
Received: 10 June 2026

Revised: 29 June 2026

Accepted: 2 July 2026

Published: 6 July 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Article

Multi-Level Online Public Opinion Sentiment Analysis Method
Based on Text Features
Jian Zhao 1 , Yi Sun 1, Dawei Xu 1,* , Zhejun Kuang 1,* , Lijuan Shi 2, Zubin Zhang 1 and Yong Zheng 1

1 School of Computer Science and Technology, Changchun University, Changchun 130022, China;
zhaojian@ccu.edu.cn (J.Z.); sunyia2026@163.com (Y.S.); ywanecz14@163.com (Z.Z.);
241501491@mails.ccu.edu.cn (Y.Z.)

2 School of Electronic and Information Engineering, Changchun University, Changchun 130022, China;
shilj@ccu.edu.cn

* Correspondence: xudw@ccu.edu.cn (D.X.); kuangzhejun@ccu.edu.cn (Z.K.)

Abstract

With the rapid development of social media and online interactive platforms, online public
opinion has become a vital information source for public emotional expression, social
risk perception, and decision support. However, public opinion texts are typically char-
acterized by short length, obscure semantics, complex emotional expressions, and strong
context dependence, making it difficult for traditional lexicon-based or shallow neural
network methods to achieve stable and robust performance in sentiment discrimination
tasks. To address these issues, this paper proposes BERT-BiLSTM-MHSA-Capsule (BBMC),
hereafter referred to as BBMC, an online public opinion sentiment analysis model based
on multi-level semantic feature fusion. The model first utilizes the pretrained language
model BERT to extract dynamic semantic representations with context-aware capabilities;
subsequently, a Bidirectional Long Short-Term Memory (BiLSTM) network is employed
to model the bidirectional temporal dependencies within the texts, while a Multi-Head
Self-Attention (MHSA) mechanism is introduced to achieve adaptive focusing on key
emotional information. Building upon this, a three-layer cascaded capsule network is con-
structed to achieve structured modeling of high-order emotional attributes through vector
neurons and dynamic routing mechanisms, effectively mitigating the loss of spatial feature
information caused by traditional pooling and fully connected structures. Experimental
results on a manually annotated online public opinion dataset show that BBMC achieves
better performance than the evaluated baseline models in terms of accuracy, recall, and
F1-score. These results indicate the empirical effectiveness of the proposed task-oriented
feature-integration strategy and capsule-based classification head for online public opinion
sentiment analysis.

Keywords: online public opinion analysis; sentiment analysis; BERT; BiLSTM; capsule
network

1. Introduction
With the maturity of Web 2.0 technology and the widespread popularization of social

media platforms, cyberspace has become an essential venue for the public to express
opinions, emotions, and stances. Online public opinion texts not only reflect individual
subjective attitudes toward social events but also influence public decision-making, market
behavior, and social stability to a certain extent. Therefore, accurately mining latent
sentiment tendencies from massive, unstructured online public opinion texts has become
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a research hotspot in the fields of natural language processing and social computing.
However, unlike traditional long texts or normalized corpora, online public opinion texts
generally exhibit the following challenging characteristics:

• Semantics are dense, and emotions are often expressed through metaphors, irony, or
contextual implications;

• Emotional expressions have strong context dependence, where the same word may
present completely opposite emotional polarities under different event backgrounds;

• There are implicit temporal logics and emotional transmission relationships within
the content of public opinion event comments.

In recent years, pretrained language models such as BERT have significantly improved
the quality of text representation; however, their outputs are typically input into down-
stream classifiers as static features, which remains insufficient in depicting the temporal
evolution and high-order attribute relationships of public opinion sentiments. Although
models based on BERT and Transformers have achieved breakthroughs in capturing con-
textual semantics, their classification heads usually adopt max-pooling or average-pooling
strategies. This scalar compression process inevitably leads to the loss of spatial relation-
ships and emotional intensity attributes between features.

The study focuses on how established representation-learning components can be
organized into a task-oriented multi-level framework for online public opinion sentiment
analysis. In practical public opinion monitoring, sentiment classification is still often con-
ducted through semi-manual procedures, including event-keyword screening, manual text
inspection, and subjective sentiment judgment. Although such procedures are useful for
small-scale analysis, they are labor-intensive, difficult to scale to massive volumes of online
comments, and susceptible to inconsistency among analysts. Therefore, the scientific and
engineering value of this study lies in constructing an automated sentiment classification
framework that adapts established NLP components to the practical requirements of online
public opinion analysis, including contextual ambiguity, implicit sentiment expression,
sentiment-keyword focusing, and category-level sentiment judgment.

