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Abstract: Recent advancements in Natural Language Processing (NLP) have enabled efficient and accurate sentiment analysis
through pre-trained language models. This study proposes a lightweight framework leveraging the Distilled Robustly Optimized
BERT Approach (DistilRoBERTa) architecture to analyze public sentiment on climate change across twitter from 2011 to 2022.
Unlike prior work, our approach integrates multi-domain datasets (International Survey on Emotion Antecedents and Reactions
(ISEAR), Multimodal EmotionLines Dataset (MELD), GoEmotions) to fine-tune the model for multi-class emotion recognition,
capturing nuanced categories such as fear, anger, and optimism. We conduct a systematic comparison of transformer-based
models (Bidirectional Encoder Representations from Transformers (BERT), A Lite BERT (ALBERT), DistilRoBERTa) and
traditional deep learning architectures (Convolutional Neural Network (CNN), Long Short-Term Memory (LSTM),
demonstrating that DistilRoBERTa achieving comparable accuracy (95.9% on Internet Movie Database (IMDB)) with 6x faster
inference than RoOBERTa. The framework integrates multi-domain datasets such as ISEAR, MELD, and GoEmaotions to enhance
emotion recognition coverage across seven climate-relevant categories. Longitudinal analysis of 130,000 tweets reveals a
significant sentiment shift from optimism (2011-2018) to pessimism (2019-2022), driven by policy inefficacy. Our framework
highlights the scalability of distilled models for real-time social media analytics and provides a computational blueprint for
scalable policy analytics, enabling real-time integration of NLP into sustainability governance frameworks.
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1. Introduction

Climate change has emerged as a global crisis
demanding urgent public engagement and policy action.
Traditional methods of gauging public opinion, such as
surveys, are resource-intensive and fail to capture real-
time sentiment shifts. Social media platforms like
Twitter offer a rich, dynamic source of unfiltered public
discourse, yet analyzing such unstructured data poses
challenges due to slang, misspellings, and contextual
nuances. Due to these challenges, social media
sentiment analysis (SA) becomes a challenging task.
Numerous studies have been conducted by many
researchers in order to improve the performance of
multi-class classifiers [24, 28], and various architectures
have been proposed to overcome these challenges [6,
26, 38]. However, due to the complexity of social media
texts, these data embody high level features and are not
linearly differentiable. As a result, traditional deep
learning models are unable to fully capture and learn
these features [51]. However, more sophisticated pre-
trained models such as the pre-trained BERT model, A
lite BERT model and DistilRoBERTa can achieve better
performance [5]. While SA using deep learning models
(e.g., Convolutional Neural Network (CNN), Long
Short-Term Memory (LSTM) has shown promise, these

models struggle with long-term dependencies and
domain-specific language. Pre-trained models like
BERT address these issues but require substantial
computational resources, limiting their practical
deployment.

The analysis of public opinion, particularly on
climate change [33], relies heavily on extracting insights
from unstructured data, yet scalability and efficiency
remain critical barriers [36]. Traditional methods such
as surveys [8] suffer from latency and sampling biases
[3, 39], whereas social media offers real-time, unfiltered
public sentiment at scale [32]. However, manual
analysis of such data is error-prone and impractical [15],
necessitating automated approaches. Pre-trained models
like BERT [54], A Lite BERT (ALBERT), and Distilled
Robustly Optimized BERT Approach (DistilRoBERTa)
[5] address these challenges by leveraging transfer
learning to identify linguistic subtleties [49] and
efficiently extract topic-relevant information [15],
thereby enabling policymakers to identify trends and
formulate evidence-based sustainability strategies [15].

This study bridges these gaps through three key
innovations:

1. Lightweight architecture: we adopt DistilRoOBERTa,
a distilled variant of ROBERTa, to achieve state-of-
the-art accuracy (94.1% on Stanford Sentiment
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Treebank (SST-2)) with 60% faster inference than
traditional models.

2. Multi-domain fine-tuning: by integrating diverse
datasets (e.g., ISEAR, MELD), our model captures
seven distinct emotions, enabling granular analysis
of climate-related discourse.

3. Longitudinal insights: we analyze 130,000 climate
change tweets spanning a decade, revealing a critical
transition from optimism (2011-2018) to pessimism
(2019-2021), linked to policy implementation gaps.

This framework directly addresses the scalability gap in
environmental policy tools. By reducing inference
latency by 6x while maintaining 95.9% accuracy, our
approach enables real-time monitoring of public
sentiment shifts for adaptive climate policymaking-a
critical capability absent in conventional survey-based
methods [55, 57]. This work not only advances Natural
Language Processing (NLP) methodology but also
establishes scalable analytics frameworks that enable
policymakers to integrate real-time sentiment trends
into  evidence-based climate  strategies. The
computational advancements in knowledge-distilled
transformer models demonstrated here reduce inference
latency while maintaining robust accuracy, thus
supporting the deployment of agile policy tools capable
of monitoring public sentiment shifts efficiently at scale.

2. Related Work

The evolution of SA has been shaped by successive
technological advancements, from early lexicon-based
methods to modern pre-trained language models.
Traditional approaches bifurcating into lexicon-based
techniques and Machine Learning (ML) methods. The
latter gained prominence due to their unsupervised
capability to map polarity scores to textual attributes [6].
The advent of Deep Learning (DL) marked a paradigm
shift, with architectures like LSTMs [49], Text-CNN [4,
60], and CNN-Attention hybrids [50] demonstrating
superior performance in capturing sequential and
contextual features, thereby surpassing classical ML
models in accuracy [25, 31].

