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Abstract

Corporate environmental claims frequently
appear in news articles, providing an exter-
nal view of sustainability-related communica-
tions. However, extracting such claims remains
challenging as they are often implicit, dis-
tributed across multiple sentences, and embed-
ded within narrative contexts. In this work, we
propose an end-to-end system for automated en-
vironmental claim extraction enriched with con-
textual metadata. Our pipeline combines multi-
label topic classification, topic-conditioned can-
didate claim-evidence extraction using large
language models (LLMs), and candidate fil-
tering with ASE-BERT, a lightweight aspect-
and sentiment-aware classifier for claim de-
tection. To support evaluation, we construct
a curated dataset of corporate environmental
news, annotated with claims, supporting evi-
dence, and contextual attributes. Experimental
results demonstrate that for claim classifica-
tion, ASE-BERT attains the highest F1 (0.87)
across the four combined environmental claim
datasets, exceeding the best baseline without
task-specific fine-tuning by 4 points. For end-
to-end extraction, topic conditioning alone im-
proves LLM F1 by an average of 15 points, and
our full pipeline adds a further 5 points over the
best topic-conditioned setting. These findings
demonstrate that incorporating topic awareness
and claim filtering substantially improves en-
vironmental claim extraction from corporate
news, supporting downstream sustainability in-
telligence and decision-making tasks.

1 Introduction

The increasing emphasis on environmental sustain-
ability has intensified scrutiny of how companies
communicate their environmental impact. Corpo-
rate environmental claims that suggest or imply en-
vironmentally beneficial actions or outcomes play
a central role in shaping public perception. News
media amplifies these claims, influencing how in-
vestors, regulators, and other stakeholders inter-

pret corporate sustainability performance and ESG
(Environmental, Social and Governance) related
risks (Carroll and McCombs, 2003; Vogler and
Eisenegger, 2021).

Despite the growing volume of environment-
related news, automatically identifying and ana-
lyzing environmental claims remains challenging.
Unlike structured disclosures, claims in news nar-
ratives are often context-dependent, may span mul-
tiple sentences, and involve implicit attribution to
entities such as companies, regulators, or third par-
ties (Reddy et al., 2022). Moreover, claims fre-
quently combine evaluative language with factual
descriptions, making them difficult to distinguish
from general environmental statements. As illus-
trated in Figure 1, interpreting such claims often
requires integrating cross-sentence context, attribu-
tion cues, and topic-specific information.

News Article’s Headline:
1 Mombak secures funding from Santander and BNDES-the first reforestation
N project under Brazil’s R$10B New Climate Fund.
P News Article’s Content:
U .....The startup has already signed $150 million in carbon removal offtake contracts with
T Microsoft, Google, and McLaren, and CEO Peter Fernandez expects that figure to triple or
\ quadruple this year...... J
|
/ Topic: ] \
g Carbon Credit e e
Mombak has signed $150 million in carbon removal offtake contracts with Microsoft, Google,
I and McLaren.
] [ ; 1
T Stage of the claim: Claimer: Beneficiary/Claimee:
k Implemented Mombak Microsoft, Google, and McLarenJ

Figure 1: Example illustrating cross-sentence dependen-
cies and contextual attributes in environmental claims.

In line with regulatory guidelines and prior lit-
erature (Stammbach et al., 2023), we define an
environmental claim as a statement that suggests
or creates the impression that a product, service,
process, or corporate action is environmentally
friendly, has a positive environmental impact, or
is less harmful than competing alternatives. Al-
though some claims reflect genuine sustainability
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initiatives, the broader regulatory and academic
discourse highlights increasing concerns around
greenwashing (de Freitas Netto et al., 2020). This
motivates the need for scalable methods that can
identify, contextualize, and organize environmental
claims for downstream ESG analysis, risk assess-
ment, disclosure verification, and accountability.

Prior work has explored claim extraction in sus-
tainability reports (Mahdavi et al., 2024; Ong et al.,
2025) and analyzed ESG signals in news (Tseng
et al., 2023; Gupta et al., 2024). However, ex-
isting datasets in climate communication, such
as Climate Fever (Diggelmann et al., 2020),
ClimateCheck (Ahmad et al., 2025), and Cli-
mateMiSt (Choi et al., 2024) primarily focus on
misinformation or social media and do not model
corporate environmental claims in news or their
topic-specific structure. The closest news-oriented
benchmark, NewsClaims (Reddy et al., 2022), pro-
vides claimer and claim object attribution but is
domain-general (largely COVID-19) rather than
environmentally grounded. This creates a gap be-
tween general purpose claim verification and the
requirements of analyzing market-facing corporate
environmental narratives for ESG intelligence and
decision support.

To address this gap, we propose a topic-
conditioned framework for extracting and classify-
ing environmental claims from news articles. Our
design rests on two observations: (i) environmental
claims are inherently topic-dependent, requiring
grounding in environmental domains, and (ii) they
exhibit an evaluative linguistic signal that can be
captured through sentiment-aware representations.
Building on these observations, our system first as-
signs document-level environmental topics using a
multi-label classification module. It then performs
topic-conditioned candidate claim-evidence pair
extraction using an LLM. These candidate claims
are subsequently classified using ASE-BERT, a
lightweight aspect and sentiment aware transformer
designed to distinguish environmental claims from
non-environmental claims. In addition, the system
enriches extracted claims with contextual metadata,
including the identifying entity (claimer), affected
party (beneficiary), and claim stage, enabling struc-
tured analysis. To support this task, we also con-
struct a curated, expert-annotated dataset! from
corporate environmental news articles. The dataset
includes labeled claims, supporting evidence, topic

"https://github.com/datasharerepo/EnvClaim-TA

annotations, and relational metadata, providing
a structured corpus for evaluating environmental
claim extraction systems. The resulting framework
converts unstructured environmental narratives into
structured, attributable claims, supporting down-
stream tasks such as ESG intelligence, risk assess-
ment, and disclosure verification. Our main contri-
butions are:

* We propose a topic-conditioned system for
environmental claim extraction that models
claims as context-dependent and evaluative
linguistic constructs.

* We introduce ASE-BERT, a lightweight clas-
sifier that integrates topic information and sen-
timent signals for improved claim detection.

