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Abstract

Text classification is a fundamental task in natural language processing, requiring models to accurately interpret semantic
and syntactic patterns in textual data. The proposed framework, BERT-EnsemText, introduces a hybrid approach that
combines advanced feature extraction with ensemble learning for robust and accurate classification. Existing methods
often rely on static word embeddings or single-model architectures, which struggle to capture contextual nuances and
tend to overfit on complex or domain-specific datasets. These approaches also lack adaptive mechanisms to leverage
diverse decision boundaries effectively. To address these limitations, BERT-EnsemText integrates BERT-based contextual
embeddings with a CNN-GRU-Attention feature extractor to jointly capture local, sequential, and salient contextual
features. The extracted features are processed through multiple base classifiers including GEPSVM, XGBoost, and
Logistic Regression. An attention-based meta-learner dynamically weights classifier outputs using confidence scores,
enabling adaptive and robust ensemble decisions. This framework can be applied to a wide range of text classification
tasks such as sentiment analysis, topic categorization, and intent detection, especially in domains with complex language
patterns. Experimental results show that BERT-EnsemText significantly improves classification accuracy, generalization,
and robustness compared to conventional single-model and static embedding-based baselines.

Keywords: BERT embeddings, CNN-GRU-Attention, ensemble learning, text classification, meta-learning, hybrid
framework

1. Introduction opinion mining, and automated extraction of legal
documents [6]. As a result, there is a need to develop
valid and scalable classification systems to ensure
actionable information in increasingly sophisticated
textual data [7].

Text classification has evolved into a paradigm in
current Natural Language Processing (NLP), serving as
the foundation for a broad range of applications [1].
Including sentiment analysis, spam detection, topic
classification, recommendation systems, and opinion 1.2 Limitations of Single-Model Approaches.

mining  [2]. Asonline content in the form of social Although traditional machine learning and single-

model deep learning methods have made some
contributions to NLP development, they have several
limitations [8]. Classical techniques, such as Support
Vector Machines (SVM) or Naive Bayes, rely on fixed
word embeddings, which do not capture contextual
peculiarities and semantic differences between domains
[9]. On the same note, deep learning algorithms like
Convolutional Neural Networks (CNNs) address local
n-gram patterns but require long-range dependencies
[10]. GRU and LSTM are recurrent architectures that

networking site posts, product reviews, and news
stories continues to grow exponentially [3]. The
demand has increased to have systems that can process
and analyze large volumes of text content effectively [4].
Proper classification will help businesses understand
consumer preferences, governments track public
opinion, and researchers study political trends in society
[5]. In addition to its academic importance, it serves as
an important enabler of more practical applications,
including healthcare sentiment detection, election
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are sensitive to sequential context, although they have
weaknesses, including vanishing gradients, prohibitive
training costs, and reduced performance on massive
datasets [11]. Moreover, the use of a single model
predisposes such systems to overfitting, diminishes
their ability to extrapolate to unknown areas, and limits
the explanation of classification judgments [12]. Such
constraints highlight the limitations of stand-alone
architectures in addressing the diverse range of
problems associated with large-scale, noisy, and
domain-specific text data [13].

1.3 Need for Hybrid and Ensemble Architectures.

To address the weaknesses of single-model systems,
scientists are increasingly focusing on hybrid and
ensemble models that combine the strengths of
different models [14]. Hybrid architectures offer a
feature representation that is more expressive and
detailed, utilizing CNNs to extract local features, GRUs
to model sequences, and attention to focus on salient
features [15]. Similar methods to those used in
ensemble strategies, including the use of advanced
classifiers like Generalized FEigenvalue Proximal
Support Vector Machine (GEPSVM), XGBoost, or
Logistic Regression, are also more effective in
decision-making with multiple decision boundaries
[16]. Also, meta-learners that operate with attention
can dynamically balance the output of a classifier to
enhance strength and adaptability. These hybrid-
ensemble models offer the benefits of promoting
classification accuracy, as well as scalability,
interpretability, and cross-domain generalization; thus,
they are applicable in real-life applications [17].
Therefore, the creation of a robust hybrid ensemble
model such as BERT-CGAE is an appropriate and
timely contribution to the development of text
classification studies.

2. Conceptual Foundations

The massive proliferation of textual information on
online platforms has increased the need for accurate and
efficient text classification. Conventional approaches
often struggle with providing a sense of context and
analyzing features. Deep learning models, which
combine CNNs, GRUs, and high-performance
classifiers, are also robust and yield better results in
sentiment analysis and decision-making problems.

