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ABSTRACT Article information:
Gauging public sentiment toward climate policy from information-rich
news headlines remains challenging for conventional text classi�cation ap-
proaches. Conventional sentiment analysis tools miss contextual subtleties
in brief headlines, whereas deep learning models capture the public percep-
tion more accurately. The proposed work presents hybrid Convolutional
Neural Network (CNN) and Bidirectional Long Short-Term Memory (BiL-
STM) model that uses combination of GloVe and BERT embeddings with
an attention layer for sentiment analysis of climate change news headlines.
The novelty of this research lies in the use of GloVe and BERT embed-
dings through a multi-stage fusion strategy and an attention mechanism
to enhance text classi�cation performance in a hybrid model. The ar-
chitecture employs a hierarchical layering approach to fuse static GloVe
embeddings with dynamic, contextualized BERT representations through
attention modules that enables the network to selectively focus on salient
features. To further model complex semantic dependencies, the design in-
corporates parallel CNN-BiLSTM branches, structured with residual con-
nections and bolstered with additional layers of attention. Evaluated on
1,023 climate-related headlines annotated on a three-point polarity scale,
the proposed model achieves an accuracy of 80.47%, outperforming classi-
cal baselines (SVM, Naive Bayes, K-NN) and single branch deep networks
(CNN:78.63%, BiLSTM:78.36%). The predictive accuracy of the hybrid
model is evaluated using a paired t-test to determine whether the di�er-
ence between models is statistically signi�cant; this is con�rmed by reject-
ing null hypothesis and accepting alternate hypothesis.This study demon-
strates that compact, domain-adaptive deep learning models incorporating
contextual embeddings and attention mechanisms that can e�ectively ex-
tract sentiment from news headlines, o�ering scalable, evidence based tools
for tracking climate discourse and information policy decisions.
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1. INTRODUCTION

Sentiment analysis is vital for understanding pub-
lic perceptions of climate change, primarily through
news headlines [5][13]. Social media speci�cally X
(formerly Twitter), provide a unique opportunity to
understand the public sentiments on societally rele-
vant topics such as environmental challenges and cli-
mate change. Mi and Zhan (2023) show that senti-
ment analysis of X posts related to climate change
reveals predominantly negative sentiment among op-
ponents, while supporters primarily express fear con-

cerning extreme weather. [5] found that news head-
lines exhibit positive correlation between sentiments
related to �low carbon� and �electric cars,� highlight-
ing media's role in shaping public perceptions. Sen-
timent Analysis using traditional methods, such as
lexicon-based systems, often misses contextual nu-
ances [21]. In this research study, a dataset of over
1,000 climate-focused news headlines was taken from
Kaggle is used to train a CNN-BiLSTM model for
accurate sentiment classi�cation, with the aim of
informing environmental policy and enhance pub-
lic awareness. The Dataset, consisting of climate-
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focused news headlines with sentiments ranging from
negative to positive, is well - suited for sentiment clas-
sification. This study aims to evaluate the proposed
model’s effectiveness in handling context-rich texts,
uncovering media narratives, and interpreting pub-
lic sentiment dynamics to support informed policy-
making.

From an academic and methodological perspec-
tive, climate change sentiment analysis is used inter-
disciplinary research across environmental communi-
cation, sociology, psychology, and data science. The
model leverages advanced computational methods
such as BiLSTM networks, demonstrating method-
ological innovation and expanding research capabil-
ities in data analysis and natural language process-
ing (NLP). Ongoing sentiment monitoring provides
longitudinal data, allowing researchers and policy-
makers to identify evolving public attitudes, emo-
tional shifts, and responses to climatic events or in-
ternational negotiations [13]. Consequently, senti-
ment analysis emerged as a comprehensive analyti-
cal framework that supports effective climate commu-
nication, strategic policymaking, and sustained aca-
demic inquiry.

Sentiment analysis has evolved from conventional
machine learning approaches to highly develop deep
learning techniques, each offering varying degrees of
accuracy and contextual insight. In contrast, deep
learning architectures, such as CNNs, LSTM, BiL-
STM, and Transformers models (e.g., BERT) have
recently been employed to capture varied complexi-
ties and subtle nuances of the human language [14].
BiLSTM models are particularly effective for senti-
ment analysis because they read process text in both
forward and backward directions, thus making the
comprehension of context richer and allowing better
capture of finely-nuanced expressions of sentiment.
The hybrid CNN-BiLSTM model can be enhanced
by fusing contextual embeddings such as GLoVE and
BERT, along with the introduction of attention mech-
anisms at multiple layers.