* We construct an expert-annotated dataset of
corporate environmental news with claims, ev-
idence spans, topics, and contextual metadata.

* We demonstrate that the proposed approach
improves performance over strong trans-
former and LLLM-based baselines for both
classification and end-to-end extraction, high-
lighting the importance of topic conditioning
and sentiment-aware modeling.

2 System Architecture

Figure 2 illustrates the end-to-end system for ex-
tracting and analyzing environmental claims from
ESG-related news. The design is motivated by
the observation that environmental claims are both
topic-dependent and evaluative, and therefore re-
quire modeling beyond sentence-level classifica-
tion. To this end, the pipeline decomposes the task
into topic grounding, structured extraction, and
claim filtering stages.

Given a news article A;, the system first assigns
document-level topics 7 = {T1,...,Tk}. Con-
ditioned on 7, it then extracts a set of candidate
claim-evidence pairs C; = {(z,e)}, where z is
a candidate claim and e its supporting evidence
span in A;. Extracted candidate claims z are then
filtered using an aspect and sentiment-aware clas-
sifier (ASE-BERT). Filtered claims are later en-
riched with contextual metadata. This decompo-
sition reduces extraction ambiguity and improves
alignment with environmental context.
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Figure 2: System Architecture

2.1 Multi-label Topic Classification of Articles

Long-form news articles often span multiple envi-
ronmental themes. We assign each article to one
or more topics from a predefined taxonomy, e.g.
Energy, Waste, Water, Sustainable Investment, Bio-
diversity, etc, using a prompt-based LLLM classifier
with deterministic decoding to minimize variance
and ensure reproducibility. To improve consistency,
the prompt incorporates curated keyword cues and
concise semantic definitions for each topic, en-
abling the model to better distinguish between
closely related environmental categories. The pre-
dicted topics serve two purposes: (i) constraining
downstream candidate claim-evidence extraction,
and (ii) providing aspect input to the ASE-BERT
classifier.

Validation: To assess reliability, we evaluated
the topic classifier (Llama 70B (Grattafiori et al.,
2024)) on 20 randomly sampled articles, with a hu-
man reviewer and GPT 5.5 model (OpenAl, 2026)
serving as judges. Table 1 reports the correspond-
ing Precision, Recall, and F1 under micro, macro,
and weighted averaging.

. Micro Macro Weighted
Evaluation Type | 2=~ 5— ¢ F1 [P R FI
Human 82 84 83| 8 8 82|88 81 .84
GPT 55 86 8 86|87 81 84|92 84 88

Table 1: Multi-label topic classification performance
on 20 human-annotated articles (micro/macro/weighted
P/R/F1)

2.2 Topic-conditioned Candidate
Claim-Evidence Pair Extraction

For each predicted topic, we extract structured can-
didate claim-evidence pairs using an LLM with
schema-constrained generation. The model outputs
normalized claims along with supporting evidence
spans in JSON format. Unlike sentence-level ap-
proaches, this design captures claims distributed
across multiple sentences or cross-sentence, en-

abling recovery of contextual information, such
as the claimer. Evidence spans provide explicit
provenance, while normalized claims are used for
classification. To ensure reliability, we enforce
a predefined schema and verify extracted spans
against the source text.

Validation: We evaluated Llama 70B for topic-
conditioned candidate claim-evidence pair extrac-
tion in three different settings (i) candidate claims
x extraction only, (ii) evidence e extraction only,
and (iii) candidate claim-evidence pair (z,e) ex-
traction simultaneously, using a human reviewer
and GPT 5.5. Table 2 reports the corresponding
accuracies.

Claim Evidence Claim-Evidence

Human 89 94 82
GPT 5.5 91 97 84
Table 2: Component-level validation of topic-

conditioned extraction (% agreement with a human re-
viewer) for claim-only, evidence-only, and joint extrac-
tion.

2.3 Aspect Sentiment Aware ASE-BERT
Classifier

Given a candidate claim sentence x and its asso-
ciated document-level topic vector 7 € {0, 1}%,
ASE-BERT performs two tasks: (i) aspect-based
sentiment prediction, and (ii) environmental claim
classification. The classification task determines
whether x constitutes an environmental claim
(y'@™ ¢ {0,1}). Environmental claims typically
express an evaluative stance towards environmental
impact. To capture this signal, ASE-BERT incorpo-
rates sentiment conditioned on the assigned topics,
enabling the model to distinguish claim-like state-
ments from descriptive or neutral content.

As shown in Figure 3, the input candidate claim
sentence is encoded using a transformer model to
obtain contextual embedding & = Enc(x), which
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is concatenated with a one-hot topic vector 7. This
joint representation is passed to a sentiment re-
gression head to estimate topic-conditioned senti-
ment § = feent([h; T]). The predicted sentiment,
together with the sentence and topic representa-
tions, is then fed into a final classification layer
glaim — f.¢([h; T; 8]). Training proceeds in two
stages: the sentiment head is first trained on an
aspect-based sentiment analysis task, after which
the full model is fine-tuned for claim classifica-
tion. This lets ASE-BERT exploit sentiment sig-
nals while optimizing directly for the downstream
objective.

2.4 Contextual Metadata Enrichment

For each detected claim, we extract additional con-
textual attributes using LLMs with deterministic
decoding. Specifically, we identify: (i) the claimer,
i.e., the entity making the statement (e.g., company,
regulator), inferred from attribution cues such as
reporting verbs, quoted text, and nearby named en-
tities; (ii) the beneficiary, i.e., the entity affected
by or benefiting from the claim (e.g., environment,
community, or organization); and (iii) the stage, a
discrete lifecycle category indicating whether the
claim reflects planning, has been implemented or
is indeterminate. Because beneficiaries are often
implicit, the model sometimes returns generic en-
vironmental recipients (e.g., forest, environment,
nature) that carry no specific accountability signal.
To keep the beneficiary field informative, we ap-
ply a small set of manually defined filtering rules
that map such generic mentions to no beneficiary,
retaining only explicitly named affected parties.

These annotations provide structured context
without altering the claim text, enabling down-
stream analyses such as attribution tracking, im-
pact analysis, and cross-referencing with external
sustainability disclosures. Full prompts, number
of topics and other implementation details are pro-
vided in Appendix G for reproducibility.