The main contributions of this paper are summarized as follows:

• A task-oriented multi-level sentiment analysis framework, BBMC, is developed for
online public opinion texts. The framework sequentially integrates contextual se-
mantic representation, bidirectional temporal modeling, attention-based key-feature
selection, and capsule-based classification, so that different types of sentiment-related
information can be represented at different levels.

• In BBMC, a three-layer cascaded capsule classification head is introduced after
the BERT-BiLSTM-MHSA feature extractor. Rather than using conventional pool-
ing or a simple fully connected classifier, the proposed classification head progres-
sively aggregates local semantic features into category-level capsule representa-
tions. Its contribution is further examined through module-level and capsule-depth
ablation experiments.

• A manually annotated online public opinion dataset is constructed, and the pro-
posed framework is evaluated against traditional machine learning, convolutional,
pretrained language model, and hybrid neural network baselines. The experimental
results provide empirical evidence for the effectiveness of the proposed integration
strategy on the evaluated dataset.
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2. Related Work
2.1. Online Public Opinion Sentiment Analysis

The paradigm of online public opinion analysis has transitioned from early feature
engineering to deep semantic representation centered on pretrained language models.
Representing foundational work, Gueddes et al. [1] enhanced BERT’s semantic modeling in
social media contexts by integrating sentiment ontologies, while Bahari et al. [2] provided
a systematic review of hyperparameter optimization for BERT-based sentiment analysis.
Addressing the complexity of social media content, Amirthasaravanan et al. [3] utilized
attention mechanisms to achieve effective multimodal feature fusion.

To further mitigate feature sparsity and long-range dependencies, hybrid architectures
have gained prominence. Kirti et al. [4] demonstrated the synergy between LSTM and
BERT in capturing contextual nuances, Iyer et al. [5] incorporated multi-level attention
into a hybrid CNN-BiLSTM model, whereas Yun et al. [6] tailored a BERT-BiLSTM-CNN
architecture for Chinese Weibo. To tackle data incompleteness, Yang [7], Afroze [8], and
Ji [9] proposed robust solutions involving token-level reconstruction, cross-attention, and
feature relevance fusion; concurrently, Shi et al. [10] focused on text-guided reconstruction
networks to handle missing modalities. Furthermore, Ping et al. [11] explored the inte-
gration of causal reasoning, Wang et al. [12] proposed a knowledge-enhanced semantic
composition model, and Tarik et al. [13] optimized multimodal analysis efficiency through
innovative feature selection algorithms.

2.2. Application of Capsule Networks in Text Sentiment Analysis

Pooling operations in traditional convolutional architectures often precipitate the
irreversible loss of spatial hierarchical information. In contrast, capsule networks pre-
serve spatial constraints between local features and global structures via vector neurons.
Patrick et al. [14] provided a comprehensive survey of these advantages, while the poten-
tial for extracting fine-grained structural features was further validated in architectures
integrating capsule and residual networks [15].

In the NLP domain, capsule networks have demonstrated robust hierarchical fea-
ture modeling. Gauraha et al. [16] proposed a capsule-enhanced RoBERTa model, and
Pamulaparthy et al. [17] developed a cohesive Transformer–Capsule model based on con-
textual embeddings. To optimize the structured modeling of dynamic temporal features, the
BiERU-CapsNet [18] introduced an integrated scheme combining Bidirectional Emotional
Recurrent Units with capsules. For specific applications, the dynamic routing mechanism of
capsule networks has shown significant advantages in detecting hate speech on Twitter [19]
and sentiment classification for depression identification [20]. These developments provide
the theoretical impetus for the multi-level cascaded capsule network proposed in this study
to achieve refined emotional feature extraction.

3. Model Construction
3.1. Architecture

This study constructs a multi-level online public opinion sentiment analysis frame-
work, realizing the crawling, processing, and sentiment analysis of public opinion com-
ments to improve the accuracy of sentiment analysis for Weibo comments related to specific
public opinion events and provide a scientific basis for guiding and governing negative pub-
lic opinion. The model framework and specific experimental steps are shown in Figure 1.
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Figure 1. The systematic architecture and experimental flowchart of online public opinion sentiment
analysis.

