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Abstract

Identifying green practices in social media is not merely a matter of lexical matching. Many green practices are
expressed implicitly, rely on shared background knowledge, or are embedded in broader contextual narratives. In this
paper, we investigate how large language models (LLMs) explain expert annotations of green waste management
practices and how they rationalize classification errors made by a fine-tuned model (mMBART) on a Russian social
media corpus (GreenRu). We analyze explanations generated by two LLMs (T-lite and GigaChat) in two settings:
(1) explaining gold expert-assigned labels and (2) interpreting erroneous model predictions. Our qualitative and
micro-quantitative analysis shows that green practices are frequently inferred through contextual reasoning rather
than explicit terminology. Error patterns of mBART reveal overgeneralization, associative misinterpretation (e.g.,
linking food sharing to waste recycling), and detection of practices where none are present. We further compare
explanatory strategies of the two LLMs. T-lite tends to rely on lexical cues and surface markers that may create
an impression of a practice, while GigaChat more often reconstructs broader contextual interpretations. Expert
feedback highlights limitations of formal textual analysis, sensitivity to missing contextual knowledge, and difficulties
in aligning model reasoning with expert conceptual boundaries. Our findings suggest that explanation-based analysis
is a productive tool for diagnosing classification errors and refining annotation guidelines. More broadly, the study
demonstrates that modeling implicit sustainability discourse requires contextual grounding and deeper semantic
integration beyond keyword-based approaches.

Keywords: green practices, social media, implicit information extraction, large language models, explainab-

ility, error analysis, environmental NLP

1. Introduction

The growing societal attention to environmental sus-
tainability has led to the rapid expansion of online
communities centered around ecological lifestyles,
responsible consumption, and waste management.
Social media platforms serve not only as spaces
for information exchange but also as arenas where
green practices are negotiated, normalized, and
disseminated. Detecting such practices automat-
ically is essential for large-scale analysis of grass-
roots environmental engagement, public discourse
monitoring, and policy-oriented research.

However, identifying green practices in user-
generated content is not a trivial text classification
problem. Many environmentally relevant actions
are expressed implicitly, rely on shared background
knowledge, or are embedded in broader narratives
about everyday life. For instance, bringing items to
a named local initiative may constitute a practice of
sharing or reuse, even if no explicit sustainability
terminology is used. This makes green practice
detection fundamentally a task of contextual inter-
pretation rather than simple lexical matching.

Previous work in environmental natural language
processing (NLP) has addressed related tasks such
as climate change discourse analysis, environ-

mental stance detection, and sustainability-related
information extraction (Beckles and Heidke, 2025;
Peura et al., 2025; Zhang et al., 2024; Longo and
Longo, 2025; Barz et al., 2025; Adam and Kogler,
2025). However, most studies focus either on topic
modeling, sentiment and stance analysis, or ex-
plicit mention detection, rather than fine-grained
behavioral practice identification—especially when
practices are only indirectly expressed.

From a methodological perspective, our study
intersects with research on multi-label text clas-
sification and explainability. Multi-label classific-
ation has been widely applied in various NLP
domains. For example, Kementchedjhieva and
Chalkidis (2023) demonstrated the effectiveness of
encoder—decoder architectures for multi-label clas-
sification in biomedical and legal domains. Sim-
ilarly, multilingual sequence-to-sequence models
such as mBART (Tang et al., 2021) have proven
competitive for complex classification tasks when
reformulated as text generation.

Beyond classification performance, recent years
have seen growing interest in explanation-based
analysis of model behavior. Explainable Al in NLP
has evolved from feature attribution methods (e.g.,
attention visualization, gradient-based saliency) to-
ward natural language explanations generated by
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LLMs (Zhao et al., 2024). Instruction-tuned LLMs
can provide post-hoc rationalizations of predictions,
enabling qualitative diagnosis of systematic errors
(Brown et al., 2020; Kamoi et al., 2024). Such ap-
proaches are increasingly used not only to justify
model outputs but also to probe implicit reasoning
patterns and uncover annotation inconsistencies.