3 News Dataset Construction

We construct a curated dataset using corporate en-
vironmental news articles to support environmental
claim extraction. The news articles are collected
from the Environmental section of the ESG News
website?. In total, the dataset includes 219 articles
spanning diverse environmental topics and approx.
2k labeled claim instances.

Annotation Guidelines: The dataset was anno-
tated by four domain experts with backgrounds in
sustainability reporting/assurance, ESG risk anal-
ysis, and environmental policy/compliance, in a
two-phase process.

Phase 1 - Curation (single expert): One annota-
tor was given the complete pool of candidate claims
extracted by all models for each article. This an-
notator (i) removed redundant or duplicate claims
and rewrote fragmented ones into complete, self-
contained statements, and (ii) verified that every re-
tained claim was explicitly grounded in the source
article. This step produced a clean, de-duplicated
set of candidate claim-evidence pairs.

Phase 2 - Independent labeling (three ex-

perts): The curated claims, together with their
source articles, were then independently labeled by
three separate experts. For each candidate claim
sentence, every annotator assigned a binary label
(1 = environmental claim, 0 = otherwise) and con-
firmed that the claim was grounded in the article.
Each annotator worked through a blinded interface,
without access to the model identity or to the other
annotators’ labels. Final labels were assigned by
majority vote. Because claim interpretation is often
topic-dependent, all annotators were provided with
the definition of an environmental claim (Section 1)
and the environmental topics associated with each
claim-evidence pair. Inter-annotator agreement
among the three Phase-2 experts was substantial,
with Fleiss’ k = 0.81 (Fleiss, 1971).
Dataset Statistics: The annotated dataset con-
tains 1463 environmental claims and 284 non-
environment claim instances. To improve coverage
of the negative class, we augment the dataset with
an additional 253 sentences sampled from the news
corpus that are environmentally relevant but do not
express explicit claims (e.g., descriptive or con-
textual statements). These sentences are manually
annotated by domain experts following the same
protocol. The final dataset consists of 1463 claims
and 537 non-environmental claim instances.

Zhttps://esgnews.com/category/environmental/
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Figure 4: Topic-wise distribution of article volume and
extracted candidate claims across the dataset

Topic Distribution: Figure 4 presents the distribu-
tion of topic-wise articles and average number of
claims per article where the topic appears. While
Emissions and Sustainable Investment dominate
in terms of article coverage, high claim density is
concentrated in relatively underrepresented topics,
such as Waste, Water, and Carbon Credit. In con-
trast, widely covered themes like Circular Econ-
omy exhibit notably lower claim intensity (= 0.58).
This variation highlights the uneven distribution
of claim-bearing content across environmental do-
mains, motivating the need for topic-aware extrac-
tion and classification.

4 Experiments & Results

We evaluate the proposed framework along two
dimensions: (i) end-to-end claim extraction perfor-
mance and the impact of topic conditioning, and (ii)
claim classification performance of ASE-BERT.

4.1 End-to-End System Evaluation

We evaluate the proposed pipeline for joint extrac-
tion of environmental claims, comparing it against
LLM-based baselines under two settings: (i) Di-
rect LLM extraction, where models are prompted to
extract environmental claims in a single inference
step, and (ii) Topic-conditioned extraction, where
topic information is explicitly provided to guide
generation. The dataset is partitioned into 70/30
train-test split at the article level, ensuring that all
claims from a given article appear exclusively in ei-
ther the training or test partition. All results below
are reported on the held-out test set consisting of
65 articles.

We experiment with GPT-OSS (120B) (Ope-
nAl, 2025), Qwen (32B) (Ahmed et al., 2025),
and Llama (8B and 70B) (Grattafiori et al., 2024)
using identical prompts and structured output for-
mats. Extractions are validated against the anno-
tated ground truth, where an extracted claim is

counted as correct if a human judge confirms it
is semantically equivalent to a ground-truth claim
and grounded in the article. Performance is mea-
sured using Precision (P), Recall (R), and F1, along
with coverage (Cvr@k%), defined as the percent-
age of articles with > k% of ground-truth claims
retrieved. The direct GPT-OSS run failed to pro-
duce usable output and is therefore reported only
in its topic-conditioned form.

Models P R F1 Cvr@50%
Qwen 32B 76 | .49 .60 51
Topics + Qwen 32B 83 .67 75 .65
Topics + GPT-OSS-120B 59 | 46 52 72
Llama 8B .54 A7 51 43
Topics + Llama 8B .66 .63 .64 .68
Llama 70B 74 49 .59 .33
Topics + Llama 70B I8 | 72 75 .87
Ours 83 | .76 .80 94

Table 3: End-to-end claim extraction on the held-out
test set. “+ Topics” denotes topic-conditioned extrac-
tion; “Ours” adds ASE-BERT filtering. P/R/F1 and
Cvr@50% are defined in the text.

Impact of Topic Conditioning: Table 3 shows
incorporating topic information consistently im-
proves performance across all evaluated LLMs,
yielding an average gain of ~ 15% F1 and 19%
in recall. This increase indicates that explicit topic
grounding reduces ambiguity and focuses gener-
ation on relevant content. The significant 30%
increase in Cvr@50% also supports our choice
of stepwise pipeline, as jointly inferring topics
and claims introduces noise, whereas prior topic
grounding enables more precise extraction. Quan-
titatively, on a set of 65 news articles, the best
unified LLM (Llama 70B) yields 213 extracted
claims, whereas topic conditioned LLM produces
311 claims.