The research goal is to apply and compare machine
learning models (SVM, NB, k-NN) and deep learning
models (CNN, BiLSTM) for sentiment classification.
These models will be compared based on standard
performance measures to the proposed hybrid CNN-
BiLSTM model, which is built with enhanced contex-
tual accuracy.

2. RELATED LITERATURE

The evolution of sentiment analysis from rule-
based lexicons to context-aware deep neural architec-
tures, early systems would rely on curated dictionar-
ies exemplified by SO-CAL, which uses an approach
to polarity assignment based on manually annotated
lexical entries. VADER extended this approach with
valence-shifting heuristics which have proven effec-
tive across various forms of social media, includ-

ing stock-market tweets [20]. Similarly Text Blob
repackaged resources to support business intelligence
[16]. Although lexicon–based methods are portable
and require no training, they suffer from such well-
known limitations such as sarcasm, negation scope,
and domain-specific jargon, which have prompted a
shift toward supervised approach. Comparative stud-
ies indicate that SVMs achieve higher accuracy than
Random Forests on generic benchmarks datasets [23]
.In domain-specific analysis, Näıve Bayes performs
more superior than SVMs and k-NN baselines. Fur-
thermore, methodological improvements to the like
k-NN with advanced distance metrics, have even out-
performed the classical configurations of SVM [19].

Climate change leads to rising temperature, melt-
ing of ice, extreme meteorological conditions, and sea-
level rise [23]. Sentiment analysis of climate discourse
provides a critical lens through which public emo-
tion is sifted-and that emotion can vary from fear,
scepticism, and optimism-to direct moral support or
withdrawal from mitigation and adaptation policies.
Analysts examine news articles and digital utterances
to identify prevalent affective patterns [11], promote
targeted messaging and behavior change [24] and to
assess whether the collective psyche is ready, reluc-
tant or resisting a set of interventions [4]. In addition
to revealing media framing starting ranging from bias
to sensationalism [26] sentiment analysis also desig-
nates how to carry out responsible journalism as well
as advocacy approaches thus, the more they know
about the media, the better equipped will be the or-
dinary citizens in recognizing disinformation and con-
tributing positively to it [12]. From a methodological
standpoint, climate-sentiment are grounded in com-
munication, sociology, psychology, and data sciences,
utilizing deep models such as BiLSTM to correctly
contextualize and provide a longitudinal view of the
shifting attitudes in relation to climatic events and
negotiations [13]. Hence, sentiment analysis offers a
multi-disciplinary framework for climate communica-
tion in real-time, the formulation of evidence-based
policies, and ongoing academic research.

Traditional sentiment analysis methods struggle
with contextual nuance and sequential meaning [27].
Lexicon-based methods rely on fixed dictionaries that
fail to capture evolving language use, whereas clas-
sifiers such as SVM and Näıve Bayes are primarily
based on shallow statistical features [28]. In climate-
related tweet analysis, lexicon-based baselines such
as SentiWordNet achieved only 36.1% accuracy on
raw text, whereas hybrid approaches combining Text
Blob with Logistic Regression attained an F1-score
of 75.3% [29]. Because climate discourse embeds do-
main specific, context sensitive language, more ex-
pressive models are essential [20].

Recent advances in Deep Learning have consider-
ably widened the performance gap. Convolutional
Neural Networks (CNNs) capture local n-gram fea-
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tures, while Bidirectional Long Short-Term Memory
(BiLSTM) networks model bidirectional contextual
dependencies in restaurant review datasets. Inte-
grating CNN and BiLSTM encoders results in en-
hanced representational capacity, as evidenced by
a CNN–BiLSTM model evaluated on 2003 French
newspaper articles, which consistently outperforms
standalone CNN and BiLSTM baselines. The ef-
fectiveness of advanced embeddings and optimiza-
tion strategies in sentiment analysis is evidenced by
findings showing that Doc2Vec embeddings outper-
form Word2Vec for long-text representations, while
the Adam optimizer achieves faster convergence than
stochastic gradient descent.