3.2. Data Collection and Preprocessing

The architecture of this model primarily requires data from two aspects, one being
Weibo—a public platform for emotional expression and the world’s largest Chinese social
networking platform. With its high level of data openness, obtaining relevant data from
it for sentiment analysis holds guiding significance for the governance of online public
opinion and the promulgation of measures. The specific collection process is shown in
Figure 2.

Figure 2. Flowchart of data collection and preprocessing.

3.3. BBMC Model

In the context of online public opinion, the objective of the sentiment analysis task
is to extract latent stances and emotional tendencies from unstructured text. Let the
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dataset D = {(Xi, yi)}n
i=1 contain n public opinion samples, where Xi denotes the i-th

text sample and yi ∈ {1, . . . , K} denotes its sentiment label. For an input token sequence
X = [w1, w2, . . . , wL], the goal of the model is to learn a mapping function F : X → y,
where K is the number of sentiment categories. This subsection presents BBMC, a multi-
level public opinion sentiment analysis framework designed to address obscure semantics
and the loss of spatial feature position information in public opinion texts.

Figure 3 shows the comprehensive architecture of BBMC. The framework consists of
four primary components: (1) a pretrained BERT layer for extracting dynamic, context-
aware semantic representations; (2) a BiLSTM layer to capture long-range temporal depen-
dencies and emotional transmission logic; (3) an MHSA mechanism designed to adaptively
focus on salient emotional indicators; and (4) a three-layer cascaded capsule network that
utilizes vector neurons and dynamic routing to preserve spatial hierarchical relationships
and structural information of high-order sentiment attributes. The rationale of this architec-
ture is not to treat each component as an independent methodological novelty, but to assign
a specific representational role to each level of the model. BERT provides contextual token
representations, BiLSTM further models sequential dependencies in public opinion com-
ments, MHSA highlights sentiment-relevant tokens or phrases, and the cascaded capsule
network transforms the resulting features into class-level vector representations.

Figure 3. Structural diagram of BBMC.

3.3.1. Dynamic Contextual Semantic Representation Layer

Traditional embedding methods cannot handle polysemy and sentiment reversals
in specific contexts within public opinion texts. The first layer of the model employs the
Bidirectional Encoder Representations from Transformers. By encoding the input sequence
through multiple Transformer blocks, the generated initial semantic features Hbert can be
expressed as:

Hbert = BERT(x1, x2, . . . , xL) ∈ RL×dmodel (1)
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where Hbert = [hbert
1 , hbert

2 , . . . , hbert
L ], hbert

t denotes the contextual representation of the t-th
token, and dmodel represents the hidden layer dimension. In the BBMC implementation,
the BERT encoder was initialized from the pretrained checkpoint bert-base-chinese.
This checkpoint contains 12 Transformer encoder layers, a hidden dimension of 768, and
12 self-attention heads. Tokenization was performed using the tokenizer and vocabulary
distributed with the same checkpoint. Input sequences were truncated or padded to a
maximum length of 128 tokens. Through the Masked Language Model task, BERT learns
rich lexical and grammatical patterns, providing a high-dimensional continuous semantic
space for subsequent sentiment inference.

3.3.2. Public Opinion Bidirectional Temporal Memory Network Layer

Data comments in online public opinion exhibit significant contextual logical correla-
tions. To capture the bidirectional long-distance dependencies within public opinion texts,
a BiLSTM network is introduced.

it = σ
(

Wi[ht−1, hbert
t ] + bi

)
(2)

ft = σ
(

W f [ht−1, hbert
t ] + b f

)
(3)

Ct = ft ⊙ Ct−1 + it ⊙ tanh
(

WC[ht−1, hbert
t ] + bC

)
(4)

ot = σ
(

Wo[ht−1, hbert
t ] + bo

)
(5)

ht = ot ⊙ tanh(Ct) (6)

Finally, by concatenating the forward and backward hidden states at each time step,
the temporal-enhanced features are obtained as Hlstm = [

−→
h t⊕

←−
h t]Lt=1 ∈ RL×2dhidden , where

−→
h t and

←−
h t denote the forward and backward hidden states, respectively. This layer

effectively filters redundant background information in public opinion texts through the
forget gate, preserving the core logic of emotional evolution.