Our System vs LLM-Based Approaches: The
proposed pipeline achieves the best overall per-
formance, with Recall (.76) and F1 (.80), while
maintaining competitive precision. Although di-
rect LLM extraction via Llama 8B generates a
larger number of claims, it often introduces noise
and redundancy. GPT-OSS exhibits both redun-
dancy and occasional hallucinations, while Qwen
32B and Llama 70B demonstrate relatively lower
redundancy(x~ 8% redundancy for Llama 70B).
Leveraging this, Llama 70B is used within our
system. The pipeline further improves reliabil-
ity through structured extraction and ASE-BERT-
based filtering, resulting in cleaner and more accu-
rate claim detection. (Refer Appendix D & E for
detailed analysis and examples.)
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Models ECD CF A3CG News (Ours) ALL

P R FI[P R FI|[P R FI[P R FI|P R FI
ClimateBERT .93 75 83].54 56 55].92 37 52].99 46 .63[.94 35 51
Llama 3.1 8B 62 82 71].76 59 67[.95 .60 74|97 .64 77|81 .65 .72
Llama 3.1 8B (FS) 62 99 77|73 73 73[.98 78 87|96 .92 94[.81 85 .83
Llama 3.1 8B (Topic) [.63 .97 .76|.74 67 .70[.98 .72 83[.97 92 94[.82 .82 82
Qwen 2.5 7B 68 97 80|71 .65 68] 1 .65 .79].97 .84 90|.82 .77 .79
Qwen 2.5 7B (FS) 60 97 7473 74 741 75 86|.97 90 .93[.81 .84 .82
Qwen 2.5 7B (Topic)  [.59 98 .74|.72 78 .75[.98 .73 84[.96 91 .93[.80 .85 .82
EnvGPT 88 34 49].86 .14 25| 1 .19 32].97 42 58[.94 28 43
EnvGPT (FS) 82 48 60|.77 .19 31| 1 25 40|.96 42 58[.89 33 48
EnvGPT (Topic) 90 40 56|77 .17 28] 1 .16 .30|.99 .18 .30[.93 31 .46
Mistralv0.3 7B 50 97 .66].70 .71 .70[.97 .78 .86|.96 91 .94[.76 83 .79
Mistralv0.3 7B (FS) 54 97 7071 71 71[.98 .77 86|97 91 .94[.78 83 .81
Mistralv0.3 7B (Topic) |[.47 97 63|.71 .73 .72[91 .78 84[.96 92 94[.74 85 .79
BERT-Base FT 81 90 .85].71 .88 .79[.86 .95 90|91 .93 .92[.76 .88 .82
BERT-Base + Topic 78 94 85].69 .98 81[.95 90 93|96 97 .96[.78 93 .85
BERT-Base + Sentiment [ .80 .92 .86 |.68 1 .81[.92 93 92[.95 97 96[.79 91 .84
| ASE-BERT 110M 74 96 83|70 .98 .82[.95 93 .94|.96 .98 .97 .80 .94 .87

Table 4: Environmental claim classification: Precision (P), Recall (R), and F1 on each dataset and on the combined
set (ALL). FS = few-shot; Topic = topic-conditioned prompting. Bold marks the best value per column.

4.2 Environmental Claim Classification
Performance of ASE-BERT

We evaluate ASE-BERT for environmental claim
classification across multiple datasets to assess its
generalization, robustness, and effectiveness rela-
tive to transformer and LLLM-based baselines.

Training Setup: ASE-BERT is trained in two
stages. First, the sentiment regression head is pre-
trained on the MEMD-ABSA dataset (Cai et al.,
2025) to capture aspect-specific sentiment signals.
The full model is then fine-tuned for claim classifi-
cation using a weighted binary cross-entropy loss
to address class imbalance.

Datasets: We evaluate our pipeline on three pub-
lic benchmarks and our curated news dataset: (i)
ECD (Stammbach et al., 2023), consisting of corpo-
rate disclosure sentences from multiple reports; (ii)
Climate Fever (Diggelmann et al., 2020), derived
from social media; (iii) A3CG (Ong et al., 2025),
containing structured sustainability statements; and
(iv) News(Ours) dataset. (For more dataset details,
refer Appendix C)

Baselines and Evaluation Protocol: To estab-
lish a strong performance baseline, we evaluate
ASE-BERT against two categories of baselines:
a) Vanilla models, including BERT (Koroteev,

2021), fine-tuned with a classification head us-
ing Binary Cross-Entropy (BCE) with logits loss,
trained with early stopping, and optimized using a
learning rate of 2 * 10~°, and ClimateBERT (We-
bersinke et al., 2021) representing standard trans-
former architectures commonly used for text clas-
sification. b) Large Language Models, evaluated
under zero-shot, few-shot (FS) and Topic condi-
tioned settings, including Llama3.1 8B (Grattafiori
et al., 2024), Qwen2.5 (Ahmed et al., 2025), En-
vGPT (Zhang et al., 2025), and Mistralv0.3 (Jiang
et al., 2024), each representing leading advances
in reasoning-centric and general-purpose language
modeling. Experiments are conducted both on in-
dividual datasets and on a combined(ALL) dataset,
where each dataset is partitioned using a claim-
wise 70/30 train-test split (70% training, 30% test)
at the level of individual claim instances. Perfor-
mance is measured using Precision, Recall, and F1
score. Table 4 summarizes classification perfor-
mance across all datasets and models.

Overall Performance: ASE-BERT achieves con-
sistently high recall across most datasets, indi-
cating strong sensitivity to implicit and context-
dependent claims. For the combined (ALL) dataset,
it achieves an F1 score of 0.87 with a recall of
0.94, outperforming both transformer baselines

637



and LLM-based approaches. Unlike LLMs, which
exhibit unstable precision-recall trade-offs, ASE-
BERT maintains a reliable balance, making it well-
suited for recall-critical applications.
Dataset-Specific Results: i) On ECD, ASE-BERT
achieves high recall (0.96), close to Llama3.1 8b
(Topic), and a competitive F1 (0.83), slightly be-
low BERT-Base + Sentiment. The lower precision
is due to the larger number of more implicit claim
cases in data. ii) On Climate Fever, ASE-BERT
achieves highest F1 (0.82) with very high recall
(0.98), outperforming both transformer and LLM
baselines. LLMs exhibit comparatively lower recall
in this setting, highlighting challenges in identify-
ing claim structures in noisier text. iii) On A3CG,
ASE-BERT achieves an F1 of 0.94, outperforming
BERT-Base and demonstrating robust performance
on structured inputs. While some LLMs achieve
high precision, they consistently underperform in
recall, missing diverse claim expressions. iv) On
News(Ours) dataset, ASE-BERT achieves the best
overall performance (F1 = 0.97, recall = 0.98),
demonstrating the effectiveness of topic-aware and
sentiment-informed modeling in the target domain.
LLMs vs Fine-tuned Models: LLM performance
varies significantly across datasets. Zero-shot con-
figurations often yield high precision but low recall,
leading to weak F1 scores. Few-shot and Topic-
conditioned prompting improve performance for
some models but do not consistently resolve recall
deficiencies. In contrast, fine-tuned models provide
more stable and balanced performance, particularly
for domain-specific claim detection.