Within climate change communication, headlines
serve as interpretive frames shaping public per-
ception of environmental risk and policy. Conse-
quently, large-scale media analyses have adopted sen-
timent–topic modeling pipelines. [5] Processed global
news to track attitudes toward a low-carbon econ-
omy, demonstrating sentiment shifts congruent with
events such as forest fires and electric vehicle legisla-
tion. Using BERT topic and Latent Dirichlet Alloca-
tion, [15] charted climate discourse on social media
blogs, whereas [18] integrated focus group insights
with computational text mining to show German
tabloids framing climate activists as security threats,
thereby intensifying polarization. Cross-platform in-
vestigations corroborate the predominance of nega-
tive effect. One study analyzing a decade of Twitter,
Reddit, and YouTube content using PMI-based po-
larity measures and NRCLex emotion detection iden-
tified fear, trust, and anticipation as dominant emo-
tions surrounding discussions of climate change, air
quality, and plastic pollution [3].

First, lexicon-based and classical machine learn-
ing approaches remain prevalent in multilingual cli-
mate datasets despite their limited capacity to ap-
prehend nuanced or sarcastic language. Second, the
temporal evolution of public sentiment vis-à-vis pol-
icy milestones and extreme weather events has not
been comprehensively mapped. Third, the sentiment
analysis is mainly in English, neglecting the inher-
ently multilingual nature of climate discourse. Ad-
dressing these gaps will possibly necessitate hybrid
architectures that integrate static lexical resources,
domain-adapted embeddings, and contextual trans-
former models, augmented with attention mecha-
nisms for interpretability. Such systems can lever-
age the bidirectional sensitivity of BiLSTMs, the lo-
cal feature extraction of CNNs, and the semantic
depth of transformers to decode short, information-
dense headlines. Incorporating longitudinal and mul-
tilingual corpora into these advanced frameworks
holds particular promise for enhancing the granular-
ity, global reach, and policy relevance of climate sen-
timent monitoring.

BiLSTM networks overcome the uni-directional

limits of early classifiers by reading text forward and
backward, thereby encoding both preceding and suc-
ceeding context and yielding sharper semantic repre-
sentation and higher accuracy [10].

Beyond architecture, three advances consistently
lift performance. First, fusing local-pattern detec-
tors with sequence encoders, CNN-BiLSTM hybrids
capture both n-gram cues and long-range depen-
dencies, improving sentiment predictions for short,
information-dense texts such as headlines [8]. Second,
attention layers direct the model to sentiment-laden
tokens; an attention augmented BiLSTM on Chi-
nese sticker comments outperformed plain BiLSTM,
while an attention-assisted 1DCNN-BiLSTM reached
R2=0.9992 in a TMS-coil study. Third, the com-
bination of static and contextual embeddings leads
to richer semantic representations; BiLSTM–GloVe
architectures improve headline classification perfor-
mance, and BERT integrated with TCN, BiLSTM,
and attention mechanisms achieves superior results
in hotel-review sentiment analysis [6].

3. PROPOSED MODEL

The study proposes a hybrid GloVe-BERT + CNN
BiLSTM + Attention architecture. It combines
GloVe’s static semantics with BERT’s contextual em-
beddings, feeding this dual representation through
parallel CNN and BiLSTM pathways, and applies an
attention layer to capture the most salient tokens.
By combining local lexical signals with long-range
dependencies, the model delivers a better domain-
specific sentiment classification. The present study
extends the insights to climate headline sentiment,
pairing GloVe and BERT embeddings with an atten-
tion enhanced CNN - BiLSTM to exploit domain vo-
cabulary, highlight salient phrases, and achieve ro-
bust, context - sensitive classification. This model is
planned to be utilized for climate - change headline
analysis. The performance of the proposed hybrid
model is compared with machine learning baselines
and deep learning models.

4. METHODOLOGY

The study adopts a structured workflow in which
climate change–related headlines are identified and
collected from a publicly available Kaggle dataset,
followed by data cleaning and tokenization to con-
struct an analysis-ready dataset. Classical machine
learning baselines (SVM, Näıve Bayes, k-NN) are
trained next, followed by standalone deep learning
models (CNN and BiLSTM). The final stage of the
model integrates GloVe and BERT embeddings using
an attention-based fusion strategy, followed by par-
allel CNN–BiLSTM branches augmented with resid-
ual connections and supplementary attention layers
to model complex semantic patterns. All models
are subsequently compared using performance met-
rics from the confusion matrix to determine the most
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effective approach for climate headline sentiment clas-
sification.