3.3.3. Multi-Head Attention Mechanism

In public opinion texts, sentiment tendencies are often determined by a few key
terms such as “anger” or “agreement.” To automatically identify these salient signals, the
MHSA mechanism is introduced. Hlstm is mapped into the query space, key space, and
value space:

Q = HlstmWQ (7)

K = HlstmWK (8)

V = HlstmWV (9)

The weight distribution scores are calculated using Scaled Dot Product Attention:

Attention(Q, K, V) = softmax

(
QK⊤√

dk

)
V (10)

Z = Concat(head1, . . . , headh)WO (11)

where dk serves as the scaling factor to prevent the vanishing gradient problem caused by
excessively large dot product results. WO denotes the output projection matrix, which is
responsible for integrating the multi-dimensional public opinion sentiment distribution
features extracted by h attention heads.
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The advantage of the multi-head attention mechanism lies in its ability to capture de-
pendencies between different positions in the input sequence, and it significantly improves
learning efficiency through parallel computation. Through multiple attention heads, the
model can independently learn and capture different features in multiple representation
subspaces, thereby enhancing the model’s expressiveness and robustness.

3.3.4. Three-Layer Cascaded Capsule Network Clustering Layer

By introducing vector neuron capsules to replace scalar neurons in traditional CNNs,
the capsule network redesigns the connection structure between layers, thereby better
preserving the spatial and hierarchical structural information of the text. In each layer,
the features represented by capsules are expanded from one-dimensional vectors to multi-
dimensional vectors and are optimized via the dynamic routing algorithm. During the
model training process, the dynamic routing mechanism continuously adjusts the coupling
coefficients between the child capsule layer and the parent capsule layer, optimizing their
inter-dependencies. Furthermore, a squash function is employed to jointly determine which
textual information should be transmitted from the child capsule layer to the parent capsule
layer, thereby minimizing information loss and enhancing feature extraction capabilities.
Ultimately, the high-level feature representation of the text is obtained by merging and
concatenating all vectors in the parent capsule layer.

To address the loss of structural information caused by traditional fully connected
layers when processing complex feature space relationships, this paper constructs a three-
layer cascaded capsule network. Unlike traditional scalar neurons, cascaded capsules utilize
vector neurons to model sentiment attributes, where the length of the vector represents
the probability of a specific sentiment category, and the direction of the vector encodes
the attribute features of the sentiment. Vector mapping from features to attributes: The
sentiment prediction vector mapped from low-level capsules to high-level capsules is
denoted as uj|i. To achieve precise polarity clustering, the model employs a dynamic routing
algorithm to iteratively update the coupling coefficients cij. The coupling coefficients cij are
iteratively updated by the dynamic routing algorithm based on prediction agreement:

cij =
exp(bij)

∑k exp(bik)
(12)

Weighted Combination: A weighted combination of prediction vectors from low-level
capsules is performed to learn the mapping relationship from local components to the
global representation.

sj = ∑
i

cijûj|i (13)

Non-linear Squashing Function: To maintain the orientation of sentiment features
while normalizing the vector magnitude, the squash function is utilized:

vj =
∥sj∥2

1 + ∥sj∥2 ·
sj

∥sj∥
(14)

Coupling Coefficient Update: In each iteration, the coupling coefficients are updated
by calculating the directional agreement between the prediction vectors of the low-level
capsules and the target capsules. When the prediction vector aligns with the direction of
the target capsule, the connection strength is enhanced.

bij ← bij + ⟨ûj|i, vj⟩ (15)
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The classification capsule layer represents the probability of each category through the
length of the final output capsule vectors. Each category is represented by a specific capsule,
where the probability of the category is proportional to the magnitude of the corresponding
squashed capsule output. The calculation formula for classification is as follows:

P(y = i|x) = exp(∥vi∥)
∑K

k=1 exp(∥vk∥)
(16)

Ultimately, a three-layer cascaded capsule network is employed to achieve step-by-
step clustering and determination of public opinion text, transitioning from local semantic
fragments to global sentiment entities.