Recent studies have given EPLF-TSVM-DL, a
combination of long pinball loss twin SVM and deep
learning, the ability to predict sentence-level sentiment
polarity. It focuses on preprocessing, embeddings,
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CNN extraction, and EPLF-TSVM classification. The
findings boast better convergence, reduced complexity,
and improved metrics such as accuracy and stability,
positioning the method as an efficient binary sentiment
task solver for noisy social media data. However,
scalability issues remain [18].

CNN-GRU-GEPSVM is a combination of CNN and
GRU, supported by a more powerful attention system
and a GEPSVM classifier, utilizing GloVe embeddings.
This mixture learns patterns of phrasings in the locality
as well as long-range dependencies and dynamically
weighted salient terms. Experiments have shown a 6.8%
increase in accuracy, along with equal increases in
precision, recall, and Fl-score across benchmarks,
indicating that the system is robust across the product
review and health sentiment analysis domains [19].

In a brief overview, traditional encodings are replaced by
deep contextual models, with the data flow described as
starting with raw text and then proceeding to labels. It
compares the older pipelines with those of the
transformer age, with a focus on the description of
preprocessing that has been omitted. The article
provides an overview of data sets and presents two
novel multilabel datasets, which overcome the scarcity.
It offers experiment snapshots and frames open
challenges towards having standardised preprocessing
and evaluation practices [20].

A recent systematic review examines the applications
of semi-supervised learning to text classification,
reviewing 1794 works and selecting 157 for further
analysis. It describes domains, datasets, languages,
representations, and algorithms, classifying work in a
modern taxonomy of SSL. The review interprets
labeled-data  ratios, assessment measures, and
performance trends coherently, concluding with
limitations and future research directions, thereby
closing a major gap in the SSL literature [21].

A PRISMA-based survey was conducted on 224
machine-learning-based text classification studies
(2003-2022), comparing datasets, models, accuracy,
metrics, and protocols. It gathers the evaluation
discrepancies, = emphasizes the problems  of
reproducibility, fragmentation of the data sets, and
methodological flaws, and suggests that standardized
benchmarking, cross-dataset testing, transparent
reportage of the metrics, and unrestricted release of
data/code should be implemented to make the field
more comparable, cumulative, and empirical in its
foundations [22].
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It is a long-term survey that creates a taxonomy of both
traditional and deep learning methods of text
classification, mapping models, feature extraction, and
datasets. It
advancements and assessment indicators, comparing
the strengths and weaknesses.

benchmark discusses  technical
The synthesis of
historical developments, the classification of taxonomic
groups, and the description of future research
perspectives make the work an indispensable source of
knowledge, both in terms of background knowledge

and the current model choice [23].

The general overview is a synthesis of state-of-the-art
machine and deep learning methods for text mining,
encompassing  supervised, semi-supervised, and
unsupervised paradigms. It also gives the strengths and
weaknesses of algorithms in subtasks and emphasizes
the practical aspects of implementation. The paper
summarizes the literature and methodological
specifications, defining areas where further progress
can be achieved and recommending directions for
creating new model proposals relevant to various NLP

tasks and large text corpora [24].

TextConvoNet proposes a two-dimensional multi-scale
CNN  that both
intersententially using an alternative input matrix and
2D convolutions. Applied to five data sets and five
metrics, it outperforms learning, deep
learning, and attention baselines. The architecture

encodes n-grams intra-and

machine

proves effective in both binary and multi-class
classification, proposing multi-scale and inter-sentence
feature modeling as practical strategies to enhance

textual representations [25].

A survey based on taxonomy presents a hierarchical
classification of text classification methods, organized
by research fields, incorporating both empirical and
experimental analyses. It categorizes methods in studies
where sub-techniques are considered and compared with
each other in a sub-category of the research. The article
provides subtle insights into the applicability of the
techniques, their strengths, and weaknesses, enabling
researchers to select the most suitable algorithms for
each domain and to make informed comparisons
among different text classification methods [26].

An experimental study of domain-specialized legal text
classification of U.S. case documents compared
domain-concept-based random forests with deep-
learning systems with multiple embeddings. The results
of experiments on 30,000 cases and fifty categories
have shown that the domain feature random forests
perform better than complex neural methods, with the
best 400 concepts getting the best results. The paper
highlights the long-term utility of the feature
engineering technique and provides guidance on
selecting techniques for specialized and scalable legal
NLP systems [27].