This work also relates to research on implicit
information extraction and pragmatic inference in
NLP. Detecting implicitly expressed events, rela-
tions, or intentions remains a longstanding chal-
lenge. Prior studies in implicit sentiment analysis,
implicit hate speech detection, and implied event
extraction show that models often rely on surface
lexical associations rather than deeper semantic
integration (EISherief et al., 2021; Zhu et al., 2024;
Loukachevitch et al., 2025; Masud et al., 2025).
The difficulty increases in domain-specific contexts,
where shared community knowledge plays a crucial
role (Galli et al., 2025; Sengupta et al., 2025).

Within sustainability studies, the conceptualiza-
tion of green practices as socially embedded be-
haviors rather than isolated keywords has been
discussed in social science research (Zakharova
etal.,, 2022). The GreenRu dataset (Zakharova and
Glazkova, 2024) operationalizes this perspective by
annotating concrete waste management practices
at the sentence level in Russian-language social
media posts. Unlike broader thematic datasets,
GreenRu focuses on specific behavioral categories
(e.g., waste sorting, sharing, refusing purchases),
enabling fine-grained multi-label modeling.

In this paper, we move beyond standard perform-
ance evaluation and investigate how LLMs explain
both correct expert annotations and systematic clas-
sification errors produced by a fine-tuned mBART
classifier. We compare two Russian-language
instruction-tuned LLMs: T-lite and GigaChat. Our
analysis addresses three research questions:

1. How do LLMs reconstruct the reasoning be-
hind expert-assigned green practice labels, es-
pecially when practices are expressed impli-
citly?

2. How do LLMs rationalize systematic classifica-
tion errors, and what types of textual cues do
they identify as misleading?

3. To what extent do explanation patterns re-
veal mismatches between expert conceptual
boundaries and model-internal associations?

Our findings demonstrate that explanation-
based analysis is a productive diagnostic tool for
sustainability-oriented NLP tasks. Green prac-
tice detection emerges as a problem of contextual
grounding and shared knowledge modeling rather
than mere lexical classification. Moreover, com-
paring LLM-generated rationales with expert reflec-

tions reveals not only model weaknesses but also
latent ambiguities in annotation guidelines.

More broadly, the study contributes to the emer-
ging intersection of environmental NLP and explain-
able Al by showing that modeling implicit sustainab-
ility discourse requires deeper semantic integration
and explicit attention to contextual knowledge struc-
tures.

The remainder of the paper is structured as fol-
lows. Section 2 describes the dataset and task
formulation, Section 3 presents the experimental
setup, Section 4 reports the results, and Section 5
discusses implications of LLM-based explanations.

2. Dataset and Task

2.1.

This study employs the GreenRu dataset (Zakhar-
ova and Glazkova, 2024)' to identify references
to green waste management practices in Russian-
language social media content. The dataset com-
prises 1,326 Russian-language posts, averaging
880 characters in length, sourced from online en-
vironmentally conscious communities.

The annotation of GreenRu was conducted at the
sentence level using a multi-label scheme to cap-
ture the specific green waste practices mentioned,
with sentences averaging 110 characters. The an-
notation framework is based on nine categories of
green waste practices (Zakharova et al., 2022):

GreenRu Dataset

1. waste sorting, referring to the separation of
waste by material type;

2. studying product labeling to identify packaging
as a waste category;

3. waste recycling, the process of converting
waste into reusable materials;

4. signing petitions as a means of influencing
policy;

5. refusing purchases to minimize consumption
and environmental impact;

6. exchanging unwanted items or services for de-
sired ones;

7. sharing goods with others, either free or for a
fee;

8. participating in initiatives promoting respons-
ible consumption, such as workshops, fest-
ivals, or educational events;

9. repairing items instead of discarding them.

"https://github.com/
green-solutions—lab/GreenRu
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The mentions of green practices are unevenly
distributed. The most common practice is waste
sorting (1,835 mentions), while the rarest is repair-
ing (13 mentions).

2.2. Green Practice Detection

In this study, we explore the task of detecting men-
tions of green waste practices in social media. By
green waste practices, we refer to concrete ac-
tions, behavioral patterns, or organizational de-
cisions aimed at reducing environmental impact,
conserving resources, promoting circular economy
principles, or supporting broader environmental
sustainability goals.

We formulate this problem as a multi-label text
classification task. Given a textual fragment (typic-
ally a sentence or a short passage), the model must
determine whether it mentions green practices.