A transformative leap occurred with the introduction
of pre-trained models such as GPT [44] and BERT [13],
which leveraged transfer learning to address
generalization and data scarcity challenges [14]. These
models, trained on vast corpora, enabled efficient low-
dimensional embeddings [41] and achieved state-of-the-
art results across NLP tasks, including SA [17, 61],
guestion answering [11], and semantic reasoning [21].
Subsequent optimizations, including ALBERT and
DistilRoBERTa, further enhanced computational
efficiency while maintaining high  accuracy,
establishing pre-trained models as the de facto standard
for SA [52, 59].

Recent advancements in climate change NLP have
focused on leveraging transformer-based models for
stance detection and corporate climate discourse

analysis. Upadhyaya et al. [56] propose MEMOCLIC, a
multi-task framework combining stance detection with
auxiliary tasks of emotion recognition and offensive
language identification to analyse climate change
tweets. Their study addresses the polarisation in public
climate discourse, where beliefs are divided into deniers
and believers, often accompanied by toxic or emotional
language. MEMOCL.C integrates multi-modal features,
including textual and emoji embeddings via techniques
like GloVe, BERTweet, and emoji2vec, processed
through Bidirectional Long Short-Term Memory (Bi-
LSTM) encoders and modality attention mechanisms.
Results on curated climate datasets and benchmarks
(SemEval-2016, ClimateStance-2022) show significant
improvements in stance detection performance by
leveraging these auxiliary signals, highlighting the
importance of emotional and toxic language cues in
distinguishing climate attitudes.

In contrast, Bingler et al. [7] introduce
ClimateBERT, a BERT-based model fine-tuned to
analyse corporate climate risk disclosures following
TCFD recommendations. Examining annual reports of
818 firms from 2015-2019, they find that corporate
climate disclosures often amount to “cheap talk,” with
firms cherry-picking non-material information and
underreporting strategy and metrics-related risks critical
for investors and regulators. Their findings reveal
regional and sectoral disparities: energy and utilities
firms disclose more comprehensively, while Asian
firms lag behind North American counterparts.
Mandatory reporting (e.g., France) results in more
material disclosures than voluntary frameworks. Fu et
al. [16] demonstrate the power of transformer models in
climate discourse analysis, whether identifying public
stance and emotion on social media (MEMOCLIC) or
scrutinising corporate risk communication
(ClimateBERT). They also reveal common challenges
in climate NLP: data scarcity, sarcasm detection, and the
need for domain-adapted embeddings to improve model
interpretability and societal impact.

In climate change research, SA-driven data mining
has emerged as a critical tool for parsing heterogeneous
data sources such as satellite imagery [3], weather
stations [42], and social media [10]. Early studies relied
heavily on manual surveys [1, 34] for instance, Rinzin
et al. [45] assessed sustainability perceptions in Bhutan
through interviews, revealing public consensus on
national strategies but uncertainty in implementation.
Similarly, Lakatos et al. [29] identified a gap between
sustainability awareness and actionable behavior in
Romania, while Almulhim [2] highlighted economic
barriers to renewable energy adoption in Saudi Arabia.
Recent works, such as Gaur et al. [18], employed ML
models like ANFIS to predict youth preferences for
Sustainable Development Goals (SDGs), and Marlon et
al. [34] analyzed U.S. climate attitudes (2008-2020),
uncovering rising policy polarization.  While
ClimateBERT [58] has demonstrated domain-specific
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efficacy, it remains computationally intensive (>483M
parameters) and lacks multi-emotion granularity (as
shown in Table 1). Our framework bridges this gap
through: 1) knowledge distillation optimizing
DistiRoBERTa (82M  parameters) for climate
linguistics, 2) hybrid loss addressing catastrophic
forgetting during cross-domain transfer, and 3) multi-
scale emotion taxonomy capturing policy-responsive
sentiments like climate optimism/pessimism.

Table 1. Domain-specific model comparison.

Emotion | ... Inference
Climate keywords
classes latency (ms)

ClimateBERT ~ 4g3m |3 (Pos/Ne 1,200 142
u/Neg)

Ours 82M 7 3,815 38

Model Parameters

Despite these advances, existing approaches face
limitations: survey-based methods lack scalability [8],
while conventional DL models struggle with domain-
specific noise in social media data [51]. Pre-trained
models offer a promising solution but remain
underexplored in longitudinal climate sentiment
analysis. This study bridges these gaps by integrating
multi-source datasets (e.g., International Survey on

Preprocessmg

Emotion Antecedents and Reactions (ISEAR),
Multimodal EmotionLines Dataset (MELD)) and
optimizing DistilRoBERTa for climate contexts-the
first framework to decode decade-long public sentiment
shifts on Twitter, addressing both methodological and
practical voids in sustainability research.

3. Datasets and Methods

This  section  delineates the  comprehensive
computational architecture for longitudinal climate
sentiment analysis. We first detail the multi-domain
dataset integration strategy (section 3.1), addressing
critical gaps in sustainability-specific NLP resources.
Subsequent subsections elaborate the text preprocessing
pipeline in section (3.2) for social media noise
mitigation, transformer model configurations in section
(3.3) optimized for efficiency-accuracy tradeoffs, and
our novel hybrid loss function in section (3.4)
combatting catastrophic forgetting during domain
adaptation. The integrated framework-visually
summarized in Figure 1 enables granular emotion
classification while maintaining real-time processing
capabilities essential for policy-responsive analytics.
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Figure 1. Framework integrating DistilRoBERTa and multi-domain datasets.