o Domain
Refn Method Conteyftua 1 Ensembl | Scalabilit i Kpplication
o Modeling e y
Specific
/18] EPLF-TSVM-DL X v X v Sent}ment on noisy social
media
Product reviews, health
[19] CNN-GRU-GEPSVM | v v v
sentiment
[20] o ) ¢ X General text classification
Transformer v v
[21] (Ssyssie)m atic Review v X v X Multi-domain survey
[22] PRISMA - ) ¢ X X X Benchmarks &
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based Survey
reproducibilit y
[23] Long-term Survey v v X Taxonomy of models
State-of-the-art
1241 | overview v v X Large corpora NLP
[25] TextConvoNe't (2D v v v Multi-class classification
CNN)
Taxonomy- R h method
esearch metho:
26, .
£26] based Survey v v X guidance
Legal Text
1271 | Classification v X v U.S. legal case NLP

Table 1: Summary of related works

2.1 Research gap

Although the current methods show considerable
improvement in text classification, they still have some
problems. Most models are shallowly embedded and
cannot provide much contextual information;
furthermore, neither CNNs nor RNN-based models are
effective at capturing both local and long-range
dependencies. Ensemble and hybrid approaches
enhance accuracy but are typically complex,
computationally intensive, and challenging to interpret.
The results of a survey highlight the need for
improvements in semi-supervised learning, domain
flexibility, data variety, and the development of
constructive decision boundaries. These drawbacks
prevent strong, general, and explainable sentiment and
text classification as solutions.

The papers summarize recent progress in text
classification, with a focus on hybrid models, such as
CNN-GRU-GEPSVM, and domain-based architectures.
Results indicate improved accuracy, interpretability,
and scalability compared to traditional methods. The
paper provides an understanding of the potential of
hybrid deep learning systems for real-life sentiment and
opinion mining, emphasizing taxonomy, datasets,
evaluation metrics, and application domains.
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3. The BERT-CGAE Framework

This paper presents a hybrid BERT-based ensemble
architecture that combines contextual embeddings,
multi-branch extract feature, and attention-directed
ensemble-based learning to promote better text
classification accuracy, robustness, and interpretability
on various sample datasets in multifaceted tasks of
natural language processing.

The main Contributions are:

® Hybrid Feature Extraction Architecture - BERT
embeddings are combined with CNN, GRU, and
Attention modules to jointly learn local n-gram
patterns, longer-range
contextually salient features, thereby more fully
representing them.

dependencies,  and

® Adaptive Ensemble Classification - It utilizes a
combination of various base classifiers (GEPSVM,
XGBoost, Logistic Regression) and a meta-learner,
which is an attention-based classifier that
dynamically assigns weights to the outputs to
achieve greater robustness and accuracy.

® Further Generalization and Interpretability: The
framework can be wused to achieve better
classification, as it performs well in various
domains, guaranteeing superior performance on
complex  datasets, while also  offering
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interpretability of decision-making through
attention mechanisms.

3.1 Dataset

BERT-CGAE text classification dataset contains
various benchmark datasets, e.g., IMDB used in
sentiment analysis, AG News used in topic
classification, and Yelp reviews used in opinion
mining. Both datasets have large-scale labeled text
samples, which can be trained and evaluated
successfully. The preprocessing processes involve
tokenization, removal of stop words, as well as padding,
which ensures that the data is consistent. The dataset
selection test model is robust due to its coverage of a
variety of domains, and exhibits contextual adaptability
and generalization, which encompasses the entirety of
its performance when compared to baseline models
across various real-world applications [30].

Table 2: Dataset Description

Aspect Description

Domain Includes sentiment (IMDB, Yelp) and

topic categorization (AG News)

Coverage

datasets.

Classes Binary (positive/negative), multi-

class (topics), and fine-grained

sentiment.

Large-scale datasets with thousands of]
labeled samples for training and

testing.

ldcuvasiiital Tokenization, stop-word removal,
padding, and normalization for

consistency.

Evaluation Enables benchmarking across diverse

Use applications and real-world text

scenarios.

Silo@livelitoi] Tests robustness, adaptability, and
scalability of the proposed BERT-

CGAE model.
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Figure 1: Preprocessing and Representation of Data.

Figure 1 illustrates how raw text is converted into a
format suitable for use by downstream models. Initial
cleaning begins, which involves removing tags,
converting to lowercase, and removing unwanted
symbols [28]. This is then followed by tokenization,
which subdivides text into words or subwords that
BERT can process. Subsequently, linguistic quality is
further refined through normalization, such as
lemmatization, stopword elimination, and filtering for
rare terms [29]. The data is divided into training,
validation, and testing sets. Lastly, the BERT tokenizer
generates token IDs, segment identifiers, and attention
masks, creating a structured representation that can be
subsequently deeply contextualized and hybrid features
extracted thereafter.