3. Experimental Setup

3.1. Classification Model

For multi-label text classification, we used mBART?
(Tang et al., 2021), a multilingual sequence-to-
sequence transformer architecture introduced by
Facebook Al Research. In previous studies
(Glazkova and Zakharova, 2025), mBART achieved
the best overall performance on green practice
detection, outperforming both traditional machine
learning approaches (e.g., kNN trained on sen-
tence embeddings) and transformer-based models
including BERT-based classifiers. A similar effect-
iveness of encoder-decoder models for multi-label
text classification was demonstrated in the work of
Kementchedjhieva and Chalkidis (2023) for legal
and biomedical texts.

Following the paper of Glazkova and Zakharova
(2025), we fine-tuned mBART for 20 epochs us-
ing a maximum sequence length of 256 tokens.
The model input consisted of sentences from the
GreenRu dataset, and the output was a comma-
separated list of the practices mentioned in the
corresponding sentence.

3.2. LLMs for Explanation

For generating explanations,
instruction-based LLMs:

we used two

» T-lite® (Stoianov et al., 2025), a Russian-
language model built upon the Qwen 3 archi-
tecture, 8B params.

thtps://huggingface.co/facebook/
mbart—-large-50

Shttps://huggingface.co/t-tech/
T-lite—-it-2.1

+ GigaChat* (Mamedov et al., 2025), a Russian-
language model built on a Mixture-of-Experts
(MoE) architecture with 10B total and 1.8B act-
ive parameters, it incorporates Multi-head Lat-
ent Attention (MLA) and Multi-Token Prediction
(MTP) to achieve high inference throughput.

3.3. Explanation Settings

To evaluate the explanations generated by LLMs,
we constructed two subsets of entries from the test
portion of the GreenRu dataset. The dataset itself
exhibits a naturally imbalanced distribution of prac-
tice types, reflecting the real-world prevalence of
different green practices rather than an artificially
balanced annotation scheme. Each subset con-
tained 100 entries selected through randomized
sampling while ensuring that all practice types were
represented. Full class balance, however, could
not be achieved due to the multi-label nature of
the dataset: rare practices frequently co-occur with
more common ones, making strict balancing infeas-
ible without distorting the original data distribution.

The first subset (random) consisted of randomly
selected entries together with their gold annotations
of green practice mentions. The second subset
(error-only) included entries for which none of the
labels predicted by the mBART model matched the
expert annotations. For these entries, we collected
both the model predictions and the corresponding
gold annotations. Examples of the selected entries
and typical mBART errors are presented in Table 1.
The normalized frequencies of gold-labeled prac-
tices in both subsets are shown in Figure 1. The
figure demonstrates that while the overall distribu-
tions remain dominated by more frequent practices,
both subsets preserve coverage of the full practice
inventory, allowing a qualitative comparison of ex-
planation behavior without substantially altering the
underlying data distribution.

The prompts for analyzing expert annotations
and mBART errors are presented in Table 2. The
first prompt was intended to understand how hu-
man experts interpret implicit or explicit mentions
of green practices, revealing the linguistic cues and
contextual reasoning behind the gold labels (RQ1).
The second prompt was designed to trace mBART
errors back to specific textual elements, helping
us identify whether mBART was misled by ambigu-
ous wording, false positives (i.e. cases where the
model erroneously detects a practice), or superfi-
cial patterns in the data (RQ2).

For both models, we used a generation temperat-
ure of 0.5. This value was chosen as a compromise
between determinism and variability in generation.
In preliminary experiments, lower values resulted

*https://huggingface.co/ai-sage/
GigaChat3-10B-A1.8B-bflé6
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Text

Annotated practices
(gold)

Annotated practices
(mBART)

YnakoBKa ¢ TaKO MapKHPOBKOH He MOXKET OBITH Iepepa-
6OTaHa B IIpDUHOUIIE 1 3aKOHYUT CBOU >KU3HEHHBIN IIUKJI Ha
MYCOPHOM IIOJIUT'OHE WJIW B II€YU MYCOPOCZKHUTATEJIIBHOTO
zasoga. {Packaging with this labeling cannot be recycled
at all and will end its life cycle in a landfill or in the furnace
of an incineration plant}