Ablation Study: We analyze the contribution of
key components by comparing variants of ASE-
BERT: (i) BERT-Base FT (ii) BERT-Base + Topic
(iii) BERT-Base + Sentiment (iv) ASE-BERT:
full model combining both. Incorporating topic fea-
tures consistently improves recall across datasets,
with the exception of A3CG, by strengthening con-
textual alignment. Incorporating sentiment signals
further enhances the detection of evaluative lan-
guage, improving F1 scores. The full ASE-BERT
model, combining both topic conditioning and sen-
timent information, achieves the strongest perfor-
mance on the combined dataset and most individual
settings, indicating that these components provide
complementary benefits.

Figure 5 represents the cross dataset generaliza-
tion of ASE-BERT when tuned using combined
dataset and tested on all four datasets separately.
Our approach achieved higher or comparable recall

HP MR HF1
120
100
80
60
40
20
0
ECD CF A3CG News(Ours)

Datasets

Figure 5: Results on other dataset while ASE-BERT is
trained on combined data

for all the datasets. ASE-BERT achieves lower
precision for ECD (67%) and CF (71%) while
achieving higher precision on A3CG (97%) and
News(Ours) data (95%).

5 Entity Attribution and Stage Analysis

The analysis below is reported only for 1463 in-
stances labeled as environmental claims from the
expert-labeled corpus. Figure 1 shows a representa-
tive example of how a claim in news text is enriched
with its claimer, beneficiary, and lifecycle stage.

5.1 Entity Attribution

For each claim, we identify the claimer (who
makes the claim) and the beneficiary (who is af-
fected by or benefits from it), enabling accountabil-
ity and downstream cross-checks. We manually
validate both fields on the annotated corpus; Ta-
ble 5 reports the results, where accuracy denotes
exact-match correctness of the extracted entity and
P/R/F1 are computed against the presence of a cor-
rect entity.

Entity Type | Accuracy | Precision | Recall | F1
Claimer 91.67 95.2 934 | 943
Beneficiary 76.70 75.2 98.3 | 85.2

Table 5: Manual validation of claimer and beneficiary
extraction

Claimer identification is strong and well-
balanced (F1 = 94.3%), reflecting that claimers
are usually explicit named entities like companies,
executives, or regulators stated in the surround-
ing attribution context. Beneficiary extraction is
harder: the model rarely misses a genuine benefi-
ciary when one is present (R = 98.3%) but tends to
over-generate, proposing a beneficiary even when
none is explicitly stated. Manual inspection shows
that 31.5% of predicted beneficiaries are broad,

generic recipients (e.g., “environment,” “nature,’
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“ecosystem”) rather than a specific named stake-
holder. While these outputs may be factually cor-
rect, they provide limited analytical value, since
accountability in corporate news depends on iden-
tifying the specific stakeholder behind a claim. Ap-
plying the filtering rules specified in section 2.4,
to map these generic mentions to no beneficiary
improves beneficiary precision by 23 points over
direct extraction.

Entity Distribution: Attribution is widely avail-
able: at least one party is mentioned in 96.6% of
claims, both roles are present in 81%, and neither
is present in only 3.4%. This allows most claims to
be linked to both a speaker and a target, supporting
accountability and downstream cross-referencing.

5.2 Stage Enrichment

To capture the maturity of each claim, we assign
one of three stages: Planning, Implemented, and In-
determinate. Approximately 50% of the claims fall
into the Indeterminate category, reflecting vague or
non-action-specific statements, while Implemented
and Planning each account for about 25%, indi-
cating a balance between forward-looking commit-
ments and reported actions. The large share of
Indeterminate claims is expected, as statements of-
ten describe an environmental impact or outcome
without explicitly anchoring it in time, lacking clear
future-oriented or completed-action language. As
a result, the boundary between Implemented and
Indeterminate is often subtle, as a claim describing
a positive outcome without an explicit time marker
can reasonably be interpreted either way.

6 Conclusion

We presented a topic-aware framework for environ-
mental claim extraction from corporate news arti-
cles. The proposed approach combines document-
level topic grounding, topic-conditioned claim-
evidence extraction, ASE-BERT based claim filter-
ing, and contextual metadata enrichment to trans-
form unstructured news narratives into structured
environmental claims. Using an expert-annotated
corpus of corporate environmental news, we show
that for end-to-end extraction, topic conditioning
alone improves LLM extraction F1 by an average
of 15 points, and that our full pipeline adds a further
5 points over the best topic-conditioned setting. For
claim classification, ASE-BERT attains the highest
F1 (0.87) across the four combined environmental
claim datasets, exceeding the best baseline without

task-specific fine-tuning by 4 points and demon-
strating strong generalization beyond the target
domain. In addition, the framework enables ex-
traction of contextual information such as claimers,
beneficiaries, and claim stages, supporting attribu-
tion and downstream analysis. Overall, the results
demonstrate the value of topic-aware extraction and
claim filtering for structuring environmental claims
from corporate news, providing a foundation for
downstream sustainability intelligence, ESG ana-
lytics, and environmental information discovery
tasks.

7 Limitations

While the proposed framework demonstrates strong
performance for environmental claim extraction
and classification, several limitations remain.

Dependence on LLM-based Components:
Topic classification, candidate claim-evidence ex-
traction, and contextual metadata enrichment rely
on LLMs. Although deterministic prompting is
used to improve consistency, LLM outputs may
still exhibit variability and occasional inaccuracies,
particularly in complex or ambiguous cases.

Dataset Scope and Coverage: The dataset is
constructed from a single news source, which may
introduce biases in writing style, topic distribution,
and reporting patterns. As a result, model perfor-
mance may not fully generalize to other news do-
mains, such as regional media, financial reporting,
or non-English corpora.

Dataset Size: Despite expert annotation, the
dataset remains relatively small compared to large-
scale NLP benchmarks. Although sufficient for
evaluating environmental claim extraction and clas-
sification, this may constrain the ability of super-
vised models to generalize to diverse linguistic pat-
terns and rare claim formulations.