Hybrid CNN-GRU--attention feature representation Ijuy
evaluated by using equation 1

Ijuy = V(Xb * tanh(lhre * (Fcer)) + CQ) (1)

Token-level embeddings V from BERT, a

convolutional feature map Xp», capturing local
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dependencies Inre, a hidden state sequence cq from
GRU, and a concatenation operator Fcer combining
CNN and GRU features.

Attention-weighted ensemble meta-learner z validated
using equation 2

z =argmin * (p * u%, ) + Ck(l—n'") (2)

Probability score assigned min, total number of base
classifiers Tp, attention weight u?, confidence score I,
and a scaling parameter controlling C the sensitivity of
n'softmax weighting.

Accuracy vs Epoch with Confidence Region

095 —— BERT-base
= CNN-GRU-Attn
= BERT-EnsemText

Accuracy (%)
o
a

o
3

o
2
<]

Epoch

Figure 2: Analysis of Accuracy vs Epoch with
Confidence Region

The accuracy of three models, including BERT-base,
CNN-GRU-Attn, and BERT-EnsemText, is accurately
depicted in the graph by epochs. BERT-EnsemText
consistently achieves an accuracy of more than 0.93,
with BERT-base and CNN-GRU-Attn almost reaching
0.83, as shown in Figure 2. Colored areas represent

confidence intervals, indicating the reliability of the
results as training progresses.

Confidence envelope (epochwise) B(f) from the
ensemble predictive dispersion computed by equation 3

B(f) = tx — (x4 + &) + (—=0y) = 0 (3)

Here, 75y confidence interval at coverage level 8xq,
ensemble mean accuracy &y across base learners,
observed accuracy of the model —Jy', inter-model
variance (dispersion) at epoch, and per-epoch
observational variance 9, of the validation
measurement.

Epochwise functional significance statistic between
two learning regimes Dre computed by equation 4

Dre = Vpa(f) + az * Ef (bx(z' — 84)) (4)

Here, Vpa is a standardized significance measure at
epoch, a: difference in mean accuracy between regimes
Ef', effective number of independent validation samples
bx, can be compared

Z to a reference §4 distribution.

Parallel branch transforms and gated amalgamation
T(f) evaluated using equation 5

n

Vg
T(f)=—" +6 q +eb(0i-v ) —9e (5)

a
7

Here, the contextual token matrix V7, from BERT,
convolution g with kernel width 6aq’, number of

distinct convolutional kernels €68, list concatenation
n

oi—4 _and permutation-invariant reduction Y€ over the
token axis.

Algorithm 1: Training of BERT-EnsemText

— learner Ometa

Input: Dataset D = { (x™,y™M)},=N, pretrained BERT OBERT ,
base classifiers {C;};=™,meta — learner parameters Ometq
Output:Trained parameters 0 x = {OBERT,0FE,0C, Ometa}

1. Initialize OBERT (pretrained), CNN — GRU — Attention weights OFF, classifiers 0Cj, meta
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2. forepoch = 1toT
3.  Shuffle dataset D, split into mini — batches
4 B
c for each batch B = {(x",y")}do
6. for each sample x"do
. E = BERT(x"; Opgrr) € Rlxdb
8 F = CNN(E); H = BiGRU(F)

forhead h = 1..H do
10. Ap = softmax (QhﬁY;‘_); O =4

Vdk

11. end for
12. 0 = Concat(041..0p)W,
13. e; = vitanh(W,0, + b,); a, = softmax(e,)
14. f = 2.0, (context vector)
15. fori=1..Mdo
16. pi = Ci 9. confidence ¢; = maxy pijy
17. end for
18, si=uTtanh(W¢f + Wyp; + b),Vi=1..M
19. a_cls = softmax([s_1..s_M])
20. Dens = 2ilis[ilp;
21 Compute Loss = X,.CE(p;, y") + CEPens, Y
22. end for
27 Backpropagate VLoss, update {0ggrr, OrE, Oci
25. end for; Return 0

The algorithm 1 fine-tunes BERT embeddings alongside
CNN-GRU-Attention features to capture contextual,
sequential, and salient information. These features are
passed to multiple base classifiers, which produce class
probability distributions. A meta-learner assigns
adaptive attention weights to each classifier output,
forming a weighted ensemble prediction. Cross-entropy
loss is computed against ground-truth labels, and
gradients update BERT, the feature extractor, base
classifiers, and the meta-learner. This process ensures
robust parameter optimization, enabling the model to
generalize across diverse datasets and tasks.
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Extraction.
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Figure 3 illustrates the process by which the pre-
processed text is passed through BERT to create
contextual embeddings, which are then subjected to
parallel processing by CNN, GRU, and attention
branches. CNN utilizes local n-gram patterns and
semantic chunks, whereas GRU focuses on sequential
dependencies and long-term contextual information.
The attention mechanism is designed to discriminate
and highlight key tokens, focusing on salient portions
of the text. The results of each branch are combined
and merged into a hybrid feature that incorporates
semantic, sequencing, and context-based information.
Such a multi-branch model provides a more
comprehensive text representation, which enhances its
strength and discriminative capacity for further
classification.