Uzyuenue MapKUpPOB-
ku ToBapos {Studying
product labeling}

Ilepepaborka oOTXO-
nos {Waste recycling}

B Benukobputanun n3obpesn #yCcTpoCTBO JIJIsT UACHTH-
dukanuun orxonos - Recycling Identifying Device (R.I.D.).
{In the UK, a waste identification device called the Recyc-
ling Identifying Device (R.1.D.) has been invented}

CopTupoBKa OTXO0JI0B
{Waste sorting}

N3yuenune MmapKkupoB-
ku ToBapos {Studying
product labeling}

CDy;LmepMHr - IIPOEKT IIO CIIaCE€HHUIO €bl OT yTUJIN3alluu,
HaHpaBJIeHHbIIL/'I Ha COXpaHEHHE PeCcypCcoB HaIel IIaHeTb
u Bo uMs 60pubbI ¢ nepenorpebiienuem. {Food sharing is
a project aimed at saving food from disposal, preserving
our planet’s resources, and combating overconsumption}

O6wmen {Sharing}

Ilepepaborka oTXO-
0B, OTKa3 OT IIOKY-
nok {Waste recycling,
refusing purchases}

Table 1: Examples of entries and errors.

Normalized Practice Frequencies

mmm Random
Error-only

repairing
sharing

exchanging

singing petitions
studing product labeling

waste recycling

refusing purchases

participating in initiatives promoting
responsible consumption

waste sorting

0 5 10 15 20 25
Normalized frequency (%)

Figure 1: Normalized practice frequencies in the
selected subsets.

in more repetitive explanations, while higher values
increased variability without improving interpretabil-
ity. The maximum number of tokens for explaining
the expert annotations was set to 512, and for ex-
plaining the mBART annotations, it was set to 1024
tokens. In the second case, the maximum number
of tokens was larger because the LLMs tended to
generate longer responses to the second prompt.
The actual energy consumption and carbon emis-
sions of LLMs for 100 entries are given in Table 3.

4. Results

The average explanation length for the random sub-
set was 1,346.67 characters for T-lite and 442.96
characters for GigaChat. The explanation length for
gold labels in the error-only subset was 1,275.84
(T-lite) and 375.07 (GigaChat). The explanation
length for mBART errors was 2,979.57 (T-lite) and
1,861.24 (GigaChat). On average, T-lite produces

longer and more lexically focused explanations,
while GigaChat generates shorter, more abstractive
justifications.

In the majority of cases, both LLMs explicitly refer
to lexical units or short phrases from the input text
as justification. However, T-lite more frequently re-
lies on isolated lexical triggers, whereas GigaChat
more often reconstructs larger semantic fragments
(see Table 4). Both models often explicitly indicate
whether a practice is expressed directly or implicitly.
GigaChat more consistently signals implicitness
(e.g., “the practice is not directly stated but inferred
from...”), while T-lite more often assumes explicit-
ness even when expert reasoning is contextual. In
analyzing the errors of mBART, both models are
generally able to identify plausible textual cues that
could have triggered the incorrect prediction (RQ2).
This suggests that many classification errors stem
from systematic lexical or semantic associations
rather than random noise.

The explanations produced by both LLMs were
additionally analyzed in order to assess the reas-
oning strategies underlying their decisions. For
each explanation column, we manually evaluated
two indicators: (i) whether the model supported
its decision with explicit lexical evidence by refer-
ring to fragments or linguistic cues present in the
source text, and (ii) whether the model explicitly in-
dicated that the described practice was expressed
implicitly rather than directly stated. The analysis
demonstrated that both models predominantly re-
lied on textual grounding: lexical evidence was
used in more than 95% of explanations across
models. However, substantial differences were ob-
served in how the models handled implicit mean-
ing. The T-lite model identified practices as im-
plicitly expressed in approximately 84% of cases,
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PromptID Prompt text

The following sentence was annotated by experts
as describing the following green practices:

[PRACTICE_NAME]
Sentence:
"[TEXT]"

Explain how exactly these practices are expressed in the text.
If they are expressed implicitly, indicate what this interpretation is based on.
If there is no explicit expression of these practices in the text, state this.