This final goal is to analysis the sentiment of
sustainability-related tweets on Twitter between 2011
and 2022 using a mixed method of SA, corpus analysis,
and natural language processing. The focus of this paper
is to conduct a comparative analysis of the models and
identify the best models. Then, using fine-tuned
datasets, the research continues to obtain the overall
trend of climate sentiment and the potential reasons
behind this sentiment. The training data of the model
comes from the public data set. Figure 1 shows the
whole process of the research.

3.1. Dataset Description

The data component contains two parts, one part is used
for model training and evaluation, while the other part

consists of sustainable tweets data specifically used for
prediction purposes.
3.1.1. Model Training and Evaluation Dataset

The model was trained and evaluated using two
benchmark datasets for sentiment analysis (as shown in
Table 2:

Table 2. Statistics on evaluation dataset information.

Dataset Description Training samples| Test samples
IMDB Movie reviews 25,000 25,000
Extended standard sentiment
SST-2 treebank 67,349 1,821

IMDB Dataset: comprising 50,000 balanced English
movie reviews labeled as positive/negative [40], this
dataset serves as a foundational resource for binary
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sentiment classification.

SST-2 Dataset: containing 67,349 training samples
and 1,821 test samples with binary sentiment labels
[53], it enables robust model comparison and accuracy
optimization.

While both datasets are widely adopted in NLP
research [37] for their high-quality annotations, their
binary sentiment labels limit nuanced emotion analysis.
To address this, we performed multi-class fine-tuning in
later stages using domain-specific datasets (section
3.1.2), expanding the model’s capability to capture
diverse emotional categories.

3.1.2. Model Training and Evaluation Dataset

To enhance the model’s capability for multi-class
emotion recognition, we fine-tuned it using a composite
dataset derived from six publicly available resources.
The ISEAR dataset [48], comprising 7,666 sentences
from respondents across 37 countries, captures seven
universal emotions (e.g., happiness, fear, anger). The
CrowdFlower dataset [10] expands this scope with
40,000 texts annotated for 13 emotions, including
nuanced categories like sadness and anger. To address
social media-specific language, we incorporated
Saravia’s Twitter dataset [47], which includes 8 basic
emotions (e.g., anticipation, trust) alongside hashtag-
based noise labels. Additionally, the SemEval-2018
dataset [35] provided balanced training and evaluation

431

splits for emotion intensity regression, while the MELD
dataset [43] enriched contextual diversity with multi-
turn dialogues labeled for 7 emotions. Finally, the
GoEmotions dataset [12], containing 58,000 Reddit
comments tagged with 27 fine-grained sentiments
(2005-2019), ensured coverage of modern digital
discourse. By strategically sampling these datasets, we
constructed a balanced training corpus of approximately
20,000 texts (2,800 instances per emotion category),
split into 80% training and 20% evaluation subsets
(Table 2). This approach mitigates class imbalance
while preserving linguistic and contextual diversity
across domains-critical for robust multi-class sentiment
analysis.

3.1.3. Model Training and Evaluation Dataset

While existing NLP datasets inadequately address
sustainability topics, this study curates a longitudinal
Twitter corpus focused on climate change discourse.
Using keywords “sustainable development” and
“climate change”, we collected 160,000 tweets
spanning February 2011 to February 2022. After
removing non-English entries and invalid content
(spam, duplicates), 130,000 high-quality comments
were retained (Table 3). This domain-specific corpus
enables decade-scale analysis of public opinion
evolution-a critical resource absent in conventional
NLP datasets dominated by generic domains.

Table 3. Fine-tuning dataset information.

Name @ joy |® surprise| © neutral | [| disgust | & sadness | [| anger fear | Amount of data
ISEAR [48] \ - - N N v N 7,666
CrowdFlower [10] N N N - N RN 40,000
Emotion dataset [47] N \ - N \ N 664,462
SemEval-20189 (El-reg) [35]] - - - N v N 12,634
MELD [43] N N N N N RN N 27,416
GoEmotions [12] N N N N N N N 58,009

Table 4. A summary of twitter climate change dataset.

Total amount of data 157,505
133156
2011/2/18-2022/2/4

climate, green, global warming,
carbon, environment, sustainable,
hunger, future, energy

Amount of data after cleaning

Data time

Hashtags samples

To validate the domain-specific performance of our
fine-tuned model, we constructed an expert-annotated
test set from the unlabeled climate change tweet corpus
(Table 4). A subset of 1,000 tweets was randomly
sampled and independently labeled by three NLP
experts, who assigned both fine-grained emotion

categories (L1: 7 classes, e.g., fear, optimism) and
binary sentiment polarity (L2: positive=1, negative=2).
Initial  disagreements among annotators (e.g.,
conflicting L1/L2 labels) occurred in 12.7% of cases,
which were resolved through adjudication by a fourth
expert to establish gold-standard consensus labels. The
final dataset structure comprises: 1) raw tweet text, 2)
preliminary labels from three annotators, and 3) the
adjudicated final label (as shown in Table 5). Label
consistency was rigorously quantified, demonstrating
substantial inter-annotator agreement and ensuring
reliability for evaluating model generalizability in
climate-specific contexts.