Contextual Metadata Extraction: While
claimer extraction achieves high reliability, ben-
eficiary identification remains more challenging.
Manual analysis shows that many generated bene-
ficiaries correspond to broad environmental recipi-
ents such as environment or nature rather than spe-
cific stakeholders, requiring post-processing rules
to improve precision. Similarly, stage assignment
can be difficult for claims that describe outcomes
without clear temporal cues, resulting in ambigu-
ity between implemented and indeterminate cate-
gories.

Claim verification: We note that our pipeline
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structures and organizes environmental claims for
analysis; it does not assess whether extracted
claims are factually correct, materially significant,
or consistent with reported sustainability perfor-
mance, as such assessment requires verification
against external evidence and is beyond the scope
of the present work.
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A Related Work

NLP for Sustainability Report & ESG News
Analysis: Research on NLP for sustainability dis-
closures has evolved from broad text-mining sur-
veys to structure-aware extraction, automated scor-
ing, and finance-oriented ESG measurement. Re-
views such as (Mohammadrezaei et al., 2024) high-
light the potential of NLP while emphasizing trans-
parency and reproducibility. ReportParse (Morio
et al., 2024) addresses long-report layout and se-
mantic parsing, while subsequent studies connect
NLP-derived disclosure characteristics to firm-level
outcomes (Lui, 2024). Moving beyond extraction,
Gupta et al. (2025) combine layout-aware PDF
parsing with LLM-based modules that both extract
GRI disclosures and verify them against reporting-
standard requirements, classifying non-substantive

disclosures as potential greenwashing. Domain-
specific models quantify E/S/G communication
and explain variation in ESG ratings (Schimanski
et al., 2024), and financial NLP benchmarks relate
ESG analysis to information extraction, forecast-
ing, risk management, and decision-making (Xie
et al., 2024). A3CG (Ong et al., 2025) further in-
troduces a claim-centric, topic-aware benchmark
for sustainability statements.

In ESG news analysis, ESG-FTSE (Pavlova
et al., 2024) offers ESG relevance, category, and
target-company labels for news articles. Dynam-
icESG (Tseng et al., 2023) offers multilingual anno-
tated news for dynamically inferring ESG ratings.
Prior work examines the relationship between ESG
news and investment criteria (Pikatza-Gorrotxategi
et al., 2024), compares ESG themes across news
and academic writing using BERTopic (Lee et al.,
2023), estimates firm-level ESG performance from
large-scale news corpora (Imron, 2025), predicts
firm-level ESG ratings from news streams (Aue
et al., 2022). Studies show that stock prices react
primarily to financially material ESG news (Ser-
afeim and Yoon, 2022), that rating disagreement
weakens the incorporation of ESG news into
prices (Serafeim and Yoon, 2023), and links ESG
sentiment to stock-price reactions (Dorfleitner and
Zhang, 2024). Cross-market and recent studies
extend this: ESG news sentiment and source char-
acteristics have a significant impact on Chinese
Stock market (Chen et al., 2024), ESG news effects
on the US market is heterogenous across E,S,G
themes (Vu et al., 2024), and GPT-4-classified
intraday ESG news produces measurable, pillar-
specific short-term effects (Salarin et al., 2024).
Complementing this, Knowledge-based methods
further organize ESG news into real-time knowl-
edge graphs (Hassan Nassar et al., 2025), analyze
longitudinal ESG discourse across E/S/G dimen-
sions (Angioni et al., 2024) and support KG-RAG
question answering over sustainability news arti-
cles (Gupta et al., 2024).

NLP for Environmental Claim Detection: En-
vironmental claim detection has emerged as an
important step for verification, ESG monitoring,
and greenwashing analysis. Environmental Claim
Detection (Stammbach et al., 2023) introduced an
expert-annotated dataset and baselines, establishing
claim detection as a prerequisite for scalable veri-
fication. Later, (Saha et al., 2024) improves claim
identification across web and social media content
using stylistic cues, while a recent study (Aswal
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and Sinha, 2025) showed that parameter-efficient
hyperbolic graph neural networks can surpass trans-
formers for environmental claim detection. Com-
plementary research (Woloszyn et al., 2021) detects
and compares green claims automatically, and ex-
tends claim identification to heterogeneous corpo-
rate reports via GoalSpotter (Mahdavi et al., 2024)
to capture environmental and social claims. Fur-
ther research spans climate discussions on social
media (Al-Rawi et al., 2021; Duong et al., 2022),
claim verification methods (Zhi et al., 2017; Diggel-
mann et al., 2020; Dmonte et al., 2024; Biswas
and Uzuner, 2026), and regulatory environmen-
tal disclosure analysis (Kolbel et al., 2022; Wang
et al., 2025). Extending detection to corporate web
properties, Green by Design (Saha et al., 2025)
identifies environmental claims in short-form web
content. NEWSCLAIMS (Reddy et al., 2022) pro-
vides an attribute-aware benchmark for news claim
detection with claimer and claim-object extraction,
however, it focuses on general news claims, primar-
ily in the COVID-19 domain, rather than environ-
mentally specific corporate claims.

Although sustainability-report NLP, ESG news
analytics, ESG rating and market-impact predic-
tion, and environmental-claim detection have each
advanced substantially, these strands are often stud-
ied separately. Our work fills this gap by bringing
them together within a unified, news-specific for-
mulation, positioning it as a complementary but
clearly distinct contribution to the ESG NLP and
Claim Detection landscape. This claim-level view
supports ESG intelligence, investment research,
market monitoring, risk assessment, disclosure ver-
ification, and greenwashing analysis.

B Number of Topic Class

Selecting the optimal number of topic classes in
the environmental domain is challenging. To guide
this choice, we applied Latent Dirichlet Allocation
(LDA) (Blei et al., 2003) to the collected news cor-
pus and evaluated topic quality using coherence
scores. The resulting coherence maximizing con-
figuration produced eight interpretable topic cate-
gories. To further refine these topics and ensure
that each category reflected a coherent and envi-
ronmentally meaningful vocabulary, we conducted
manual word-level clustering on the LDA-derived
terms. This manual consolidation allowed us to
reorganize and enrich the eight LDA outputs into
nine final topic classes, as defined above. To qual-

itatively inspect the coherence of these manually
validated clusters, Figure 6 presents three represen-
tative word clouds selected from these nine classes.
Topics such as Sustainable Investment and Bio-
diversity exhibit clear, domain-aligned vocabular-
ies, whereas the Non-Environmental cluster high-
lights broader corporate terminology that helps dis-
tinguish true environmental content from general
news discourse. These visual examples reinforce
the interpretability and thematic clarity of the final
topic classes used in downstream extraction.

