conclusions;
FS = corrected by Few-Shot prompting. Overall, HA
corrects 43.6% and FS corrects 29.1% of the 117 cases.

Root Cause n (%) HA FS
Extraction-induced 51 (43.6%) 51/51  22/51
icnfsrséﬁfa‘ion' 66 (56.4%) 0/66  12/66
Total 117 51/117 34/117

false positives rate among the evaluated models
under both prompts (50.0% under Basic and 53.5%
under CoT). Comparing these errors with the
classification-only setting using human-annotated
(HA) conclusions, we separate them into extraction-
induced and classification-inherent false positives
(Table B.7).

Extraction-induced false positives. In 51 cases,
false positives are resolved when provided with
HA conclusions, showing the errors stem from con-
clusion extraction. A common pattern is causal
verb injection, where the model introduces causal
verbs absent in the original text. For instance, in
a Fe/S cluster synthesis study (PMID: 29097656),
the human conclusion reports “crystal structures”
and “SAXS analysis,” whereas GPT-5 extracts that
the work “links” Fe/S cluster synthesis with lipid
synthesis, imposing an ungrounded causal framing.
Classification-inherent false positives. The re-
maining 66 cases persist under HA conclusions,
reflecting inherent classification errors. These of-
ten involve transformation, capability, or mechanis-
tic phrasing prone to causal misinterpretation. For
example, in a Pbly study (PMID: 32041958), the
description that “Pbl, transformed from a 1T struc-
ture to a 1H structure” is misclassified as causal.
Other borderline cases include mechanistic expla-
nations using causal phrasing without stating novel
causal findings.

Recovery under Few-Shot prompting. Few-
Shot prompting resolves 34 of the 117 persistent
false positives (29.1%), recovering 22 extraction-
induced cases (43.1%) versus 12 classification-
inherent cases (18.2%). Consistent with our cal-
ibration findings, in-context examples effectively
mitigate extraction-induced wording shifts, but of-
fer limited recovery when conclusions lie near the
causal boundary.
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Sensitivity (Recall on Causal Class) by Discipline and Model
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Figure B.2: Hierarchical clustering of causal-class sensitivity across disciplines and model-prompt configura-
tions. Darker blue indicates higher recall on truly causal conclusions. Biomedical disciplines form a high-sensitivity
cluster, indicating that causal conclusions in these fields are consistently recognized across models and prompts. In
contrast, several physical-science disciplines, including Organic Chemistry, Chemistry, Condensed Matter Physics,
and Materials Science, show lower sensitivity. Open-weight models such as Llama and Qwen under Basic and CoT
prompts cluster with strong proprietary configurations.

Specificity (Correct Rejection of Non-Causal) by Discipline and Model
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Figure B.3: Hierarchical clustering of non-causal specificity across disciplines and model-prompt config-
urations. Darker red indicates higher specificity, or more accurate rejection of truly non-causal conclusions.
Low-specificity configurations are concentrated among GPT-family models, consistent with their higher false-
positive rates. The heatmap also reveals a sensitivity—specificity tradeoff: some high-sensitivity configurations, such
as GPT-5 under Basic, CoT, and SR prompts, show weaker specificity, whereas more conservative configurations,
such as Qwen SR and Claude Sonnet SR, achieve higher specificity.
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D LLM Prompts for Causal Claim
Classification

This appendix presents the four prompt templates
used in our evaluation pipeline. All four strate-
gies share an identical base structure for fair com-
parison, differing only in their strategy-specific
additions: Basic provides no scaffolding; Few-
Shot adds in-context examples; Chain-of-Thought
adds step-by-step reasoning instructions; and Self-
Refinement operates as a binary verification of the
first-pass prediction. The Few-Shot examples were
constructed as illustrative cases representative of
typical causal and non-causal patterns; we verified
by both exact title matching and keyword-based
search over the corpus that none of these examples
overlap with the 1,000 abstracts in our evaluation
dataset, eliminating data leakage.

D.1 Basic Prompt

Basic Prompt Template

You must decide if a paper's conclusion
contains a *causal claimx*.

Definition (use strictly):

- Causal = X changes or determines Y
(verbs like: causes, leads to,
induces, mediates, is required for,
enables, abolishes, prevents,
necessary for, results in).

- Non-causal = correlation/association
/description/hypothesis/method/theory
without directional change.

Task:

1) Write one-sentence conclusion from
TITLE+ABSTRACT.

2) Decide causal (Yes/No) under the
definition.

3) If No, relation_type in
["correlation”,"association”,
"description”,"hypothesis”,
"mechanistic/theory”,
"measurement/method”, "other"].

Return strict JSON:

{"conclusion”: " ", "causal”: "Yes|No",

"relation_type": <label or null>}

TITLE: {title}
ABSTRACT: {abstract}
JSON ONLY:

\

D.2 Few-Shot Prompt

Few-Shot Prompt Template

You are classifying whether a scientific
conclusion contains a CAUSAL claim.

[Same definitions as Basic prompt]
Examples:

CAUSAL example:

TITLE: ATP depletion enhances
condensate formation

ABSTRACT: ATP depletion increased
phase separation of IDR proteins.

Return:

{"conclusion”: "ATP depletion
increases phase separation of
IDR proteins.”,

"causal”: "Yes",
"relation_type": null}

[Three additional examples covering
CAUSAL and NON-CAUSAL cases]

Task:
[Same as Basic prompt]

TITLE: {title}
ABSTRACT: {abstract}
JSON ONLY:
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D.3 Chain-of-Thought Prompt

Chain-of-Thought Prompt Template

You are given a scientific paper's
title and abstract. Think through the
analysis step-by-step before providing
your final output.

Step 1: Analyze the Text

(Internal Reasoning)
[Same definitions as Basic prompt]
Determine if the study design allows
for causal inference (e.g., randomized
control trial vs. observational study)
or if it simply describes a phenomenon.

Step 2: Generate the Output
Based on your reasoning in Step 1,
return the JSON specified below.

Return strict JSON:
{"conclusion": "...",
"causal”: "Yes|No",

"relation_type": <label or null>}

TITLE: {title}
ABSTRACT: {abstract}
JSON ONLY:

\.

D.4 Self-Refinement Prompt

The Self-Refinement strategy employs a two-step
process. In the first step, the Basic prompt is used
to obtain a first-pass prediction. In the second step,
the model is asked to verify whether its first-pass
prediction is correct; a “No” response triggers a
label flip for the causal classification.

Self-Refinement Prompt (Second Pass)

A scientific paper was previously
analyzed and classified as either
CAUSAL or NON-CAUSAL based on its
title and abstract.

[Definitions same as Basic prompt]
Your task: verify whether the previous
classification is correct according to

the definitions above.

Return strict JSON with exactly one
field:{"correct”: "Yes” or "No"}

"Yes" = the previous classification is
correct.

"No" = the previous classification is
wrong (the label should be flipped).

TITLE: {title}
ABSTRACT: {abstract}

PREVIOUS CLASSIFICATION: {label}

JSON ONLY:

For end-to-end and classification benchmarks, the
previous prediction’s causal label is provided in the
prompt. A “No” response flips the label; a “Yes’
response retains the first-pass prediction.
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