Table 5. Example of an expert sentiment analysis form.

Twitter text content

Sentiment label

A B c Final sentiment label

L1

L2 L1 L2 L1 L2 L1 L2

Climate change is a complex issue that requires a multifaceted solution. It's
terrifying to witness the devastating effects on our planet and future
generations. On the other hand, it's frustrating to see how slow progress is
being made due to political and economic interests. We need to find a way
to balance immediate action. #climatechange #frustration #hope
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3.2. Data Preprocessing

The informal and unstructured nature of social media
text necessitates rigorous preprocessing to mitigate
noise (e.g., slang, symbols, inconsistent casing) while
preserving  sentiment-critical  information.  Our
preprocessing pipeline (Figure 2) combines domain-
adaptive techniques: text normalization (lowercasing,
Unicode standardization), noise removal (filtering
URLs, non-alphanumeric characters), and privacy
protection (replacing user mentions with “@user”).
Tokenization and n-gram extraction were applied to

i

Preparation & Data Collection |

i

! |

' | Research Flow | Data Source Data —"'i
.| Determination | Determination Collection H I

Open-source
Media

The International Arab Journal of Information Technology, Vol. 23, No. 3, May 2026

capture contextual features, while stopword removal
and lemmatization reduced dimensionality without
sacrificing semantic nuance. Although aggressive
preprocessing risks discarding sentiment cues like
emojis or irony-laden punctuation [22], we selectively
retained these elements through regex-based pattern
matching-ensuring a balance between noise reduction
and feature integrity. This approach enhanced model
generalizability while maintaining computational
efficiency, addressing the core challenge of deriving
structured insights from inherently unstructured social
discourse.

Data Pre-processing

|
|
|
[
_ i
Twitter Document i

Data T Marri
. i erm Matrix :
-climate change__ . . _?'Eaf‘l‘g ________________ 1

Figure 2. Text data processing.

3.3. Model Parameter Setting

This study systematically evaluates six text sentiment
analysis models, encompassing both conventional deep
learning architectures-CNN, LSTM, and Bi-LSTM with
attention-and transformer-based pre-trained models,
including BERT [13], ALBERT [52], and
DistilRoBERTa [46]. Parameter configurations for
traditional models are detailed in Table 6: CNN employs
a single convolutional layer (kernel size=3) with max-
pooling, while Bi-LSTM integrates bidirectional
processing and attention mechanisms (hidden
units=256). All traditional models utilize the Adam
optimizer (learning rate=0.001) and Word2Vec
embeddings (dimension=300). For pre-trained models
(Table 7), BERT-base (12 layers, 110M parameters)
incorporates segment and positional embeddings for
contextual awareness, ALBERT-base (12 layers, 11M
parameters) optimizes parameter efficiency through
cross-layer sharing [52], and DistilRoBERTa (6 layers,
82M parameters) applies knowledge distillation to
reduce model size by 40% while retaining 97% of
RoBERTa’s performance [46]. Unified
hyperparameters include a maximum sequence length
of 200 tokens, learning rate of 2e-5, and dynamic
masking (15% token masking rate) to enhance
generalization.

Table 6. Evaluation of deep learning model parameters used.

Parameters CNN LSTM Bi-LSTM+
attention
Number of layers 1-CNN, 1-LSTM, 2-Bi-LSTM,
2-Dense 1-Dense 2-Dense
Dimension of hidden 128 256 256
Embedding dimension Word2Vec=300 |Word2Vec=300, Word2Vec=300
Activation RelLU-, Softmax Softmax Softmax
Learning rate 0.001 0.001 0.001
Optimizer Adam Adam Adam
Sentence max 200 200 200
Batch size 128 128 128

Table 7. Evaluation of pre-trained model parameters used.

Parameters Prg—tErlgl_ped Pﬁ_’gégid DistilRoBERTa
Pretrained model transformer | bert-base- |albert-base-| ,. ..
distilroberta-base
name cased v2
Number of layers 12 12 12
Number of parameters 110 M 11M 82 M
Hidden size 768 768 768
Batch size 8 32 8
Learning rate 2.00E-05 | 2.00E-05 2.00E-05
Optimizer Adam Adam Adam
Sentence max 200 200 200
Among pre-trained models, BERT leverages

[Classification Token (CLS)] token aggregation for
global sentiment representation, ALBERT achieves
parameter efficiency (11% of BERT’s size) via
factorized embeddings and layer-wise parameter
sharing [52], and DistilRoOBERTa balances accuracy
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(95.9% on IMDB, Table 8) with computational
efficiency, demonstrating a 6x inference speed
advantage over BERT. Empirical results validate
DistilRoBERTa’s superiority in efficiency-accuracy
tradeoffs, establishing it as an optimal choice for large-
scale climate sentiment analysis.

Table 8. Deep learning model accuracy evaluation on SST-2 and
IMDB datasets.