4.1 Phase 1: Data Preprocessing

An extract of the climate headline sentiment
dataset is shown in Figure 1. It contains 1,024 climate
change-related headlines from 15 high-GDP- based
countries. The headlines have sentiment scores rang-
ing from -1 to 1. The dataset also includes justi-
fication for the scores. Positive scores represent en-
couraging events (like advancements in climate initia-
tives), while negative scores point to troubling news
(such as worsening crises). A score of zero indicates
neutral, ambiguous, or mixed feelings.

Fig.1: Extract of Dataset, Distribution of senti-
ments in the Data Set.

Fig.2: Distribution of sentiments in the Dataset.

From Figure 2, it is observed that most of the data
is skewed toward Negative sentiment. A considerable
number of entries are also positive, but fewer are Neu-
tral. The figure that the issue of climate change tends
to provoke stronger opinions rather than neutral ones.

For data preparation prior to applying Näıve
Bayes, SVM, and KNN models, first the sentiment la-
bels represented in numeric form were converted into
textual categories. Numeric values representing neg-
ative sentiment were labeled as “Negative”, Numeric
values representing positive sentiment were labeled as
“Positive” and Numeric values representing zero were

Fig.3: Word cloud from the Dataset.

labeled as “Neutral”. Second, a row having null sen-
timent has been deleted. Then, we have applied data
cleaning, stop word removing, Part-of-Speech (POS)
tagging, lemmatization and TF-IDF vectorization.

To prepare the input data for the CNN and BiL-
STM models, we implemented a synthetic data gen-
eration strategy to augment our dataset. Sentiment
labels were assigned as 2 for negative, 1 for positive,
and 0 for neutral. Using synonym augmentation at
a 30% rate, new headlines were created by replacing
words with their synonyms, generating synthetic data
up to 85% the size of the original dataset. These aug-
mented headlines and labels were then combined with
the original data, forming an expanded corpus. The
final dataset was split 80/20 for training and testing.
For model input, tokenization converted text into se-
quences of integers using a vocabulary size of 10,000,
with out-of-vocabulary words replaced by a special
token. Sequences were padded to a uniform length
of 100 words to ensure compatibility with CNN and
BiLSTM models. These preprocessing steps prepared
the data for practical training on both original and
augmented text.

4.2 Phase 2: Sentiment Analysis using Super-
vised Learning Algorithms

Supervised Learning is based on labeled training
data. Sentiment analysis is a typical application of
machine learning in NLP. It involves analyzing text
data to determine the response expressed whether it’s
positive, negative, neutral, or more varied emotions
[30]. Deep learning is a part of machine learning
which involves multi-layered neural networks to learn
hierarchical feature representations of data. Deep
learning has become one of the popular methods to
carry out sentiment analysis, owing to its ability to
identify complex patterns in the data of a textual
nature [30]. For the improvement in model perfor-
mance and combat overfitting, data augmentation
has been implemented to increase dataset diversity
without collecting new data [7], a learning rate sched-
uler has been employed to change the learning rate
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dynamically for better convergence and stability and
early stopping has been used to stop the training once
validation starts to decline in performance, hence en-
suring good generalization.

4.2.1    Support Vector Machines (SVM) Classifier

For the proposed work, a SVM classifier has been
used. It is a supervised learning method effective for
tasks like sentiment analysis [1]. It identifies a hy-
per plane that maximally separates sentiment classes
using the decision function:

f(x) = w · x+ b,

where w is the weight vector, x is the input fea-
ture vector, and b is the bias. The dataset was split
into 80% training and 20% testing to evaluate perfor-
mance. A linear kernel SVM was trained on TF-IDF-
transformed text, leveraging its suitability for high-
dimensional data to classify sentiments as positive,
negative, or neutral.

4.2...2 Näıve Bayes (NB) Classifier

Another text classification model for our proposed
work is NB. It is a probabilistic classifier which uses
Bayes’ theorem for text classification [1]. It estimates
class probabilities using:

P (c|d) = P (d|c)P (c)/P (d),

Where P(c|d) is the probability of class c given doc-
ument d. A Multinomial Naive Bayes (Multinomial
NB) model [17] was trained on TF-IDF-transformed
text and sentiment labels, leveraging word frequency
distributions to effectively classify high-dimensional
text data.