Cross-contextual refinement with residual salience
gating and normalization V.f computed by equation 6

Vaof =V *
(ecve) +
Qsd +V¢"
(6)

Here, V CLS token embedding extracted from BERT’s
top layer ecve’, the CLS token embedding extracted Qsd’
from BERT’s top layer, learned cross-projection
matrices 9¢” used to compute the salience map and
value projection.

The growth with a saturating logistic backbone hjx and
vanishing jitter computed by equation 7,

hjx = Qar + 8va’ + (0" —y) + o€ (7)

Here, Qar steepness controller of the logistic transition,
Sva’ central epoch where X the logistic transition is most
rapid 8' — ¥/, curvature exponent allowing sub/super-
logistic shapes, g€ and transient oscillation amplitude.

F1-score vs Epoch with Confidence Region

- BERT-base
090 == CNN-GRU-Attn
= BERT-EnsemText

0.80

Fl-score
o
2
a3

070

0 20 4 60 80 100
Epoch

Figure 4: Analysis of F1-score vs Epoch with
Confidence Region
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Figure 4 visualizes the Fl-score development of
BERT-base, CNN-GRU-Attn, and BERT-EnsemText
models across epochs. BERT-EnsemText, displayed in
red, has the highest F1-score, over 0.9, even at epoch
100. BERT-base and CNN-GRU-Attn are steadily
enhanced, but they flatten out around 0.85. Confidence
regions indicate the stability of the model's
performance,  with ~ BERT-EnsemText  having
significantly more minor and tighter intervals.

Analysis of fl-score vs epoch with confidence region
Jp via the delta-method combining precision & recall
uncertainty

81 + 42

=8 —(p+

Ja
7

[
-
£
-
=+

i F_¥F
fyss{-0=(f-F0

Here, 62 two-sided confidence band p, Gaussian

quantile 91 for a two-sided interval 92, estimated

precision fyz at epoch, estimated recall 9, and the
estimated variance of precision f at epoch f.

Hybrid Feature
Vector (from D2)

Parallel Classifier
Processing

Gradient Boost Feature splits ~
GEPSVM XGBoost

Logistic Regression

Hyperplane Geometric Linear decision Probability

proximity structure High, boundary estimation
variance reduction

/Decision Output +
\Confidence Scores,

Stacked Classifier
Outputs

(Diverse decision boundaries + scores)

Figure 5: Multi-Classifier Ensemble.

Figure 5 indicates the stage of ensemble classification,
in which the hybrid feature digit is entered into three
varied classifiers: the GEPSVM, the XGBoost, and the
Logistic Regression. GEPSVM focuses on geometric
hyperplane-based decision boundaries, XGBoost
utilizes gradient-boosted splitting of features with high
predictive power, and logistic regression provides
probabilistic linear decision modelling [31]. All the
classifiers produce predictions along with their
corresponding confidence scores. These products are
piled one over the other, creating a pool of
complementary decision signals. This parallel
architecture ensures diversity among models and
neutralizes the weaknesses of each classifier, thereby
strengthening the decision-making process. Attention-
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based aggregation is based on stacked outputs in the
following stage.

Multiple class examiner Df(m) made evaluated by
equation 9

Df(m) = omz — 8(62 + (q(w' —n)) +y8) (9)

Here, the overall stability index omz, total number of
epochs considered 6, and the normalized confidence &2
width at epoch q. Here, anchor constant w' used to scale
n the normalized width denominator is rescaled ¥8" so
that smaller averaged widths produce values closer

Training Loss vs Epoch with Confidence Region

- BERT-base
= CNN-GRU-Attn

= BERT-EnsemText

Epoch

Figure 6: Analysis of Training Loss vs Epoch with
Confidence Region

Figure 6 shows the curves of BERT-base, CNN-GRU-
Attn, and BERT-EnsemText models in terms of their
confidence scores. BERT-EnsemText displays the
highest confidence, with a score of more than 0.85,
followed by CNN-GRU-Attn and BERT-base, which
score below 0.85. It is suggested that a confidence
region be shaded to demonstrate the reliability of the
models; BERT-EnsemText consistently achieves high
scores.