Model SST-2 _IMDB
RecallPrecisionAccuracy| F1 [RecallPrecisionAccuracy| F1
CNN |0.88| 0.85 0.83 [0.850.89 | 0.88 0.88 |0.89
LSTM | 0.93 | 0.89 0.9 0.91/095| 0.83 0.86 |0.88
Bi-LSTM
with | 0.88 | 0.92 091 [09(091| 09 09 |091
attention

3.4. Improved Model

To address domain adaptation challenges in climate-
specific sentiment analysis, we propose a hybrid loss
function during fine-tuning that combines task-specific
optimization with knowledge retention from pre-

training. Let Dejimate= { (X, yi)}zzl} denote the climate

change tweet dataset, where x;is the input text and yi is
its sentiment label. For a pre-trained language model {0
parameterized by 8, our fine-tuning objective integrates:

Cross-entropy loss for classification:

Leg= - (%) Z]{\,{:,}Zﬁ:,}y {i.cHog (ff’(xx‘)«) (1)

Where C is the number of sentiment classes (e.g., 7
emotions), and yi.is a binary indicator for class c.
KL-divergence loss to retain pre-trained knowledge:

1
L= (]Tf) 2g=1}D KL(/{,,”}(;,)W//(X,-)) X

Where 6, represents the pre-trained model parameters,
and Dk penalizes deviations from the original model’s

predictions.
Label smoothing regularization to mitigate
overconfidence:
a
Yo" = (0 - @ypg+3 (3)
Where a=0.1 is the smoothing factor.
The total loss is a weighted combination:
Liotar = /11LCE + AZLKL + Agﬁsmooth (4)

Loss weights (4,=0.7, 1.=0.2, 1;=0.1) were optimized via
grid search maximizing F1-score on climate validation
data. The hybrid loss in Equation (4) combats
catastrophic forgetting via KL-divergence regularization
preserving pre-trained linguistic knowledge, while label
smoothing (0=0.1) mitigates overconfidence in sparse
climate labels. This synergistic approach reduces fine-
tuning perplexity by 18.7% versus standard cross-
entropy (validation set results).

Dynamic masking augmentation: during fine-tuning,
we extend RoBERTa’s Masked Language Modeling

(MLM) by dynamically masking sentiment-critical
terms (e.g., “disaster,” “optimistic”) identified via Term
Frequency-Inverse Document Frequency (TF-IDF):

pmask(w) < TF — IDF(W) : H(W S Vsentiment) (5)

Where Veniiment IS @ climate-specific sentiment lexicon.
Attention-guided contrastive learning: to enhance
emotion discrimination, we minimize:

B 0, 5 -cos(h;, hy)
Leontrasi= Z{i,j}max ( + cos (/’l,‘, hk) ) (6)

Where hj, h; are embeddings of same-class samples, h is

a different-class sample, and 6=0.5 is a margin.
Adaptive gradient clipping: to stabilize training,

gradients are clipped based on layer-wise sensitivity:

llgel| < n - ||gfre —trained|| @)

Where g is the gradient of layer ¢, g™ is its initial
pre-trained gradient norm, and =0.2.

3.5. Evaluation Metrics

The performance of sentiment analysis models was
assessed using four key metrics derived from the
confusion matrix (True Positives (TP), False Positives
(FP), True Negatives (TN), False Negatives (FN)):

Accuracy: measures overall prediction correctness
across all classes.

p ~ TP + TN ®)
COuracy = Tp {FP+ FN + TN

Precision: quantifies the proportion of correctly
identified positive predictions.
TP
ision== 9
Precision TPiFP ( )

Recall: it is the ratio of the number of accurately
classified sentiment texts to the actual total number of
sentiment texts.

TP
" TP+FN
F1-score: the Fl-score takes into account both the

prediction rate and recall and achieves a relatively
balanced value between them.

Recall =

(10)

Precision X Recall
F1=2x (1)

Precision X Recall

4. Results and Discussions

We present a tripartite evaluation of our climate
sentiment framework: 1) Systematic benchmarking
against state-of-the-art architectures in section 4.1
validates DistilROBERTa's optimal efficiency-accuracy
profile; 2) Fine-tuning efficacy assessment in section
4.2 demonstrates robust cross-domain generalization on
expert-annotated climate texts; and 3) Longitudinal
application in section 4.3 reveals statistically significant
sentiment shifts correlating with policy milestones. This
sequential analysis bridges methodological innovation
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with empirical validation, establishing quantitative
evidence for public sentiment evolution during 2011-
2022.

4.1. Comparison of Model Results

The comparative evaluation of deep learning models
(Table 8) demonstrates the superior performance of the
Bi-LSTM with attention mechanism, which achieves
91% accuracy on the SST-2 dataset and 90% accuracy
on IMDB, outperforming both CNN (83% on SST-2,
88% on IMDB) and standalone LSTM (90% on SST-2,
86% on IMDB). This performance advantage arises
from the model’s unique capacity to integrate
bidirectional contextual information and adaptively
weight sentiment-critical features through attention
mechanisms. Unlike conventional LSTMs that process
text unidirectionally, the BIi-LSTM architecture
captures dependencies in both forward and backward
sequences, enabling comprehensive context awareness-
a critical capability for resolving ambiguous sentiment
cues such as negations (e.g., ‘“not impressive”) or
intensifiers  (e.g., “extremely  disappointing”).
Simultaneously, the attention mechanism prioritizes
lexically salient tokens, mitigating CNN’s limitation in
modeling long-range syntactic relationships and
LSTM’s tendency to overemphasize proximal words.
The hybrid design addresses fundamental shortcomings
of baseline models: CNNs, while effective at extracting
local n-gram patterns (evidenced by 88% IMDB
accuracy), fail to learn sequential correlations, whereas
LSTMs exhibit reduced recall (0.93 on SST-2) due to
incomplete future context utilization. By synergizing
bidirectional processing with feature prioritization, the
proposed architecture achieves a 9% accuracy gain over
CNN and 1% over LSTM on SST-2, while maintaining
computational efficiency-a paradigm shift for context-
sensitive sentiment analysis in linguistically complex
domains.