4. Results and Discussion
4.1. Dataset Sources and Experimental Setup

The experimental dataset comprises 20,000 real-world public opinion entries collected
from mainstream social media platforms via a self-developed distributed crawler. After
removing duplicated posts, advertisements, irrelevant content, and entries with excessive
missing or unreadable text, 17,224 valid samples were retained, categorized into negative
(7454), positive (7119), and neutral (2651) classes. To ensure high-quality annotation, we
implemented a double-blind labeling process involving three linguistics graduate students.
Before annotation, all annotators were provided with unified labeling guidelines. Com-
ments expressing support, approval, satisfaction, or positive emotional tendency toward
the public opinion event were labeled as positive; comments expressing criticism, dissat-
isfaction, anger, anxiety, or other negative emotional tendency were labeled as negative;
and comments mainly describing facts, forwarding information, or expressing no clear
emotional polarity were labeled as neutral. Two primary annotators independently labeled
the data according to these criteria, while a third expert served as an arbitrator to resolve
any discrepancies. The inter-rater reliability was validated using Cohen’s Kappa coefficient,
achieving a score of 0.82, which indicates substantial agreement and ensures the reliability
of the empirical results. Finally, the dataset was partitioned into training, validation, and
testing sets with a ratio of 8:1:1, as detailed in Table 1. The dataset shows a certain degree
of class imbalance, with the neutral class accounting for 15.40% of the corpus. Public
benchmark datasets are valuable for evaluating model generalization; however, many
existing sentiment benchmarks differ from online public opinion monitoring scenarios in
terms of data source, event context, annotation granularity, and discourse characteristics.
Since this study focuses on event-oriented online public opinion sentiment classification,
the main experiments were conducted on the manually annotated public opinion dataset
constructed for this application scenario. To preserve the original distribution of real-world
online public opinion data, we did not apply oversampling, undersampling, or synthetic
resampling. Instead, the train/validation/test split was performed while maintaining the
original class distribution, and macro-F1 was used as the validation metric to reduce the
dominance of majority classes during model selection.

Table 1. Statistical distribution of the experimental dataset.

Sentiment Category Sample Size Proportion (%) Average Length

Negative 7454 43.27 128
Positive 7119 41.33 115
Neutral 2651 15.40 86

Total 17,224 100 112
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The experiments were implemented using the PyTorch 2.0 framework, with the hard-
ware computations conducted on an NVIDIA Tesla V100 GPU (32 GB) (NVIDIA, Santa
Clara, CA, USA). To improve reproducibility, the preprocessing procedure, annotation
criteria, data split ratio, pretrained checkpoints, optimization strategy, early-stopping rule,
and random seeds are explicitly reported in this section and Table 2. For reproducibility,
the exact pretrained BBMC and the BERT-based ablation models used bert-base-chinese,
whereas the RoBERTa, RoBERTa-BiLSTM, and RoBERTa-BiLSTM-Attention baselines used
hfl/chinese-roberta-wwm-ext. The pretrained tokenizer corresponding to each check-
point was used without vocabulary modification. Each model was trained for a maximum
of 20 epochs. Model performance on the validation set was evaluated after each epoch,
and the checkpoint with the highest validation macro-F1-score was retained for test-set
evaluation. No class-weighted loss was used in the reported experiments, so that all com-
pared models were evaluated under the same data distribution and optimization protocol.
Early stopping was applied with a patience of three epochs if the validation macro-F1-score
did not improve. The BERT parameters and the newly initialized downstream layers were
optimized using learning rates of 2× 10−5 and 1× 10−3, respectively. Weight decay was
set to 0.01, and dropout with a probability of 0.3 was applied to the BiLSTM output and
downstream classification layers. To account for stochastic variation, each model was
independently trained and evaluated using five random seeds: 42, 52, 62, 72, and 82. For
each seed, the same train/validation/test split and experimental protocol were used across
all models. Accuracy, precision, recall, and F1-score are reported as the mean and standard
deviation over the five runs. To further assess whether the observed improvements are
statistically reliable, paired two-tailed t-tests were conducted based on the seed-level re-
sults. In addition, 95% confidence intervals were calculated for the paired mean differences
between BBMC and the strongest comparison models.

Table 2. Core hyperparameter settings of the model.