The model interpreted the following sentence
as describing the following green practices:

[PRACTICE_NAME]
Sentence:
"[TEXT]"

Explain which elements of the text could have created the impression
that these practices are being referred to.
If this impression is weak or misleading, explain why.

Table 2: Prompts used for generation. The prompts are given in English (translated from Russian). In
cases where an entry had a single green practice annotated by experts or mBART, the corresponding

singular phrasing was used.

Model Prompt 1 Prompt 2

Time Energy (kWh) COzeq(g) Time Energy (kWh)  CO-zeq (g)
T-lite (8B) 0:28:45 0.1036 51.69 1:08:24 0.2425 120.93
GigaChat (1.8B active)  0:08:57 0.0287 7.28 0:40:35 0.1246 31.56

Table 3: The actual energy consumption and carbon emissions of LLMs for 100 entries using Google
Colab Pro (NVIDIA A100-SXM4-40GB). The values are obtained with Carbontracker (Anthony et al.,

2020).

whereas GigaChat did so considerably less fre-
quently, in about 27% of explanations. In the ana-
lysis of model error interpretations, plausible textual
triggers motivating incorrect predictions were iden-
tified in the clear majority of cases (over 90%), with
only a small number of explanations lacking such
triggers. These findings indicate that while both
models ground their reasoning in the source text,
they differ markedly in their tendency to infer implicit
practices.

A central finding of our experiment is that green
practice detection is fundamentally a task of con-
textual interpretation rather than lexical matching
(RQ1). Many practices in GreenRu are expressed
implicitly. For example, shared use initiatives (e.g.,
donation-based stores or exchange platforms) are
not always described through explicit sustainability
vocabulary. Human experts rely on background
knowledge: they understand the institutional pur-
pose of specific initiatives and interpret actions
(e.g., bringing items to a named store) as part of
a broader green practice. LLMs demonstrate par-
tial sensitivity to this phenomenon. When contex-
tual knowledge is available or widely encoded (e.g.,
widely known eco-initiatives), explanations become
more accurate and coherent. When background
knowledge is missing, models revert to surface-
level lexical interpretation. In several cases, models
explicitly mention “lack of context” or “insufficient

information” as a limitation. This meta-commentary
indicates that LLMs can recognize epistemic un-
certainty, yet they still tend to produce a forced
interpretation.

Analyzing explanations for incorrect mBART pre-
dictions reveals systematic error types (RQ2). First,
the model predicts a broader practice category in-
stead of a more specific one (e.g., interpreting
“bringing recyclables” as “recycling” rather than
“waste sorting“). Second, closely related practices
are confused due to associative links (e.g., food
sharing interpreted as waste recycling because of
lexical proximity between “food” and “waste”). Third,
some keywords (e.g., “free,” “eco,” “volunteers”) ac-
tivate sustainability interpretations even when the
expert label depends on a more specific concep-
tual framing. Finally, the experts distinguish stages
within a sustainability chain (label reading — sort-
ing — transport — recycling), whereas the model
treats them as a single undifferentiated process.

”

5. Expert Assessment of LLM
Explanations

We invited green waste practice experts who parti-
cipated in the original annotation process to review
LLM-generated explanations. The expert assess-
ment was conducted in a two-stage procedure.

139



Text

Bes makysnarypa Gyaer nepepaGoraHa Jjisi BropudHoro ucnosb3osanus. {All waste paper will be recycled for
reuse}

Gold labels

IlepepaGorka orxonos {Waste recycling}

mBART labels

Copruposka orxogos {Waste sorting}

Explanations for the gold labels (Prompt 1)

T-lite

The practice of waste recycling is explicitly expressed in the sentence:

"All waste paper will be recycled for reuse."

Explanation:

The text directly states: "will be recycled" — this is a verb denoting the action of recycling.

It specifies what exactly is being recycled — waste paper (a type of waste based on paper and cardboard).

It also indicates the purpose of the action — reuse, which aligns with the environmental goal of recycling: preventing waste
from ending up in landfills, conserving resources, and reducing the ecological footprint.

Conclusion:

The practice is explicitly expressed through the verb "will be recycled" and the specification of the object (waste paper) and
the purpose (reuse).