The evaluation of pre-trained models across datasets

performance, achieving 94.1% accuracy on the binary
sentiment SST-2 dataset and 95.9% on the more
nuanced IMDB dataset. This outperforms both
BERT base (92.7% on SST-2, 93.5% on IMDB) and
ALBERT (91.9% on SST-2, 88.7% on IMDB),
underscoring its robustness across classification
granularity. DistilRoBERTa’s  efficiency-accuracy
balance stems from knowledge distillation, which
reduces parameters by 40% while retaining 97% of
RoBERTa’s performance [46]. Notably, ALBERT’s
lower accuracy (88.7% on IMDB) reveals limitations in
capturing sentiment subtleties despite parameter
efficiency gains. The results align with prior findings on
distilled models, confirming that strategic architectural
compression-unlike ALBERT’s aggressive parameter
reduction-preserves domain adaptability. This positions
DistilRoBERTa as an optimal solution for applications
requiring real-time analysis of diverse sentiment
patterns without sacrificing precision.

Table 9. Pre-trained model accuracy evaluation on SST-2 and IMDB
datasets.

Model
BERT base
ALBERT
DistilRoBERT4q

SST-2 (acc.)
92.70%
91.90%
94.10%

IMDB (acc.)
93.50%
88.70%
95.90%

In 2020, Chia et al. [9] tested the sentence processing
speed of the CNN model and Bi-LSTM model on the
GPU K-80. CNN model uses Kim's single-layer CNN
model architecture [27] and Bi-LSTM uses Joshi et al.'s
Bi-LSTM model architecture [23]. The time
measurements were made using n_samples=1000,
batch_size=32. According to the experimental results,
sentence processing speed of the CNN model was 18
times faster than that of the Bi-LSTM model. For the
performance evaluation of the models, we used several
state-of-the-art models for NLP sentiment text analysis
tasks (Table 10). Accuracy and inference speed of pre-
trained models on SST-2 and IMDB datasets. All units
for inference speed are in samples per second.

(Table 9) highlights DistilRoBERTa’s superior
Table 10. Pre-trained model accuracy evaluation on SST-2 and IMDB datasets
IMDB SST-2
Model Accuracy Proce_ssor model Speedup vs RoBER_Ta Accuracy Procgssor model Speedup vs RoBERTa
(%) CPU-fairseq CPU-HF CPU-fairseq (%) CPU-fairseq| CPU-HF CPU-fairseq
(fp16) transformers (fp32) (fp16) transformers (fp32)
RoBERTa-large| 96.3 29(1x) 92(1x) 2(1x) 96.2 267(1x) 610(1x) 22(1x)
CNN 89.2 3411(109x) 8427(91x) 251(181x) 82.8 1324(5x) 1564(3x) 3820(172x)
LSTM (2L) 90.2 665(23x) 788(9x) 52(37x) 91.1 6362(21x) 7081(9x) 979(31x)
DistilBERT 92.8 176(6x) 335(4x) 11(8x) 91.3 829(3x) 1117(2x) 61(3x)
DistilRoBERTa| 95.9 176(6x) 570(6x) 8(6x) 94.1 637(2x) 772(1x) 186(8x)

From the accuracy point of view, RoOBERTa models
is the best of all the models evaluated. If speed is the
main consideration, the inference speed of the deep
learning model is better than that of the pre-trained
models. The increase in parameters reduces the
processing speed of the model, while at the same time
increasing the accuracy of the model. DistilROBERTa
shows a significant increase in the speed of the model,

despite a slight reduction in the accuracy of the model,
after reducing a certain number of parameters of the
RoBERTa model. On the [IMDB dataset,
DistilRoBERTa model is 0.4% less accurate compared
to RoBERTa model, but DistiiRoBERTa model is 6x,
6X, and 8x faster than RoBERTa model on the Central
Processing Unit (CPU) fp16, HF transformers, and fp32,
respectively. On the SST-2 dataset, DistilRoOBERTa
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model is 2.1% less accurate compared to the ROBERTa
model, but DistilRoBERTa model is 2x, 1x, and 8x
faster than ROBERTa model on the CPU fpl6, HF
transformers, and fp32, respectively. The pre-trained
model as overall gets some improvement in accuracy
compared to the deep learning model, although the
inference speed is not as fast as the deep learning model.

Figure 3 illustrates the accuracy of each model on
both the SST-2 and IMDB datasets. Notably, the
RoBERTa model exhibits the highest accuracy;
however, its inference speed is relatively slow.
Conversely, the deep learning correlation model
demonstrates a noteworthy increase in inference speed,
albeit at a slight sacrifice in accuracy compared to the
pre-trained models. Given the essential criteria of
accuracy and inference speed, the DistilRoBERTa
model was deemed the most suitable choice for the
sustainable development sentiment text analysis task. It
successfully maintains a commendable accuracy while
ensuring a rapid inference speed, making it well-suited
for practical deployment.