4.2.3    K-Nearest Neighbors (k-NN) Classifier

KNN is a simple, effective and lazy learner, requir-
ing minimal training [1]. It classifies instances based
on the majority sentiment of their k nearest neighbors
using Euclidean distance:

EuclideanDistance =
√∑

(xi − yi)2,

Where x and y are feature vectors. The dataset was
split 80/20 for training and testing, and the model
learned sentiment patterns by comparing feature sim-
ilarities.

4.2.4 Convolutional Neural Networks (CNN)

The CNN is a specialized feed forward neural net-
work which was inspired by the structure of the hu-
man visual cortex. The CNNs in NLP thus serve well
to extract local features that are gathered through
convolutional layers that pick spatially local patterns,
such as the presence of sentiment cues which may oc-
cur at different locations inside the text.

The CNN architecture begins with an input layer
accepting padded tokenized sequences, followed by
a trainable embedding layer that maps terms onto
a 300-dimensional space. The words are embedded
into dense vectors from which the model can learn
task-specific representations for each word during the
training process. Multi-scale feature extraction is
then applied using two parallel 1D convolutional lay-
ers, with kernel sizes of 3 and 5, and 128 filters each,
equipped with ReLU activation. These two layers
capture a wide variety of short and long n-gram pat-
terns present in the input.

Max pooling layers are used on the outputs from
convolutional layers to get significant features and di-
minish dimensionality [2]. We concatenate all the
pooled outputs to a large feature vector that shows
multi-scale patterns of the text. This vector is then
sent to follow a dense layer with 64 units and ReLU
activation with L2 regularization and dropout at a
rate of 0.5 to avoid overfitting and promote general-
ization.

The output layer uses softmax activation to pro-
duce probability scores for classification. It is trained
using the Adam optimizer with a learning rate of
0.001. A step decay scheduler reduces the learning
rate by half every five epochs, and early stopping
halts training if validation accuracy doesn’t improve
for five epochs. Training is conducted over a maxi-
mum of 30 epochs with a batch size of 32, ensuring
robust evaluation after each epoch.

Fig.4: Basic Architecture of CNN [21].

4.2.5 Bidirectional Long Short-Term Memory (BiL-
STM)

BiLSTM [25] extends an LSTM method where two
LSTMs process the input, as illustrated in Figure 6.
The working of the model starts with giving the se-
quence input to the first LSTM followed by the re-
verse of the input sequence given into the second
LSTM. This model usually works for sentiment anal-
ysis as it grasps both past and future contexts in a
sentence, rendering its understanding the sentiment



20 ECTI TRANSACTIONS ON COMPUTER AND INFORMATION TECHNOLOGY VOL.20, NO.1 January 2026

expressed in the text. The model was developed
through the following procedure.

In the proposed work, BiLSTM works begin with
a trainable embedding layer converting each word of
the headlines into a dense vector of 300 dimensions.
This allows tweaking the word embeddings to im-
prove sentiment classification during training. BiL-
STM layer also contextual dependencies, mitigating
overfitting, and setting both dropout and recurrent
dropout set to 0.4. The dense layer is added after the
dropout layer and has 32 units with ReLU activation.
Its purpose is to pass the BiLSTM output and learn
the more complex interactions of the features. Addi-
tional regularization is also gained from the dropout
layer with rate 0.4. The final output layer uses soft-
max activation for classification.

With an initial learning rate of 0.001, BiLSTM is
optimized by Adam optimizer and through a sched-
uler decreased to half every five epochs using a sched-
uler. Training is stopped early after seven epochs if
no validation accuracy improvement is seen, making
sentiment prediction testing more efficient. For the
proposed work, the BiLSTM is trained for 30 epochs
with a batch size of 32. All predictions on the test
set is based the highest probability of the sentiment
class.

Fig.5: Basic Structure of BiLSTM [31].

4.3 Phase 3: Proposed Hybrid Model - En-
hanced CNN-BiLSTM Algorithm

We have proposed a model of GloVe-BERT+CNN-
BiLSTM+Attention, depicted in Figure 8, which
includes various steps and layers. GloVe equips
semantic representations of words using unsuper-
vised learning, and BERT provides deep bidirectional
contextual understanding, outperforming Word2Vec,
GloVe, RNNs, and other contemporaneous models in
multiple NLP tasks [1]. To augment model attention
on specific parts of text, attention layers are included,
which apply importance scores to input tokens in a
dynamic manner. This architecture is tailored toward
capturing local and global features for sentiment clas-
sification.