Analysis of training loss vs epoch with confidence
region V made computed by equation 10

1 !
V=1— x(1—-Vvet +X(m))—Za" (10)

F

Here, F epoch index, Vet modeled training loss at epoch

X, initial loss m’, limiting loss as training saturates, Za"
decay-rate coefficient for convergence, and epoch
curvature exponent.

GEPSVM logits &
scores
XGBoost
predictions.

.ogistic regression’
probabilities

Weights classifiers
dynamically

Attention-Based Learns inter-
Meta-Learner classifier correlation
Penalizes weak/
conflicting outputs

(£q woy) sinding
Jaysse|) paxoRls

Combines weighted logits

Normalizes confidence q

10k uoneBaIBBy
paiybiom

Normalizes confidence

Label assignment (e.g.,
sentiment,topic, intent)
Maximum probability
decision

Figure 7: Meta-Learner based on Attention and
Final Prediction.

Final
Classification
Output

Figure 7 is the last prediction stage. The attention-
based meta-learner takes stacked classifier outputs,
such as logits and probability scores, from GEPSVM,
XGBoost, and Logistic Regression. This learner is
dynamic in assigning weights to the classifiers
according to their accuracy in a particular instance,
whereby the stronger or conflicting predictions are
minimised [32]. These outputs are combined into a
single representation by a weighted aggregation layer,
which normalizes the confidence levels. The outcome
is a strong team decision, which generates the final
classification tag. This method can enhance predictive
accuracy, flexibility, and generalization by leveraging
both diversity and context-sensitive weighting of
classifiers.

Meta-Learner based on attention and final prediction 0
computed by equation 11

mg ,
0=1+—" —T(g —Ik)+--+vQa1D
Here, my is the number of base classifiers, Vf class
index, T temperature-calibrated probability vector from
learner q1, hybrid feature embedding lk', and learned

embedding Vx representing the characteristics of the
learner.

Algorithm 2: Inference with BERT-EnsemText
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Output: Predicted label §,ensemble probability distributi

Input: New text x ,trained parameters 0 * = { 6BERT , O FEsthDippiaterpretability and analysis.

Confidence Score vs Epoch with Confidence Region

—— BERT-base
085/ — CNN-GRU-Attn
—— BERT-EnsemText

1. Input text x,load trained O *

2. E = BERT(x; 6_BERT) € R"(L X d_b)
3. F = CNN(E); H = BiGRU(F)

4. forhead h = 1..Hdo

5. Qh=HW.Q[hl; K.h=HWK[h]; V.h=H
W_V[h]

6. A_h = softmax(Q_h K_h"T /Vd_k)

7. O_h = AhV_h

8. end for

9. 0 = Concat(0_1..0_H)W_0O

10.e_.t = v"T tanh(W_p O_t + b_p),Vt=1..T
11.a_t = softmax(e_t),f = X ta_tO_t
12.fori=1..M do

13. p_i = C_i(f; 6_Ci)

14.end for

15.fori=1..M do

16. si = uTtanh(W_f f + W pp_i + b)
17.end for

18.a_cls = softmax([s_1..s_M])

19.p_ens = X ia cls[i]p_i

20.y_hat = argmax_k p_ens[k]

21. Return final label y_hat

22. Returngnsemble probabilities p_ens
23.Return classifier weights a_cls
24.End

25.End Algorithm

During inference algorithm 2, new text is tokenized and
passed through fine-tuned BERT and CNN-GRU-
Attention layers to generate rich contextual and
sequential features. These are concatenated and fed into
the trained base classifiers, each producing probability
vectors. The meta-learner then calculates attention
weights, emphasizing more confident classifiers. The
weighted sum of probabilities produces the ensemble
distribution, from which the most probable class label
is selected. The model outputs the predicted label,
ensemble probability distribution, and classifier
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Figure 8: Analysis of Confidence Score vs
Epoch with Confidence Region

Figure 8 illustrates the training loss of all three models
as the number of epochs increases. BERT-EnsemText
achieves the lowest loss, ultimately achieving a loss of
below 0.25 after 100 epochs. The CNN-GRU-Attn and
CNN-GRU-Attn also demonstrate efficient reduction of
losses, whereas the BERT-base is slightly behind.
Slimmer stippled areas indicate uniform training, where
it is stressed that the BERT-EnsemText not only learn
faster but also more uniformly.

