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Abstract

NLP sentiment analysis involves pre-processing, feature extraction, feature selection,
sentiment classification, and post-processing. Pre-processing can include PoS tagging, stop-
word removal, language-specific missing work detection and correction, etc. Word2vec, N
Gramme, term frequency (TF), distance measures, etc. can extract and select features. CNNs,
DNNs, and other machine learning and deep learning models can be used for classification
and post-processing. These models form a sentiment analysis engine, which can be assessed
for accuracy, precision, recall, analysis delay, computational complexity, etc. The wide
variation in algorithmic combination and performance makes it difficult for researchers
to choose the best model(s) for their application. This task requires a lot of model testing
and validation, which increases time-to-market and product cost. This text surveys recently
proposed sentiment analysis models to reduce ambiguity and speed up system development.
This survey characterises reviewed models’ nuances, advantages, limitations, and future
research scopes to help readers choose the best models for their application deployment.
These models’ delay, accuracy, precision, recall, computational complexity, and probable
use are also compared in this text. This comparison lets readers choose the best model(s)
for their application deployment and use them without validation. Reducing testing delay
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will improve model performance for system design and deployment for multiple sentiment
analysis applications.

Subject Classification: 68Q30.

Keywords: Sentiment, Analysis, Natural language, Processing, Delay, Precision, Complexity.

1. Introduction

To determine a sentence’s sentiment, sentiment analysis involves data
collection, pre-processing, polarity calculation, sentiment score evaluation,
and aggregation. WordNet is used to evaluate text polarity in most
sentiment analysis models. The model collects data from various document
sources and pre-processes it using PoS tagging and chunking. These
operations remove all non-action words from the input sentence and
extract only action words. A polarity estimation engine assigns context-
sensitive polarity weights to extracted words. Calculate this polarity
weight using equation 1, which uses sentence context.
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P_i represents the polarity of the i*th word, P_DB represents the
polarity of the word in the database, w_j represents the weight of the word
in context, and N_w represents the number of similar words in the
database. The input text sentiment score is the sum of these polarities [1,
2]. This task requires a sentiment aggregation engine to remove incorrect
polarities from the sentence for sentiment generation and analysis. The
model’s performance is validated by comparing these sentiments to
ground truth. Researchers propose many efficient sentiment analysis
system models. The following section discusses these models’ nuances,
advantages, limitations, and drawbacks. This survey would help
researchers choose the best model(s) for their application deployments.
After this survey, the reviewed models are evaluated and compared for
analysis delay, representation accuracy, precision, recall, computational
complexity, and likely use. This comparison would help researchers
choose the best sentiment analysis models for their applications and use
cases. This text concludes with some intriguing observations about the
reviewed models and suggests using fusion and machine learning to
improve them for different use cases.



A PRAGMATIC ANALYSIS OF TEXT-BASED SENTIMENT ANALYSIS MODELS 287

2. Literature review

Over time, researchers have proposed many context-sensitive
sentiment analysis models for application-specific sentiment analysis.
Few of these algorithms are context-independent, so sentiment analysis
scalability can be improved. A new sentiment analysis model using
comparison enhanced bidirectional long-short-term memory (BiLSTM)
with multiple attention network is proposed in [1]. The BiLSTM model
extracts multilevel features, while the MHA model estimates polarity.
Word2Vec estimates feature sets for the BILSTM model, which processes
them using linear scaled dot-product attention model and sentence
embedding with polarity-based sampling. Equation 2 combines positive
and negative sample weights and biases to estimate sentence polarity.

Sout:Ws[Wn*U(SineN)+nb] [WP*U(SinEP)-'_pb] (2)

S_out, S_in, W_s, W_n, W_p, N,P, and n”b,p”b represent output,
positive, and negative sentiment dictionaries, along with their biases.

The model was tested on various textual datasets and identified
sentiments with 86.9% accuracy, outperforming recurrent neural networks
(RNN) at 83.5%, convolutional neural networks (CNN) at 85.8%, ordered
neurons LSTM (ON-LSTM) at 85.6%, Deep LSTM (D-LSTM) at 85.3%,
BiLSTM attention networks (BiLSTMA) at 85.2%, MHA at 85.15%, and
BiLSTM AUC and precision values were similar across datasets, indicating
high scalability and low overheads for the CE BiLSTM MHA model. In [2],
researchers propose using Kernel Optimisation Function (KOF) to learn
sentiment context vector for multidomain sentiment analysis. It integrates
sentiment orientation with statistical data and propagates semantic
information to all corpus word representations. Since each corpus entry
earns a reward during document evaluation, real-time context
understanding improves sentiment analysis. The proposed model has
73.06% semantic accuracy and 64.61% syntactic accuracy, which is higher
than hybrid principal component analysis (HPCA) at 49.6% & 47.21%,
GIloVE at 72.9% & 57.06%, Word2Vec with skip Gramme (WsG) at 66.51%
& 57.02%, and Word2Vec with continuous bag of words (WCBoW) at
66.51% & 57.02%. Lexicon-based analysis with aspect-based sentiment
detection improves accuracy. Lexicon-enhanced attention network (LEAN)
with BiLSTM is proposed in [3]. Hidden sentiment representation, content
embedding, and aspect embedding are done separately using two
BiLSTMs. BiLSTM results are combined to generate content-aspect hidden
representation, which is combined with aspect embedding attention
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matrices to evaluate. The final SoftMax-based evaluation layer is visible in
this dual-LSTM network.