C Other datasets detailed description

1. Environmental Claim Detection(ECD)
(Stammbach et al., 2023): This dataset
contains 2,647 sentences, sourced from
corporate sustainability reports, earnings
calls, and annual filings. After filtering
tied annotations, we had 665 environmental
claims and 1982 items belonging to not an
environmental claim category.

2. Climate Fever(CF) (Diggelmann et al.,
2020): This dataset contains 2669 sentences,
with 1535 environmental claims and 1134
not an environmental claim, derived from
social-media content.

3. Aspect-Action Analysis with Cross-
Category  Generalization: A3CG
Dataset (Ong et al., 2025) consists 1790 sen-
tences drawn from sustainability statements
from Sustainability Reports of Singapore
Exchange Companies. Under this scheme,
the dataset contains 800 environmental
claims and 990 instances belonging to not an
environmental claim category.

D Examples of claims

This section presents different types of claim ex-
amples. Table 6 presents representative examples
highlighting key challenges in the claim extraction
task.

* The first three examples illustrate redundant
claims generated via one of the experimented
models. In first case, both claims pertain to
water usage, where water intensity reduction
is directly proportional to reduced water con-
sumption. Additionally, the cited collabora-
tion and the Nuton bioleaching process re-
fer to the same underlying evidence, result-
ing in redundancy. In the second and third
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Figure 6: Example word-clouds illustrating three of the nine topic classes.

outcomes.

Example Type
The Nuton bioleaching process reduces water intensity relative to
conventional concentrator routes in copper production. Redundant Claim
The collaboration aims to reduce water use in copper production.
Apple’s direct display suppliers have committed to abate 90% of
F-GHG emissions by 2030. Redundant Claim
Apple’s suppliers have committed to abate 90% of F-GHG emiss-
ions by 2030.
Apple achieved a 60% reduction in global greenhouse gas emissio-
ns compared to its 2015 baseline Redundant Claim
Apple has cut global greenhouse gas emissions by over 60% since
2015.
ANEO will more than double its wind power production in Sweden. Hallucination
Microsoft reused over 6.2 million components in 2024. Hallucination
Channeling $10 billion target for 2030, into restoration and bioecon- Correct

omy could shift Brazil’s economic trajectory and global climate

(Cross-sentence)

through redesigned datacenter packaging.

Microsoft diverted over 2,500 metric tonnes of waste from landfills

Correct
(Claimer from
other sentence)

neutrality targets.

Voyager Ventures invests in carbon management technologies that
enable capture, reuse, and removal, which can help achieve carbon

Correct
(Cross-sentence)

Energy & Carbon Removal at Microsoft)

Singapore commits to channel 5% of proceeds to climate adaptation Correct
in Chile and cancel 2% of credits to ensure net global emission red- (Explicit Claimer
uctions. (Claimer: Singapore, Beneficiary: Chile) & Beneficiary)
Nonprofits using Salesforce’s AgentForce Al platform are projected Correct
to reduce emissions by 20% for disaster relief organization Good360. | (Explicit Claimer
(Claimer: Salesforce, Beneficiary: Good360) & Beneficiary)
The project will support Microsoft’s broader portfolio of high-quality

. . . . - Correct
carbon removal solutions. (Claimer: Brian Marrs, Senior Director for .. .

(Explicit Claimer )

Table 6: Example Table

cases, redundancy arises due to alternative
phrasings of semantically equivalent claims.
Moreover, a manual evaluation over 20 arti-
cles shows that our system generates 7 redun-
dant claims, compared to 34 for Llama 8B,
18 for Llama 70B, 9 for Qwen 32B, and 17
for GPT OSS-120B under topic-conditioned
generation. This demonstrates that our system
achieves lower redundancy than other baseline
models.

* The fourth and fifth examples demonstrate hal-
lucinated claims generated. In the fourth ex-
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ample, the generated claim refers to doubling
wind power, whereas the supporting evidence
only indicates an increase in wind capacity
(124 MW onshore and 48 MW nearshore)
with no mention of baseline capacity. Simi-
larly, in the fifth example, the generated claim
is inconsistent with the reported value of ‘3.2
million’ in the evidence.

The sixth, seventh, and eighth examples high-
light cross-sentence dependencies. In the sixth
and eighth cases, claims are constructed by
integrating information across multiple sen-
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Figure 7: Comparison of ground-truth and model-generated claims across four models

tences, whereas in the seventh case, only the
claimer is derived from a preceding sentence.

* The last three examples emphasize the im-
portance of metadata-driven contextual en-
richment. In the ninth and tenth examples,
both the claimer and beneficiary are explicitly
stated in the generated claim. However, in the
last example, initially it may seem like some
third party is claiming about Microsoft. How-
ever, closer inspection shows that the claimer
is Brian Marrs, Senior Director for Energy
& Carbon Removal at Microsoft, thereby in-
dicating that the claim is made on behalf of
Microsoft.

E Analysis of Model-wise Claim Trends

Figure 7 compares ground-truth claim counts (Ac-
tual Dataset) with model-generated actual and can-
didate claims across a representative subset of 20 ar-
ticles, as visualizing all 219 articles is not practical.
The trends shown correspond to topic-conditioned
LLM outputs, which demonstrated better perfor-
mance than direct LLM generation and are there-
fore used for analysis.

All models capture the overall trend of the
ground-truth distribution, but fail to consistently
match exact claim counts, indicating limited extrac-
tion precision. Candidate-generated claims (green
curves) often overestimate counts, leading to redun-
dancy due to over-generation. In contrast, validated
outputs (red curves) are typically lower than the

ground truth, reflecting conservative filtering that
improves precision but reduces coverage. Notable
variability is also observed across models. Overall,
all models struggle to capture variations in claim
counts, highlighting challenges with heterogeneous
article structures and varying claim densities.