Analysis of confidence score vs epoch with confidence
region ovw computed by equation 12

(xv * tanh)
ov =_1 +¢e —ot(ed +9) (12)
W(ry +665) Y

Here, x* is the mean per-epoch model confidence, tanh
initial mean confidence, m, long-run confidence
plateau, relaxation rate 6s, oscillation amplitude & in
confidence o7, and the angular frequency &8 of
oscillation 9.

4. Evaluation

4.1 Classification Accuracy
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Figure 9: Analysis of Classification Accuracy

Figure 9 shows that the Classification accuracy evaluates
the percentage of accurate predictions over various
datasets, including Twitter, IMDB, Reuters, AG-News,
and PubMed. BERT-EnsemText has reached 9294%
which is better than CNN-GRU-GEPSVM (86-88%),
and EPLF-TSVM-DL (80-83%). The™ excellent
accuracy is due to the use of BERT embeddings in
conjunction with CNN-GRU-Attention, which is
effective in capturing contextual, sequential, and salient
patterns. This measure demonstrates that the model is
more reliable when applied to diverse datasets,
exhibiting superior adaptability to complex linguistic
structures and domain-specific variations, which are
crucial for real-world text classification applications.

Analysis of classification accuracy bby made evaluated
by equation 13

bbsf = 2aw(c' + 8) * (I + ) + oy (13)

Here, 2aw is the threshold-averaged accuracy o' at
epoch &, decision threshold w on predicted score 9,
weighting density over m thresholds, probability of
correct prediction given threshold and epoch oy.

4.2 Precision

Precision

Precision Score

0.75 { —@— EPLF-TSVM-DL
CNN-GRU-GEPSVM
—= - BERT-EnsemText

Positive Negative Neutral Sports Politics
Class Labels

Figure 10: Analysis of Precision

Figure 10 illustrates that Precision tests the number of
positive labels that are correctly predicted, which is
essential for minimizing false positives. BERT-
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EnsemText achieves higher scores of 0.90-0.93 across
classes (Positive, Negative, Neutral, Sports, Politics),
whereas CNN-GRU-GEPSVM yields higher scores of
0.82-0.85, and EPLF-TSVM-DL achieves lower scores
of 0.75-0.79. The attention-based ensemble sharpens
the decision boundaries, limiting misclassification.
Extremely high accuracy ensures that the system
accurately detects the correct classes, particularly in
sensitive areas such as medical or political text
analysis, where false positives could lead to serious
interpretational or operational problems.

Analysis of precision, 2ve(m) is evaluated by equation
14

£+ ui"y
[m) = 4wl + g+ Vay (145 2K
dre
Here, €' is the precision for class &, indicator function
ui’, empirical expectation X computed over the
validation sample ws at epoch 2, model-predicted
label 9q’, and ground-truth label

’
Va.
4.3 Recall
Recall
= EPLF-TSVM-DL
CNN-GRU-GEPSVM
= BERT-EnsemText
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g
3
w
5
£ 0.80
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Figure 11: Analysis of Recall

Figure 11 shows that Recall is a measure of the
percentage of true positives that the system identifies,
indicating how effectively the system reduces false
negatives. BERT-EnsemText consistently achieves a
range of 0.89 to 0.92, which is superior to CNN-GRU-
GEPSVM (0.80 to 0.82) and EPLF-TSVM-DL (0.71 to
0.75). The model performs well by retrieving more
relevant instances through the use of BERT embeddings
to provide a contextual representation and ensemble
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weighting. It is particularly useful in area that includes
sentiment detection or healthcare text classification,
where the absence of important cues might have a
negative impact on the decision, patient outcomes, or
business strategies.

Analysis of recall dyx was evaluated by equation 15

Here, Vm'measures the fraction of the true class F, is
the unweighted mean V'n across classes, recall
(sensitivity) for class Y'p, empirical counts/expectations
V' at epoch, and « is an aggregated recall measure.

4.4 F1-Score

Analysis of F1-Score
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Figure 12: Analysis of F1-Score

Figure 12 illustrates that Fl-score is the harmonic
product of precision and recall, which balances false
positives and false negatives. The result of BERT-
EnsemText is 0.90-0.92, which is better than CNN-
GRU-GEPSVM (0.81-0.83) and EPLF-TSVM-DL
(0.72-0.76). Its CNN-

GRU-Attention feature extractor improves the
contextual understanding, and the ensemble learning
balances the output of the classifiers. This tradeoff
makes F1 essential to unbalanced data, whereby
BERT-EnsemText will still be robust in terms of
classification across diverse areas, where over-as well
as under-detecting classes may undermine the
effectiveness of automated text classification systems.