Parameter Name Parameter Value

Batch Size 32
BERT Learning Rate 2× 10−5

Other Layer Learning Rate 1× 10−3

BiLSTM Hidden Size 256
Attention Heads (h) 8

Routing Iterations (r) 3
Primary Capsule 8 caps × 64 dim

Intermediate Capsule 4 caps × 32 dim
Class Capsule 3 caps × 16 dim

Optimizer AdamW
Maximum Epochs 20
Validation Metric Macro-F1

Early-Stopping Criterion No improvement in validation macro-F1
Early-Stopping Patience 3 epochs

Model-Selection Criterion Highest validation macro-F1
Dropout Rate 0.3
Weight Decay 0.01
Random Seeds 42, 52, 62, 72, 82
Statistical Test Paired two-tailed t-test over five seeds

Confidence Interval 95% CI of paired mean differences
BERT Checkpoint bert-base-chinese

RoBERTa Checkpoint hfl/chinese-roberta-wwm-ext
Maximum Sequence Length 128
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4.2. Comparison with Baseline Models

To evaluate the performance of the proposed BBMC model, we selected representative
baselines from different modeling levels, including traditional machine learning, convolu-
tional neural networks, pretrained Transformer encoders, and Transformer-based hybrid
architectures. Specifically, SVM + TF-IDF was used as a traditional feature-engineering
baseline, TextCNN was used as a neural convolutional baseline, RoBERTa was used as
a strong pretrained Transformer-based baseline, and RoBERTa-BiLSTM and RoBERTa-
BiLSTM-Attention were included as enhanced Transformer-based hybrid baselines. This
baseline design was intended not only to compare BBMC with standard sentiment classi-
fiers, but also to examine whether the proposed capsule-based classification head provided
additional benefit beyond pretrained Transformer representation, sequential modeling, and
attention-enhanced feature extraction. For a fair comparison, all models were implemented
using the same preprocessing pipeline, data split, experimental protocol, and hardware
environment described previously. The comparative experimental results are presented in
Table 3.

Table 3. Performance comparison of different models on the public opinion dataset.

Model Name Accuracy (%) Precision (%) Recall (%) F1-Score (%)

SVM + TF-IDF 77.42 ± 0.17 77.68 ± 0.21 77.03 ± 0.13 77.33 ± 0.18
TextCNN 82.35 ± 0.17 82.64 ± 0.23 81.95 ± 0.13 82.24 ± 0.16
RoBERTa 86.24 ± 0.19 86.55 ± 0.25 85.83 ± 0.18 86.13 ± 0.18
RoBERTa-BiLSTM 89.07 ± 0.15 89.38 ± 0.21 88.66 ± 0.14 88.95 ± 0.15
RoBERTa-BiLSTM-
Attention 90.99 ± 0.19 91.31 ± 0.26 90.56 ± 0.19 90.86 ± 0.18

BBMC (Ours) 94.23 ± 0.17 93.85 ± 0.16 93.29 ± 0.16 93.56 ± 0.16

According to the repeated-run results presented in Table 3 and Figure 4, BBMC
achieves the highest average performance among all evaluated models across the four
core evaluation metrics. Traditional models like SVM are limited by manual feature
engineering, struggling to capture complex semantic correlations, while TextCNN shows
inherent deficiencies in modeling long-distance dependencies despite its local feature
extraction capabilities. Although RoBERTa-based models show clear improvements over
conventional neural architectures due to their contextual semantic representations, BBMC
achieves further gains over the selected Transformer-based and hybrid baselines under
the same experimental setting. Compared with the strongest baseline, RoBERTa-BiLSTM-
Attention, the paired t-test over five random seeds shows that BBMC improves accuracy
by 3.24 percentage points, with a 95% confidence interval of 2.97–3.52 percentage points
(p < 0.001), and improves F1-score by 2.70 percentage points, with a 95% confidence
interval of 2.44–2.97 percentage points (p < 0.001). Specifically, by replacing traditional
pooling layers with a cascaded capsule network, BBMC utilizes vector neurons and a
dynamic routing mechanism to precisely capture spatial hierarchical relationships. This
approach effectively mitigates feature information loss and proves that BBMC demonstrates
enhanced robustness and significant performance gains when navigating complex public
opinion landscapes, including those involving metaphor and irony.
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Figure 4. Performance comparison of different sentiment analysis models.