To enhance the robustness and generalization of
the sentiment classification model, data augmenta-

tion was performed using three random transfor-
mations: synonym replacement (30% probability),
word swapping, and word deletion (both at 10%).
These were applied to generate synthetic headlines,
expanding the training set by 85% of the original
size—benefical for small or imbalanced datasets. The
dataset was split 80:20 for training and testing. Three
tokenization methods were used in parallel: Keras
Tokenizer (top 15,000 words, sequences padded to
256), a separate tokenizer for GloVe (also padded to
256), and Hugging Face’s BERT Tokenizer, produc-
ing input IDs and attention masks truncated/padded
to 256 tokens. For embeddings, a GloVe embed-
ding layer with pre-trained 300-dimensional vectors
was applied with global max pooling for fixed-size
outputs. BERT embeddings were also created us-
ing a trainable BERT-base model, extracting both
[CLS] and mean-pooled representations, which were
concatenated and passed through a GELU-activated
dense layer to produce a 300-dimensional output.

The GloVe and BERT branch outputs are concate-
nated into a singular vector. This vector is subse-
quently restructured into a sequence and undergoes a
self-attention mechanism where attention weights are
learned through softmax. The representation with
attention is then compressed to a form in which the
prominent combined features stand out. This is suc-
ceeded by a multi-branch CNN-BiLSTM layer which
extracts diverse features: an extremely detailed 1D
convolutional layer with kernel size 1, and subse-
quently batch normalization, is used. Alongside it, a
parallel BiLSTM with 192 units is used to capture the
model’s forward and backward dependencies. Global
max pooling is performed on both branches to yield
a multi-scale feature composition. The output re-
ceived from both branches is subsequently merged,
undergoing normalization followed by a residual con-
nection, before passing through a second attention
module that enhances the contextual representation
further by focusing on the most informative learned
features.

Fig.6: Basic Self-Attention Mechanism [31].

A Dropout layer with a rate of 0.3 is applied ini-
tially to prevent overfitting. Then a dense layer with
GELU activation, L2 regularization for strong classifi-
cation, and a Softmax output layer for sentiment class
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probability generation are implemented. The hybrid
model is trained using the Adam optimizer, a Cosine
Annealing Learning Rate Scheduler and Warm up,
and Early Stopping for best convergence. The hybrid
model is trained for 50 epochs with a batch size of 8.

Fig.7: Basic Framework of the proposed GLoVe-
BERT+CNN-BiLSTM+Attention Model.

5. EXPERIMENT AND RESULTS

5.1 Performance Metrics and Model Compar-
ison

The study evaluates five supervised learning
miodels against the proposed one using four confu-
sion matrix metrics [2]: Accuracy, Precision, Recall,
and F1-score, calculated based on True Positive (TP),
True Negative (TN), False Positive (FP), and False
Negative (FN). The sentiment classes are labelled as
Neutral (0), Positive (1), and Negative (2). TP occurs
when the predicted class matches the true class; FP
when the model predicts an incorrect class; TN when
the model correctly identifies that a sample does not
belong to a class; and FN when the model fails to
predict the actual class [25].

Accuracy is defined as the ratio of the correctly
predicted sentiment class to the total number of pre-
dicted sentiment classes, whose equation is given by,

Accuracy = TP0+TP1+TP2

TP0+TP1+TP2+FN0+FN1+FN2+FP0+FP1+FP2

Precision is defined as the ratio of correctly pre-
dicted sentiment to the total number of expected sen-
timent in any class, whose equation is,

Precisioni =
TPi

TPi + FPi

Where i = 0, 1, 2

Recall is defined as the ratio correctly predicted
sentiment to the total number of actual sentiment in
any class, whose equation is given as,

Recalli =
TPi

TPi + FNi

Where i = 0, 1, 2

F1 score is defined as the harmonic mean of preci-
sion and recall, whose equation is given as,

F1scorei = 2 ∗ Precisioni ∗Recalli
Precisioni +Recalli

Where i = 0, 1, 2
The performance metrics obtained by each of the

five supervised learning models are given in Table 1.