Thus, the sentence fully corresponds to the description of the environmental practice of waste recycling.

GigaChat

In this sentence, the green practice of 'waste recycling’ is explicitly expressed through the use of the verb 'will be recycled.’
This indicates that all waste paper will undergo the recycling process for the purpose of reuse.

Explanations for the mBART labels (Prompt 2)

T-lite

Excellent question. Let’s examine why the sentence "All waste paper will be recycled for reuse" could be interpreted as
describing an environmental practice, specifically waste sorting, and to what extent this impression is justified.

Elements of the text that created the impression of "waste sorting":

1. The mention of "waste paper”

— Waste paper consists of paper and cardboard waste that must be sorted during the collection and recycling stages.
— The word "waste paper" itself indicates the separation of waste by type, i.e., sorting.

2. The phrase "will be recycled"

— Waste recycling always begins with sorting. Without sorting materials by type (paper, plastic, glass, etc.), recycling is
impossible or extremely inefficient.

— This creates an association with a logical sequence: first sorting — then recycling.

3. The goal — "reuse"

— This is a key goal of green practice aimed at resource conservation.

— Sorting is one of the main ways to ensure the reuse of waste, especially waste paper.

Conclusion: the impression of "waste sorting" is justified and strong

Despite the fact that the sentence does not use the word "sorting", all the key elements point to the practice of waste
separation:

- waste paper — a type of waste that requires sorting

- recycling — requires preliminary sorting

- reuse — a goal achieved through sorting

Therefore, the model’s interpretation as "a description of an environmental practice — waste sorting" is justified and logical.
Why does it not mislead?

- There are no contradictions between the text and the interpretation.

- All terms and logic correspond to real-world waste management practices.

- Even if the emphasis is on recycling, it cannot be effective without sorting, especially for waste paper.

Summary:

Yes, the impression of "waste sorting" is not weak, but quite justified.

The sentence clearly indicates an environmental practice related to sorting and does not mislead — on the contrary, it
reflects the standard and correct approach to recycling waste paper.

If the goal were, for example, "waste incineration” or "landfilling," the interpretation would be different. But here — everything
points to an environmental practice with an emphasis on sorting and reuse.

GigaChat

The elements of the text that could create the impression that it refers to waste sorting:

The word "waste paper" — This word is directly associated with the process of recycling paper and cardboard, which is
part of the practice of waste sorting.

The phrase "will be recycled" — Indicates the process of processing materials after their collection, which also relates to
waste sorting.

The expression "for reuse" — Emphasizes the idea of resource reutilization, which is a key aspect of environmental
practice.

Together, these elements create a clear understanding that the text refers to waste sorting and its subsequent recycling.

Table 4: Examples of LLMs’ output. The texts are given in English (translated from Russian).

First, one domain expert performed a detailed

the explanations.

review of the model-generated explanations, provid-
ing structured comments on their adequacy, align-
ment with annotation guidelines, and typical reas-
oning patterns.

In the second stage, a second expert reviewed
the initial assessment. In cases of uncertainty or
disagreement, the experts discussed the instance
jointly until a consensus was reached.

This procedure allowed us to ensure consistency
of judgments while preserving detailed qualitative
analysis. While the evaluation was not designed
as a formal inter-annotator agreement study, the
consensus-based review provides a reliable basis
for identifying recurring strengths and limitations of

The goal of this section is to document how ex-
perts perceive model reasoning in relation to their
own annotation principles.

5.1. Contextual Limitations of the Model

The main difficulty for LLMs is the lack of context,
which directly affects its ability to reconstruct ex-
pert reasoning behind implicitly expressed prac-
tices (RQ1). If there is no information about the pur-
pose of stores like “Mr. Thank You” (“Mr. Spasibo”)
and “Laugh-ka” (“Laffka”), it is very hard to under-
stand why people bring their items there. While it is
obvious to an expert that this is a practice of shared
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use, the model starts to get confused, because it
has to rely on the meaning of words in a short
phrase, which does not always lead to correct con-
clusions. Another example is eco-friendly fashion.
An expert knows how this practice addresses envir-
onmental problems and what established meanings
are associated with it. On the other hand, the model
can only guess what the word “eco-friendly” means
in this phrase. When analyzing mistakes in such
situations, LLMs point to the lack of context, insuffi-
cient information, and the formal nature of language
analysis. The explanations of LLMs are especially
accurate when it understands the context, for ex-
ample, when it knows what is “plasticwatching” as
an eco-practice.