LEAN with BiLSTM model had an accuracy of 79.1% on the SimEval
2014 dataset, outperforming LSTM (74.3%), Target Dependent (TDLSTM)
(75.6%), Target Connection LSTM (TCLSTM) (76%), attention-based LSTM
(ATLSTM) (76.2%), AT with autoencoder-based LSTM (ATAE LSTM)
(77.2%), and interactive attention networks ( This accuracy is sufficient for
moderately scaled applications, but fused deep learning models or
context-aware networks can improve it. In a context-aware model [4],
researchers used attention mechanism to represent text using topic
semantic information. NN training and sentiment evaluation use this TSI
feature vector. This model uses a network structure like [3] and multiple
pooling layers to improve sentiment analysis. These layers improve model
feature extraction and selection, improving accuracy and precision. The
TSI model with attention network (TSIAN) has an accuracy of 90.8%,
higher than TSI without AN at 89.7%, BiLSTM at 87.62%, LSTM at 85.1%,
CNN at 86%, FastText at 84.3%, and SVM at 83.8% on the same datasets.
The model has higher precision and recall than other methods, but
attention networks cause delay, which must be reduced using parallel
processing and redundancy reduction. In [5], researchers used transfer
learning with heterogeneous modalities (HMTL) for text-to-AV data
alignment to propose a high-speed sentiment analysis model for audio
and visual (AV) data. Textual features can be converted to AV features by
the proposed model. Training accuracy is assessed by converting these
features into heterogenous modalities. The trained classifier predicts
sentiments with 64.8% accuracy without text data. Augmented deep
learning models like capsule attention networks (CANs) can improve this
accuracy [6], with Knowledge Guided CAN (KGCAN) for aspect-level
sentiment evaluation. As suggested by [3], word2vec with BiLSTM is
combined with capsule attention network for sentiment analysis.
Knowledge Guidance uses Twitter, Lap14, Res15, and SpATSA datasets
with positive and negative sentiment samples. On the same datasets, the
proposed KGCAN model outperforms SVM (75.6%), LSTM (86.8%),
Memory Network (MemNet) (85.4%), attention-over-attention (AOA)
(75.8%), IAN (83.5%), Transformer Net with learning factorization
(TNet-LF) (89.07%), and aspect-specific graph convolutional networks
(ASGCN) (88.99%).

Researchers used barrage dictionaries and different polarity models
to estimate sentiment in a novel model [7]. For barrage sentiment
estimation, the BSET model uses deep learning and dictionary analysis.
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On the ‘An les houches accord’ dataset, the BSET model had 92.4%
accuracy, higher than extended sentiment dictionary (ESD) at 87.7% and
double ESD (DESD) at 91.32%. However, the model was only tested for
language-specific sentiment analysis and should be tested on other
datasets for better performance. Additionally, hybrid indices like
Compounded Aggregated Positivity Index (CAPI) should be used to
estimate model performance [8]. Equation 3 represents a relational
stochastic mutual information value that combines sentiment value
probabilities to form the index sets.
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Where Ml represents mutual information between sentences x,y, M,N
represents number of words in each sentence, and P,s represents stochastic
probability and sentiment of the word for which CAPI is needed for
different use cases.

[9] suggests a reviewer credibility-based product recommendation
model to boost sentiment analysis trust. Reviewer credibility, user interest,
and sentiment improve recommendation (CISER) performance. Users
receive credibility scores based on eCommerce purchase patterns and
review correlation. A novel user interest metric estimates aesthetic review
level to determine interest-pattern mining features. It outperforms content-
based filtering (CBF) (85.8%), item-based collaborative filtering (IBCF)
(77.9%), and wuser-based collaborative filtering (UBCF) (79.6%) on
eCommerce datasets with 93.5% accuracy using FastText and PSO.
Multiple deep learning and optimisation models slow this scalable model.
In [10], researchers combined LSTM with Naive Bayes, Logistic Regression,
and SVM to improve feature augmentation in long news text analysis. The
proposed model outperforms LSTM (89.1%), SVM (82.3%), NB (79.6%),
and LR (83.4%) with 90.5% accuracy on the same datasets. This suggests
ensemble machine learning models improve sentiment analysis accuracy.
Opinion mining, emotion understanding, and sentiment analysis
(OMEUSA) can determine sentence- and document-level sentiments with
over 91.5% accuracy, moderate delay, and good precision [11]. BiLSTM
with weighted word vectors captured context in [12]. Word vectors from
TF-IDF and word2vec models are classified by a feedforward neural
network (FFNN) for sentiment analysis. These computations let the model
augment input features and output a context-aware feature vector. These
features help the FFNN TF-IDF BiLSTM model outperform BiLSTM
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(90.85%), TE-IDF (91.18%), and Word2Vec (89.06%) on various datasets
with 91.5% accuracy. CNN aspect-based sentiment analysis can benefit
from gated recurrent unit (GRU) [13].