Table 1: Comparison of Performance Metrics.
Models Accuracy Precision Recall F1 Score
K-NN 58.05% 58.44% 58.05% 57.78%
SVM 62.44% 65.11% 62.44% 61.54%
NB 63.90% 64.59% 63.90% 63.25%

CNN 78.63% 79.92% 78.63% 78.65%
BiLSTM 78.36% 78.24% 78.36% 78.27%
GLoVe-
BERT+
CNN- 80.47% 80.67% 80.47% 80.41%

BiLSTM+
Attention

In Table 1, performance metrics comparison, the
traditional models yielded relatively lower perfor-
mance, with k-NN performing the weakest (Accu-
racy: 58.05%) and Naive Bayes slightly outperform-
ing SVM. The reason for the NB classifier showing
highest accuracy is its simplicity and feature inde-
pendence which helps it perform well on text data
(Munawaroh & Alamsyah, 2022). It has proven to be
reliable due to its computational efficiency, achieving
faster training and inference compared to other mod-
els, while also demonstrating strong performance on
small datasets.

CNN and BiLSTM achieved significantly higher
metrics, with CNN slightly surpassing BiLSTM
across all evaluation criteria, as shown in Figure 9
and Figure 10. Figure 9 of the confusion matrix of
CNN illustrates that the model achieves high accu-
racy overall, with most samples correctly classified,
though some misclassifications occur primarily be-
tween classes 0 and 1. Figure 11 of the confusion
matrix of BiLSTM shows that the model performs
well overall, with most samples correctly classified,
though some confusion is observed between classes 0
and 1, and between classes 1 and 2. CNNs excel at
identifying key n-gram features, thus its accuracy re-
flects its ability to learn discriminative local features
efficiently. BiLSTM can learn dependencies across
distant words which helps maintain semantic coher-
ence, improving performance where CNN may miss
such relationships [25]. Although CNN slightly edges
out BiLSTM in your results, both models comple-
ment each other well.

The proposed hybrid model, GloVe-BERT+CNN-
BiLSTM+Attention outperformed all other models,
achieving the highest Accuracy (80.47%) and F1
Score (80.41%), as shown in Figure 12. Figure 13
shows that the confusion matrix of the proposed
model demonstrates strong overall performance, with
most samples correctly classified, though minor mis-
classifications occur between classes 0 and 1, and be-



22 ECTI TRANSACTIONS ON COMPUTER AND INFORMATION TECHNOLOGY VOL.20, NO.1 January 2026

Fig.8: Model Accuracy of CNN.

Fig.9: Confusion Matrix of CNN.

Fig.10: Model Accuracy of BiLSTM.

tween classes 1 and 2. This performance improvement
highlights the strength of combining static and con-
textual word embeddings (GloVe and BERT) with
deep sequence and feature extraction layers (CNN,
BiLSTM) and an attention mechanism. The hybrid
architecture effectively captures both local patterns
and long-range dependencies, making it highly suit-
able for domain-specific text classification tasks such
as climate change headline categorization.

The results presented in Table 1 show effectiveness
of various models for sentiment classification of cli-
mate change-related headlines. We could find the tra-
ditional machine learning models show the accuracies

Fig.11: Confusion Matrix of BiLSTM.

Fig.12: Model Accuracy of GLoVe-BERT+CNN-
BiLSTM+Attention.

Fig.13: Confusion Matrix of GLoVe-BERT+CNN-
BiLSTM+Attention.
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range from 58.05% to 63.90%. Among them, Naive
Bayes performed the best, likely due to its proba-
bilistic nature and robustness in handling text data,
at the same time k-NN lagged, possibly due to its
sensitivity to high-dimensional sparse data typical in
textual input.

In contrast, CNN and BiLSTM networks show sig-
nificantly higher accuracies above 78%. CNN cap-
tured local n-gram features effectively, while BiL-
STM leveraged contextual dependencies in both for-
ward and backward directions. This demonstrates
that deep neural architectures are better at modelling
complex patterns in domain-specific textual data.

The proposed hybrid model, the combination
GLoVe-BERT+CNN-BiLSTM+Attention, achieved
the overall highest performance based on the met-
rics of accuracy of 80.47%, precision of 80.67%, recall
of 80.47%, and F1 score of 80.41%. This result brings
out the advantage of integrating both static (GloVe)
and contextual (BERT) embeddings, which provide
complementary semantic representations. The use of
CNN and BiLSTM in the hybrid model captures both
local and sequential features. The attention mecha-
nism focuses on the most informative parts and gives
the significance of the input.