Analysis of Fl-score T evaluated using equation 16

T oeloi — a1+ 64m 4+ a7 (16
v q

Here T is the F1-score for class oi, variance estimate 8
, gradient vector &', covariance matrix
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7', and €a’ the variance of F1 is approximated by the
delta method.

4.5 AUC-ROC
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Figure 13: Analysis of AUC-ROC

Figure 13 illustrates that AUC-ROC represents the
capacity to draw the line between classes at thresholds.
BERT-EnsemText has 0.95-0.97, which is better than
CNN-GRU-GEPSVM (0.89-0.91), and EPLF-TSVM-
DL (0.82-0.85). The framework focuses on confidence
weighting of the classifier by combining meta-learning
with attention. A large AUC means it has good
discrimination between predictive and irrelevant cases,
which is important in applications such as spam
detection or medical screening, where false alarms at
edge cases may cause missed dangers or false alarms;
therefore, building confidence in BERT-EnsemText
predictions.

Analysis of AUC-ROC Vq made computed by
equation 17

Vg =220 + w@® + yx) *29 * Ra (17)

Here, 22Q area under the ROC curve at w epoch, false-
positive rate 9" quantile variable yx, true-positive rate
function 29’ parametrized by epoch, and * Na the
threshold at which FPR equals.

4.6 Computational Efficiency
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Figure 14: Analysis of Computational Efficiency
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Figure 14 shows that Computational efficiency is a
metric of the scalability of training based on dataset
size. BERT-EnsemText takes 52780 seconds to train,
only marginally more than CNN-GRU-GEPSVM
(45770 seconds), but much faster than EPLF-TSVM-
DL (58940 seconds). Although it has low overhead
costs due to BERT embeddings and attention, it scales
well because of the parallelizable CNN-GRU
operations. This equilibrium enables achieving high
accuracy without excessive resource expenditures,
making BERT-EnsemText suitable for real-life
applications that require both high accuracy and
powerful classification.

Analysis of computational efficiency U(f) made
computed by equation 18

u(f) =
lop(y' —
uq) * Yy
+ ovx

(18)

Here, lop predicted throughput, y per-epoch adjustment
factor for ops, uq theoretical floating-point operations
per sample V, for model parameters, available

memory bandwidth, and g,

additional communication/IO delay.

4.7 Robustness to Noise

Robustness to Noise
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Figure 15: Analysis of Robustness to Noise

Figure 15 illustrates that Robustness is used to estimate
the stability of a model in the presence of noisy inputs
(e.g., word perturbations). Geometry BERT-EnsemText:
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BERT-EnsemText has

86.5 VI at 40 percent noise, as compared to CNN-
GRU-GEPSVM (74.1 percent) and EPLF-TSVM-DL
(65.4 percent). The sensitivity to corrupted tokens is
lowered in its contextual embeddings and ensemble
weighting, maintaining the reliability of the decisions.
This strength enables the system to be useful with
messy real-world text, such as social media feeds,
OCR-transcribed files, or specialized jargon, as
classification will remain reliable regardless of the
noise levels in these situations.

Analysis of robustness to noise dq computed by
equation 19

0q =V +nx[o' +2*2(A" +gs)] (19)

Here, V' is the robustness metric under corruption level,
normalized noise intensity 7mx, pristine performance
baseline o', sensitivity coefficient controlling rate 3 of
decay A', and gs is the curvature exponent.

4.8 Generalization Across Domains

Table 3: Analysis of Generalization Across Domains

Domain EPLF-T SVM-DL CNN-GCRU-GE PSVM BERT-EnzemT ext

815 86.8 925
Sertiment
Topic 807 8.1 932
Irtent 821 87.3 oS40
News 79.8 85.6 27
Medical 805 86.2 B5

Generalization measures can be applied to a wide range
of areas, including sentiment analysis, topic
classification, intent recognition, news, and medical
texts. BERT-EnsemText has a score of 92.5-94.0, which
is higher than CNN-GRU-GEPSVM (85.6-87.3) and
EPLF-TSVM-DL (79.8-82.1). The combination of
feature extraction and ensemble learning enables it to be
flexibly represented in terms of domain-specific
linguistic patterns. Such flexibility is essential in multi-
domain applications to ensure that the model does not
become overfitted to a single dataset, but instead
remains high-quality across a range of classification
tasks. It should also be robust and scalable for practical
use, as shown in Table 3.

Analysis of generalization across domains H(V2) is
evaluated by equation 20
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Here,

N2 generalization gap between the source

domain, &2 is the symmetric difference hypothesis-class

divergence between the

source distribution oy,

minimal joint risk (w") , and datasets (cz) for source
and target domains.
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