5.2. Mismatch Between Expert Decisions
and Model Reasoning

Another difficulty comes from expert decisions and
highlights the mismatch between expert conceptual
boundaries and model-internal associations (RQ3).
For instance, experts decide that everything that
happens before transporting separated waste to a
recycler is waste sorting, which includes studying
labels. The model, however, perceives the process
as a whole: studying labels — sorting — transport-
ation — recycling. It is difficult for it to distinguish
where sorting ends and recycling begins, especially
if there is no explicit statement about it. Another
example of such an expert decision is the mention
of volunteers. Experts assume that volunteers are
involved in eco-practices, so their presence indic-
ates the promotion of responsible consumption. At
the same time, for the model volunteers are just
people, so it needs additional information to make
the conclusion. When analyzing expert judgment
and model annotation, LLMs also do not have any
information about the experts’ decisions, so they
tend to agree with the model based on formal fea-
tures.

For the analysis, LLMs refer to elements of the
text in order to draw a conclusion about the validity
of an expert’s or the model’s judgment. If it knows
the context, it uses it.

5.3. Observed Weaknesses and Practical
Value of Model Explanations

What can be concluded as drawbacks of the ex-
planations of LLM:

1. The LLM approaches the analysis formally. For
example, the word “free” is interpreted as re-
fusing to buy something, because one cannot
pay or purchase it;

2. LLMs may start analyzing elements of the
text that are completely unrelated to the eco-
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practice and are not significant from the ex-
pert’s point of view;

3. Complex actions, for example, the listing of
the main activities of an environmental organ-
ization cannot be united by the LLM under a
common meaning; it examines them separ-
ately;

4. LLMs do not always understand the task and
begins to explain either the expert’s opinion or
the model’s reasoning, pointing out what it con-
siders weak, misleading, or, on the contrary,
justified, or it proves the eco-friendliness of a
practice rather than justifying its specific type;

5. LLMs will most likely make a mistake if it does
not have access to all the information, for ex-
ample, if it cannot see a photo of the packaging,
it might conclude that the text is about studying
labels, while there are no labels at the photo,
only the specific type of the waste, such as
polypropylene egg cartons;

6. LLMs may have overly high requirements for
annotation, demanding exhaustive information
about the practice, a full picture of it, which,
of course, cannot be contained in a single
phrase.

Why LLMs should be used for such tasks:

» From the point of view of the authors of the
content, LLMs offer advice on how to convey a
message more accurately, it helps to critically
evaluate the wording in post texts, suggesting
ways to make them more complete.

From the expert’s point of view, LLMs help to
identify the mistakes or inaccuracies in the an-
notation, see new interpretations of practices
or to expand the range of practices, which are
described in a given passage.

From the programmer’s point of view, LLMs
suggest how to fine-tune the classifier in or-
der to avoid mistakes in the future, leading to
the conclusion that training on the context is
necessary.

6. Conclusion

The obtained results demonstrate that LLM explan-
ations help reconstruct implicit expert reasoning
(RQ1), diagnose systematic classification errors
(RQ2), and reveal mismatches between expert an-
notation principles and model reasoning patterns
(RQ8). Our findings are based on a diagnostic
sample and should be interpreted as exploratory
rather than statistically generalizable.



The analysis highlights that many errors
stem from systematic semantic associations and
overgeneralization rather than random noise. At the
same time, LLM-generated explanations expose im-
plicit assumptions embedded in both model predic-
tions and expert annotations, thereby functioning
as a diagnostic interface between computational
models and domain knowledge.

More broadly, our study suggests that
explanation-based analysis is a productive
methodological tool for environmental NLP. By
combining multi-label modeling with qualitative
examination of generated rationales, researchers
can better understand how sustainability dis-
course is represented, inferred, and sometimes
misinterpreted by language models.

Future work may explore incorporating structured
contextual knowledge into classification models, re-
fining annotation guidelines based on explanation-
driven feedback, and evaluating the faithfulness of
generated explanations beyond their plausibility.
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