4.3. Ablation Study Analysis

To investigate the specific contribution of each module to the overall performance of
the model, four groups of comparative models were designed for the ablation study.

As shown in Table 4 and Figure 5, all ablation results are reported as mean ± stan-
dard deviation over five independent runs. Compared with BERT-Linear, BERT-BiLSTM
improves the average F1-score from 87.35% to 89.66%, indicating that bidirectional tempo-
ral modeling contributes to capturing contextual dependencies in online public opinion
texts. This indicates that although online public opinion texts are relatively short, they still
possess significant internal logical connections and emotional transmission relationships.
Through its bidirectional structure, BiLSTM effectively captures these long-distance depen-
dencies, thereby enhancing the depth of feature representation. Following the introduction
of the MHSA mechanism, all performance metrics of the model are further improved.
This verifies that within complex public opinion texts, the contributions of different words
to sentiment polarity are not uniform. MHSA adaptively assigns higher weights to key
emotional signals, enabling the precise extraction of core features amidst noise interference.

Compared with BERT-BiLSTM-MHSA, BBMC increases the average accuracy from
92.12% to 94.23% and the average F1-score from 92.17% to 93.56% after introducing the
three-layer cascaded capsule classification head. The paired t-test further indicates that
the improvement introduced by the capsule classification head is statistically significant,
with an accuracy gain of 2.11 percentage points, a 95% confidence interval of 1.98–2.24
percentage points (p < 0.001), and an F1-score gain of 1.39 percentage points, along
with a 95% confidence interval of 1.28–1.50 percentage points (p < 0.001). This significant
improvement demonstrates the clear advantages of capsule networks over traditional scalar
neurons and fully connected structures; traditional classification heads typically employ
pooling operations, which lead to the loss of relative positional and spatial hierarchical
information between words. In contrast, the BBMC model utilizes vector neurons and a
dynamic routing mechanism to successfully achieve step-by-step clustering, transitioning
from local semantic fragments to global sentiment entities. This structured modeling
approach effectively mitigates sentiment determination errors caused by implicit semantics
and strong contextual dependency in public opinion analysis, fully demonstrating the
superiority of BBMC in handling complex sentiment attribute mappings.
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https://doi.org/10.3390/app16136785


Appl. Sci. 2026, 16, 6785 12 of 16

Table 4. Ablation results of different BBMC variants on the public opinion dataset.

Model Name Accuracy (%) Precision (%) Recall (%) F1-Score (%)

BERT-Linear 87.32 ± 0.11 86.95 ± 0.12 87.78 ± 0.12 87.35 ± 0.12
BERT-BiLSTM 89.76 ± 0.12 90.21 ± 0.14 89.13 ± 0.10 89.66 ± 0.10
BERT-BiLSTM-MHSA 92.12 ± 0.13 91.85 ± 0.13 92.50 ± 0.11 92.17 ± 0.11
BBMC (Ours) 94.23 ± 0.17 93.85 ± 0.16 93.29 ± 0.16 93.56 ± 0.16

Figure 5. Results of the ablation study.

To further verify the rationality of the proposed three-layer cascaded capsule network
in processing the spatial relationships of public opinion features, comparative experiments
were conducted by varying the number of cascaded capsule layers while keeping the
parameters of BERT, BiLSTM, and MHSA constant. The experimental results are illustrated
in Figure 6.

Figure 6. Impact of the number of capsule layers on BBMC performance.

When the number of layers is 1–2, although the model can perform preliminary
feature modeling using vector neurons, its capacity for structural modeling of complex
sentiment attributes remains insufficient due to the shallow architecture, resulting in an
accuracy of 92.10%—lower than that of the three-layer configuration. Model performance
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reaches its peak at 94.23% when the depth is set to three layers. This demonstrates that
a three-layer cascaded structure best aligns with the semantic hierarchical logic of public
opinion texts: (1) the Primary Capsule Layer receives and vectorizes features extracted
by the MHSA; (2) the Intermediate Capsule Layer performs preliminary sentiment feature
aggregation via the dynamic routing mechanism; and (3) the Sentiment Class Capsule
Layer completes the final polarity determination. This architecture effectively mitigates
the spatial information loss typically caused by traditional pooling operations. However,
model performance declines significantly when the depth increases to four layers or more.
This degradation can be attributed to two main factors: first, since capsule networks rely
on iterative dynamic routing, an excessively deep structure causes computational drift of
coupling coefficients during transmission, thereby introducing unnecessary routing noise.
Second, the substantial increase in parameters prone to inducing overfitting on the dataset
of 17,224 public opinion samples leads to a weakened generalization capability.