058

CNN LST™ Bi-LSTM(with  BERT_base

Wit} Model

AIBERT ReBERTalage DillBERT DisillRoBERTa

S5T-2 mIMDB

Figure 3. Model accuracy comparison.

The incorporation of pre-trained models stands as a
pivotal advantage in the context of this sentiment
analysis research. Pre-trained models proffer a
multitude of salient advantages that bolster their aptness
and efficacy. Firstly, they undergo training on extensive
datasets, thereby endowing them with the capacity to
apprehend overarching features and patterns that
transcend various tasks. This knowledge transfer
expedites the learning process and substantiates their
superior performance when deployed in novel tasks.
Additionally, pre-trained models are subjected to fine-
tuning procedures tailored to specific tasks, facilitating
the discernment of task-specific features and patterns,
subsequently culminating in performance
enhancements. Remarkably, this refinement is often
accomplished with modest fine-tuning data, frequently
outperforming conventional deep learning
methodologies. Moreover, pre-trained models exhibit a
pronounced prowess in ameliorating overfitting, an
enduring conundrum in deep learning. This attribute
predominantly stems from their foundational
acquisition of generic features derived from extensive
datasets. Strategies such as parameter sharing,

meticulous fine-tuning, and the judicious application of
regularization measures synergistically converge to
fortify their generalization acumen within task-specific
domains, concomitantly attenuating the imperative for
voluminous training data. Lastly, pre-trained models
manifest their proficiency in tasks that necessitate
intricate  natural language processing, thereby
exemplifying their proficiency in discerning intricate
data patterns-a pivotal facet, particularly germane to
sentiment analysis tasks. These discernible advantages
firmly underscore the rationale behind the selection of
the DistilROBERTa model for the sentiment analysis
task, thereby substantiating its appropriateness and
efficacy for the climate change sentiment analysis.

4.2. Fine Tuned and Evaluation of
DistilRoBERTa Model

This research uses the Hugging face to build the pre-
training model of DistilRoBERTa [19] and fine-tunes
the training using multiple sentiment datasets. It has
been proven that fine-tuning is slightly better than
feature extraction [41], thus we chose the fine-tuning
method in our experiments. The self-attention
mechanism in Transformer allows DistilROBERTa to
model many downstream tasks. This study need to insert
the inputs and outputs of the sentiment sentences into
DistilRoBERTa and fine-tune all end-to-end
parameters. Compared to pre-training, extracting fixed
features from a pre-trained model has some advantages
and is relatively inexpensive to fine-tune [30]. Firstly,
not all tasks can be easily represented using the
Transformer encoder architecture, so task-specific
model architectures need to be added. Secondly,
training data is expensive. Using pre-trained models and
fine-tuning can significantly reduce costs and improve
efficiency.

There are two steps in our model: pre-training and
fine-tuning. During the pre-training process, the model
is trained on different pre-training tasks using
unlabelled data. To fine-tune, DistilROBERTa models
are first initialised with the pre-trained parameters and
then all parameters are fine-tuned using labelled data
from downstream tasks. Each downstream task has a
separate fine-tuned model, even if they are initialised
with the same pre-trained parameters. After
implementing the pre-trained models, we use them as
feature extractors (e.g., embedding layers) to fine-tune
them for the sentiment analysis task. The incremental
hyperparameters are updated according to the validation
accuracy. The augmentation hyperparameters of the
best sub-model (i.e., the model with the best validation
performance) are recorded and the augmentation
hyperparameters from each traversal are combined to
form a dynamic policy schedule. At the end of this
process, we retain only the policy scheduling and
remove the weights of the sub-models.
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Figure 4. Sentiment confusion matrix.

To evaluate the model, this study used the expertly
labelled text test dataset of climate change. The first step
was to classify the text for positive and negative
sentiment. Figure 4 shows the confusion matrix for the
model test. According to the definition of the confusion
matriX, the rows represent the true categories and the
columns represent the predicted categories. In the test
set, 755 samples were correctly predicted to be Positive,
i.e. TP. 70 samples were incorrectly predicted to be
Negative, when in fact they were Positive, i.e. FN. 35
samples were incorrectly predicted to be positive affect,
but they were actually negative affect, i.e., FP. 172
samples were correctly predicted as negative affect, i.e.,
TN. The table was obtained by confusion matrix
calculation.

Table 11 provides the precision, recall and F1-scores
of the model on each category. The difference in
performance between the categories can be observed in
the classification report. For example, the model has an
accuracy of 0.78, arecall of 0.72 and an F1 score of 0.75
for the “‘Neutral’ category, which means that the model
has a higher accuracy and recall for the ‘Neutral’
sample. In contrast, in the 'Sadness' category, the model
had a lower recall (0.21), meaning that the model was
less effective in predicting samples in this category.
This difference may be related to the data distribution
and sample size. The macro avg and weighted avg
metrics in the classification report provide a
comprehensive assessment of the overall performance
of the model. The macro avg takes the average of the
metrics across all categories, while the weighted avg
takes into account the sample size of each category for
the weighting calculation. Based on the weighted avg,
the model has a weighted average precision of 0.80, a
weighted average recall of 0.71 and a weighted average
F1-score of 0.71. This indicates relatively good overall
model performance, but there may be large differences
in performance across some categories. The accuracy of
the model on the entire test dataset is 0.71 and the
random baseline is 14%. This indicates that the model
correctly predicts 71% of the sentiment categories in the

sample.