To improve multidomain sentiment analysis, GRU-CNN uses
word2vec for feature extraction, stop-word removal, and segmentation.
GRU-CNN outperforms Text CNN (88.15%), DE CNN (83.29%), Dis LSTM
(83.14%), LSTM-CNN (80.6%), and SVM (83.17%) with 89.56% accuracy
on different datasets. This performance makes the model suitable for
many sentiment analysis applications. Convolution networks extract many
features, making training and validation time-consuming. The Genetic
Algorithm (GA) model in [14] reduces this delay by minimising the
polarity of similar words in a sentence for different sentiments.

NB with GA has 97.6% accuracy on IMDB, Amazon, and Yelp,
suggesting movie analysis. This model must be tested on other datasets
and applications to estimate large-scale scalability and performance.
Timeseries analysis of stock market data revealed investor herding [15].
From stock market reports, sentence tokenization, degree modifiers, and
privatives estimate herd behaviour. Although moderately accurate, deep
learning models like LSTM, GRU, CNN, and RNN can improve feature
augmentation and classification.

They generated aspect-specific text-feature representations in a high-
efficiency entity sensitive attention and fusion Network (ESAFN) for
aspect-based sentiment analysis [16]. This textual fusion layer aggregates
these representations, and aspect-level visual representation & attention
models prune features. From input images and aspect-based visual and
textual representations, the model estimates sentiment polarities.

Multimodal fusion gives the proposed ESAFN method an accuracy of
73.38%, which is higher than Residual Target (ResTarget) (59.88%),
multiple Generative Adversarial Networks (MGAN) (71.17%), recurrent
attention network on memory (RANM) (70.68%), ResRANM (71.55%),
TFN ResRANM (69.91%), and ResESTR (72.03%). Without image-text
training datasets, classification accuracy is moderate, but augmentation
and fusion models can improve it. Geological tweet sentiment analysis can
benefit from feature augmentation methods like LDA and LISA [17]. The
model uses daily temporal analysis to reduce feature redundancies and
improve polarity estimation. This gives it 79.5% regional accuracy. OR,
MMNN, and CSHGCNN are proposed in [18, 19, 20]. These models
perform accurate sentiment analysis but take a long time to train and
validate. The OR model has 83.2% accuracy, while the MMNN model that
uses BiGRUs with fusion LSTM has 77.5%, higher than conditional random
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fields (CRF) at 61.5%, NNCRFP at 71.03%, LSTM-CREF at 75.3%, and MNN
at 73.71% on similar datasets. The BiGRU & GCN-based CSHGCNN
model reduces feature vectors with 80.55% accuracy, outperforming Tree
LSTM (74.25%), Tree GCN (76.83%), and Hierarchical attention networks
(HAN) (78.45%). This comprehensive review shows that sentiment
analysis is well-researched, but fusion and augmentation strengthen
models. Selecting the best models is needed. The next section compares
these models” accuracy, precision, recall, and delays.

3. Statistical analysis

Researchers propose many sentiment analysis models, according to
the review. These models include linear classification and deep learning-
based automatic sentiment analysis. This section compares these models
statistically by accuracy (A), application of use (App), precision (P), recall
(R), and processing delay (D). This evaluation would help researchers find
the best language processing models. Figure 1 compares models’ real-time
sentiment analysis accuracy and uses. This review shows that HMTL [5] is
best for Audio & Video sentiment analysis, CISER [9] for eCommerce,
LDA LISA [17] for Geographic Data, and BSET [7] for Language Specific
sentiment analysis. Ensemble [10] methods also perform better in News
Text sentiment analysis. An algorithm score is introduced to aid model
selection. This score can be calculated using equation 4.
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Figure 1

Comparative Analysis of Reviewed Models
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This score was also evaluated for all models, and it was observed that
NB with GA [14], TF-IDF [12], NB [10], Ensemble [10], and SRMSD [39]
had an overall high performance for sentiment analysis across various
application deployments.

4. Conclusion and future work

This text reviews a wide variety of machine learning models for
context-dependent, and independent sentiment analysis. The reviewed
models are evaluated in terms of accuracy, precision, recall, and end-to-
end delay performance. From this performance it is observed that NB with
GA, RRNN, MANSM, DMNCVIB, DByN, CEHAN, BiGRU CNN Dropout,
BiGRU CNN L2, FENN TE-IDF BiLSTM, OMEUSA, WSABSA-CNN,
BiGRU CNN, and AS BiGRU outperform other models in terms of accuracy,
precision, and recall performance. These models must be used in order to
improve overall efficiency of sentiment analysis for any application
deployment. Furthermore, the models NB with GA, TF-IDF, NB, Ensemble,
and SRMSD outperformed other models when evaluated in terms of their
algorithmic score, which is a combination of accuracy, precision, recall,
and delay parameters. In future, researchers can perform model fusion,
and identify metrics which can be improved via bioinspired modelling.
Evaluation of these models must be done on larger datasets, and on wider
application scenarios to validate their performance, and ensure their
applicability to context-independent sentiment analysis applications.
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