To further investigate the discriminative accuracy of the BBMC model across different
sentiment polarities, this study examines the normalized confusion matrix on the test set.
This per-class analysis was included because the neutral class is less frequent than the
positive and negative classes, and therefore overall accuracy alone may not fully reflect
the model’s behavior on minority-class samples. As shown in Figure 7, the model exhibits
exceptional performance on “Positive” and “Negative” samples—categories representing
strong emotional intensity—achieving recognition accuracies of 95.2% and 94.8%, respec-
tively. This success is primarily attributed to BERT’s capability in capturing deep semantics
and the capsule network’s precise clustering of sentiment entity attributes. Although the
recognition rate for “Neutral” samples of 92.3% is slightly lower than that of the two polar
extremes, a tracking analysis of False Positives reveals that negative samples misclassified
as neutral often contain subtle irony or suffer from semantic loss due to internet abbre-
viations. Nevertheless, the confusion matrix indicates that neutral samples remain more
difficult to distinguish than positive and negative samples, which is consistent with the
relatively lower proportion and weaker emotional intensity of neutral texts in the dataset.
The results suggest that the three-layer cascaded capsule network, facilitated by the dy-
namic routing algorithm, helps improve the discrimination of sentiment categories with
blurred boundaries, although further comparison using baseline confusion matrices would
be needed to quantify category-level confusion reduction more precisely.

Figure 7. Confusion matrix of BBMC.
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5. Conclusions
5.1. Summary of Major Research Findings

To address challenges such as implicit semantics, complex emotional expressions, and
context dependency in online public opinion texts, this paper proposes BBMC, a multi-level
sentiment analysis framework for online public opinion sentiment classification. Based on
experimental validation using 17,224 processed real-world public opinion data samples,
the following conclusions are reached:

1. Effectiveness of Multi-level Feature Fusion: Experimental results over five indepen-
dent runs show that the BBMC model achieves an average accuracy of 94.23% ± 0.17
and an average F1-score of 93.56% ± 0.16. Compared to traditional baseline models
such as TextCNN and RoBERTa, the proposed model demonstrates superior precision
and stability when processing complex semantic logic.

2. Structural Feature Capture Capability: Ablation studies confirm that the introduction
of a cascaded capsule network effectively overcomes the limitations of traditional
fully connected layers regarding the loss of feature space information. Through
the dynamic routing mechanism, the model can accurately cluster local semantic
capsules into global sentiment entities, significantly enhancing its ability to identify
metaphorical scenarios such as irony and double negatives.

5.2. Limitations and Future Work

Although the proposed model has achieved significant performance improvements,
certain limitations remain to be addressed in future research:

1. Computational Efficiency and Optimization: While the BBMC model performs ex-
cellently on the current corpus, the multiple iterations of dynamic routing result in
a higher computational overhead compared to linear classifiers. Consequently, the
response latency in large-scale real-time stream monitoring scenarios requires further
optimization.

2. Cross-dataset Generalization: The current evaluation is mainly based on a manually
annotated online public opinion dataset. Although this dataset reflects the practical
characteristics of event-oriented public opinion monitoring, additional experiments
on public benchmark datasets would further strengthen the evidence for model
robustness and generalization. Future work will evaluate BBMC on publicly available
sentiment analysis benchmarks and cross-domain public opinion datasets.

3. Multimodal Data Fusion: Current forms of public opinion expression are increasingly
diverse; beyond text, images, short videos, and internet memes carry substantial
emotional weight. This study currently focuses solely on textual features. Future
work will explore multimodal fusion technologies to achieve a more comprehensive
perception of online sentiment.

4. Integration of External Knowledge Bases: Internet slang and “memes” evolve rapidly,
often involving domain-specific abbreviations. Future research plans to introduce
knowledge graphs or external semantic lexicons to enhance the model’s depth of
understanding regarding background knowledge in specific vertical domains (e.g.,
financial or medical public opinion).
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