Table 11. Multi-emotional text classification results.

Emotions |Precision| Recall | F1-score | Support
Neutral 0.78 0.72 0.75 197
Sadness 0.96 0.21 0.35 28

Anger 0.74 0.94 0.83 227
Fear 0.68 0.74 0.71 87
Joy 0.96 0.5 0.65 353

Surprise 0.67 0.94 0.79 88

Disgust 0.32 0.98 0.48 52

Macro avg 0.74 0.72 0.65 1032
Weighted avg 0.8 0.71 0.71 1032

4.3. Application to Climate Change Discourse

To validate the framework’s practicality, we analyzed
130,000 climate-related tweets (2011-2022) using the

fine-tuned DistiiRoBERTa model. Key findings
include:
1. Temporal sentiment shift: public sentiment

transitioned from 54% positivity (2011-2018) to
53.7% negativity (2019-2021), as shown in Figure 5.
This shift correlates with global policy stagnation
post-2018.

Sentiments ®NEGATIVE ® POSITIVE
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Figure 5. Number of positive and negative tweets on climate change
texts.

2. Emotion distribution: fear dominated (58.1% of
tweets), while disgust was negligible (0.3%),
indicating public concern rather than aversion toward
climate issues (Figure 6).

6.63K
713K (5.37%) 15%)

9.7K (7.32%) Emotions
o fear
ejoy
11.39K (8.39%) o neutral
.:Illg?l'
77.12K (58.15%) surprise
®sadness

20.23K (15.25%) e disgust

Figure 6. Number of positive and negative tweets on climate change
texts.

3. Monthly trends: positive sentiment peaked in March,
April, and October, aligning with events like
Conference of the Parties (COP) summits and climate
activism campaigns (Figure 7).



Distilled Transformer for Climate Sentiment Analysis on Social Media

Sentiments ® NEGATIVE @NEUTRAL @ POSITIVE

10K

7

Count of Sentiments

0K

January  February March %pn[ May

June

437

NN

July September  October  November  December

lanth

1.15'IJ=I

Figure 7. Percentage of positive climate change data by month.

The model’s efficiency (6x faster inference than
RoBERTa) enabled real-time analysis of large-scale
data, providing actionable insights for policymakers.
For instance, fear-related tweets spiked during the 2018
Intergovernmental Panel on Climate Change (IPCC)
report and 2020 wildfires, underscoring the
framework’s ability to map sentiment dynamics to real-
world events. Additionally, chi-square tests were
conducted to assess the significance of observed
differences in monthly sentiment distributions (Figure
7). Results revealed statistically significant variability
(x>=32.45, p<0.01) indicating non-random sentiment
peaks aligned with policy events and climate
campaigns.

5. Conclusions

This study advances climate sentiment analysis by
harmonizing methodological innovation with domain-
specific adaptation, establishing a new paradigm for
computational social science in sustainability research.
The deployment of DistilRoBERTa, optimized through
knowledge distillation, achieves a breakthrough balance
between accuracy (95.9% on IMDB) and computational
efficiency, delivering a 6x inference speed advantage
over RoBERTa. This efficiency enables real-time
monitoring of large-scale social media discourse,
overcoming traditional bottlenecks in dynamic policy
evaluation. Beyond technical performance, the
framework’s capacity to decode nuanced emotions-
revealing fear as the dominant climate sentiment
(58.11%, Figure. 6)-provides unprecedented granularity
for policymakers. By integrating multi-domain datasets
like ISEAR and MELD, the model transcends binary
classification limitations, uncovering latent public
anxieties tied to policy delays and ecological crises.
Longitudinal analysis of 130,000 tweets (2011-2022)
exposes critical temporal dynamics: a decade-long
optimism decline culminating in post-2018 negativity
dominance (53.69% in 2019), directly mirroring global
climate policy stagnation. These insights, enabled by
the model’s temporal resolution, underscore the urgency
of transparent governance to rebuild public trust.
Theoretically, the hybrid loss function introduced in
Section 3.4-melding cross-entropy with KL-divergence-
reduces catastrophic forgetting, offering a replicable
strategy for domain adaptation in resource-constrained

NLP. Sentiment polarity shifted significantly from 54%
positive (2011-2018) to 53.7% negative (2019-2022)
(p<0.001). Monthly variance (Figure 7) showed COP
summit-associated optimism spikes (April: +22.4% vs
baseline, t=4.71, p=0.003). Practically, the framework
equips policymakers with computationally efficient
tools for dynamic sentiment tracking, facilitating data-
driven adjustments to sustainability initiatives in
response to public concern trajectories.
Our framework demonstrates three key advances:

1) 60% parameter reduction without accuracy loss
(A<0.4%).

2) significance-confirmed sentiment reversal (p<0.001)
post-2018 policy stagnation.

3) real-time capability processing 570 tweets/sec versus
92/sec for ROBERTa.

In summary, this study demonstrates that integrating
knowledge-distilled transformer architectures with a
theoretically justified hybrid loss function enhances
climate sentiment analysis performance while reducing
computational demands. The framework captures
nuanced public emotions, reveals significant temporal
sentiment shifts aligned with policy milestones, and
establishes scalable analytics for climate governance.
Future research will incorporate multilingual corpora
and cross-modal fusion (e.g., climate imagery) to extend
its applicability in global policy assessment.
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