6. HYPOTHESIS TESTING

Hypothesis testing is used to verify statistically
whether one model is better than another one. From
the accuracies of model in table1, the CNN and BiL-
STM are chosen for hypothesis testing with the Hy-
brid model as they both performs best compare to
classical machine learning model. CNN, BiLSTM,
and the hybrid model are neural architectures de-
signed to learn contextual and sequential patterns
from the text. For performing paired t-test hypoth-
esis testing, fivefold cross validation are performed
on CNN vs Hybrid model and BiLSTM vs Hybrid
model to determine statistical significance difference
between these models.

6.1 CNN versus Hybrid Model Hypothesis
Testing

To ensure a robust comparison, both CNN and
hybrid models were evaluated using 5-fold cross - val-
idation.

To determine whether the hybrid model provides
a significant difference with the CNN model, a paired
t-test hypothesis testing is performed, the hypothesis
is stated as
Null Hypothesis:

H0 : µ = 0, (Both models are same)
Alternate Hypothesis:

H1 : µ > 0, (Hybrid model performs significantly
better)
The paired t-test examines the mean difference accu-
racy between two models is statistically significant.
The test statistic is given by

Fig.14: Five-fold Cross Validation(CNN vs Hybrid
Model).

t =
d̄

sd
√
n

Based on the statistic, the hypothesis statement is
evaluated.

The computed t-test statistic is 18.79 (2.98 con-
ducted on the normalized accuracy values) for df=4
and the two tailed t-critical value at (α = .05) is 2.776
where 18.07 > 2.776, t stating the null hypothesis is
rejected. Under the t distribution, the corresponding
p value at 5% significance level (α = .05) is .00003.
Since the p value < .05, the null hypothesis is again
rejected stating that the difference between the model
is statistically significant.

6.2 BiLSTM versus Hybrid Model Hypothe-
sis Testing

To perform hypothesis testing, paired t-test is ex-
amined. For the evaluation, the 5-fold cross valida-
tion

Fig.15: Five-fold Cross Validation (BiLSTM vs Hy-
brid Model).

The computed paired t-test statistic is 11.06 for
df=4 and the two tailed t-critical value at (α = .05)
is 2.776 where 11.06 > 2.776 stating the null hypoth-
esis is rejected. Under the t distribution, the corre-
sponding p value at 5% significance level ( α = .05),
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is .00003 < .05. Since the p value < .05, again the
null hypothesis is rejected stating that the difference
between the model is statistically significant. The
hybrid model provides a substantial enhancement in
sentiment prediction performance.

7. CONCLUSIONS

The proposed work GloVe-BERT fusion in CNN-
BiLSTM-Attention architecture provides a robust so-
lution for climate-headline sentiment analysis. By
fusing Glove’s static semantics with BERT’s contex-
tual embeddings, the model detects subtle emotional
cues that elude conventional approaches. Parallel
CNN-BiLSTM branches learn both local n-grams and
long-range dependencies, and stacked attention layers
focus the network on sentiment-carrying tokens and
reveal the lexical triggers underlying each prediction,
thus improving interpretability. Synonym-based data
augmentation further broadens the model’s coverage
without distorting domain semantics, producing pre-
cision, recall, and F1-scores for positive, negative,
and neutral classes. Tested on 1,023 climate-related
headlines annotated on a three-point polarity scale,
the hybrid system achieves 80.47% accuracy, outper-
forming classical baselines (SVM, Näıve Bayes, k-NN)
and single-branch deep networks (CNN 78.63%, BiL-
STM 78.36%). It provides a strong distinction be-
tween positive and neutral headlines, where vocabu-
lary overlap typically impedes classification. Taken
together, these results confirm that transformer-
enhanced hybrid architectures, enriched with comple-
mentary embeddings and attention mechanisms, can
deliver state-of-the-art accuracy and transparency for
domain-specific sentiment tasks, providing a scalable
tool for monitoring public climate discourse. Based
on the Hypothesis testing, the hybrid model performs
better than CNN and BiLSTM model is statistically
verified.

Future work should broaden sentiment analysis of
climate-change headlines beyond English to capture
multilingual, cross-cultural perspectives; track senti-
ment over time to link shifts to major environmental
events and policy milestones; test lightweight GRU-
based models potentially surpassing CNN-BiLSTM
accuracy when paired with fast optimisation meth-
ods such as swarm intelligence; and add interpretabil-
ity layers that visualise token-level contributions, im-
proving model transparency and trust.
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