F Hardware Details

The system was deployed for internal use. It utilises
2 NVIDIA Tesla V100 GPUs, equipped with 9 vir-
tual CPUs, 60 GB of RAM, and 32 GB of dedi-
cated GPU memory. All components of the system
are implemented in Python. Based on our experi-
mental results and infrastructure constraints, Llama
70B was deployed in INTS precision for the inter-
nal system. For experimentation and comparative
evaluation, larger models were accessed through
Groq API calls. To assess model consistency, we
repeated all experiments three times on a smaller
evaluation dataset.

G Prompt & Cue Details

This section presents the complete set of prompts
used throughout the system and evaluations, in-
cluding those for multi-label topic classification
in Table 7, candidate claim-evidence pair genera-
tion in Table 8, contextual meta-data extraction and
LLM only baselines in Table 9. We also include
prompt variants designed for in-context learning to
enhance model performance.
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Component Content
System You are an environmental content analyst. Given a news article text, determine if it is environment-
Prompt related. If yes, extract the most relevant Topics from: Water, Waste, Emissions, Energy, Biodiver-
sity, Carbon Credit, Compliance and Legal Action, Sustainable Investment, Circular Economy.
Instructions:
* Multi-label classification task
* Output only relevant Topics
* Use only predefined Topics
* Return NA if not relevant
¢ Output format: comma-separated Topics
Topic Cues: Water (stress, recycling), Waste (recycling, landfill), Energy (renewable, efficiency),
Emissions (GHG, pollutants), Biodiversity (habitat, conservation), Carbon Credit (trading, oft-
sets), Compliance (ISO, audits), Sustainable Investment (ESG, green bonds), Circular Economy
(reuse, lifecycle)
User Prompt Here is the article text: {final_text[i]}.

Select the most relevant Topics from the predefined list. Follow the output format strictly and do
not include explanations.

Table 7: Prompt structure for Environmental Topic Identification
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Role

Content

System

Role: Expert information extraction system for environmental and sustainability claims.

Task: Extract ONLY explicit and verifiable environmental claims grounded in the provided
content.

Constraints:

¢ Do not infer, generalize, or hallucinate claims
» Extract claims strictly from given text

* If no claim exists for the given Topic, return an empty list

User

Instruction: Extract environmental claims corresponding to each Topic.

Definition of Environmental Claim: A statement that asserts, predicts, or interprets envi-
ronmental impact and can be agreed or disagreed with.

A claim qualifies if it:

* Asserts change (reduction, improvement, harm, benefit, targets)
* Predicts or commits to future environmental performance
* Describes environmental properties of processes/products

* Represents a disputable assertion
Not a claim if:

* Neutral description without impact

* Operational detail without environmental assertion

Guidelines:

¢ Evaluate each Topic independently
» Extract only explicit claims
* Do not infer claims

* Provide supporting text span for each claim

Input:

Headline: {final_headlines[i]}
Article Content: {final_text[i]}
Topics: {final_topics[il}

Output Format (JSON):
{
"claims": [
{
"Topic": "<topic>",
"claims": [
{
"claim”: "<concise rewritten claim>",
"evidence": "<exact supporting text>"
31313

Table 8: Prompt structure for Environmental Claim Extraction by Topic
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Role Content

System You are an expert in extracting environmental claims from news articles with respect to given
topics.
Task: Extract ONLY explicit and verifiable environmental claims grounded in the input text.

Requirements:
* Do not infer, generalize, or hallucinate claims
» Extract claims per provided topic
* Identify:

— Claimer (entity making the claim)
— Claimee (beneficiary, if any)
— Stage of claim: Planning, Indeterminate, Implemented

¢ If no claims exist, return an empty list

User Instruction: Extract explicit environmental claims from the article for each given topic.

Input: Article Content: {final_text[il}
Topics: {final_categories[i]}

Output Format (JSON):
{

"claims”: [{
"Topic": "<associated topic>",
"claim”: "<concise rewritten claim>",
"evidence"”: "<exact supporting sentence(s)>",
"claimer”: "<identified claimer>",
"claimee"”: "<identified beneficiary>",
"stage of the claim”: "<Planning | Indeterminate | Implemented>"

1

Table 9: Prompt structure for Environmental Claim Extraction

Role Content

System You are an expert in analyzing sustainability and environmental claim.
Task: Classify the stage of action in a company’s claim for the given aspect, given an

environmental claim and the corresponding aspect. Use the definitions for classification
Definitions:
* PLANNING: Future intent, commitment, or target; no implementation evidence.

* IMPLEMENTED: Actions taken, ongoing work, or measurable progress.

» INDETERMINATE: Mentions the aspect but unclear if action is taken or planned.

User Instructions:

¢ Classity strictly for the given aspect.
e Output ONLY one label: PLANNING, IMPLEMENTED, or INDETERMINATE.
* No explanations.

Input: Claim: {final_text[i]}
Topics: {final_categories[i]}

Output: One of PLANNING / IMPLEMENTED / INDETERMINATE

Table 10: Prompt structure for Stage of the Claim Extraction
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Role

Content

System

You are an expert in extracting entities from sustainability claims.

Task: Given a claim and its evidence, identify the entity making the claim (’claimer’),
and if explicitly stated, the entity benefiting from or affected by the claim ("beneficiary’ or
"claimee’) considering both the claim and the evidence.

User

Instructions: Return the required entities ONLY in the specified format, no explanations.
Input: Environmental Claim: {final_claim[i]}

Evidence: {final_evidence[i]}

Output: Claimer: <claimer>; Beneficiary: <beneficiary>

Table 11: Prompt structure for Entity Extraction

Role

Content

System

Role: Text classification assistant.
Task: Classify a given statement into one of the following:

* Environmental Claim
* Non-Environmental Claim
Definition: An Environmental Claim is any statement referring to environmental impact,

sustainability, climate change, carbon emissions, energy efficiency, pollution, conservation,
recycling, biodegradability, renewable resources, eco-friendliness, or protection of nature.

Instructions:

* Read the statement carefully
¢ Decide if it qualifies as an Environmental Claim
* Output ONLY one label:

— Environmental Claim
— Non-Environmental Claim

* Do not provide explanations or additional text

Examples: {e}

User

Instruction: Classify the following statement:

{a}

Table 12: Prompt structure for Environmental Claim Classification
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