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ARTICLE INFO ABSTRACT 

Received:  06/05/2025 The ensemble method is a technique that has garnered significant attention 

in recent years, particularly in the field of sentiment analysis. It leverages 

the strengths of multiple models to enhance overall performance. Although 

many ensemble methods for sentiment analysis have been proposed, few 

have incorporated deep learning models. In this study, we propose an 

ensemble model based on transformers and deep learning to improve 

sentiment analysis performance. The proposed model comprises the 

following main components: (i) an embedding layer, which converts input 

sentences into vector matrices; (ii) a BERT-LSTM-based sentiment 

classifier, which extracts and learns global and contextual features from the 

embedding layer; (iii) a BERT-CNN-based sentiment classifier, which 

extracts and learns local and semantic features from the embedding layer; 

(iv) an ensemble layer, which combines the extracted features; and (v) an 

ensemble classifier layer, which classifies the sentiment of the input 

sentences. The model is evaluated on four benchmark datasets. 

Experimental results show that it improves sentiment analysis performance 

by at least 0.02 and up to 0.05. 
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1. Introduction 

Sentiment analysis (SA) is the process of determining the level of sentiment expressed by users in 

their opinions about a particular topic or entity. Opinions can be images, audio, videos, and most 

commonly, texts. Sentiment level can be determined by sentiment score or by polarities such as positive, 

negative, neutral. SA is increasingly used in practical applications such as recommendation systems, 

virtual assistant systems, expert systems as a module that helps the system grasp the psychology and 

emotions of users, thereby providing more friendly and appropriate assistance and recommendations. 

Thus, the performance of SA methods directly affects the quality of these systems. Therefore, improving 

the performance of SA methods has been of interest to many researchers in recent years. 

Table 1. Survey state-of-the-art ensemble-based SA methods [5]. 

Order Ref Year Ensemble Performance on IMDb dataset 

1 [1] 2020 LR+SVM+RF 0.89 

2 [2] 2021 CNN-LSTM  0.86 

3 [3] 2019 CNN-BiLSTM 0.86 

4 [4] 2022 BERT-LSTM 0.92 

5 [6] 2021 LSTM 0.85 

6 [7] 2020 BiLSTM 0.86 

7 [8] 2019 CNN-BiLSTM 0.86 

Many SA methods based on different approaches have been proposed, notably lexicon-based SA, 

machine learning-based SA, deep learning-based SA, and ensemble models-based SA  [15]. Among 

them, SA based on ensemble models are achieving promising accuracy. Ensemble is a way of combining 
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individual models to solve the same problem. For example, combining machine learning models, 

combining deep learning models, combining lexicon-based models and machine learning models, deep 

learning. The purpose of ensemble is to take advantage of the strengths of each model. There are many 

SA methods based on ensemble models that have been proposed as summarized in Table 1. 

From Table 1, we have some observations as follows: (i) An ensemble of machine learning, deep 

learning, and Transformers is the most popular combination method for SA; (ii) The ensemble methods 

involving BERT achieve better performance, with BERT being the most notable; (iii) No ensemble 

method combines BERT-CNN and BERT-BiLSTM for SA. 

From the above observations, we propose an ensemble method for SA by combining BERT-CNN 

and BERT-BiLSTM, called Deep Transform Ensemble. The reason why we chose the two models, 

BERT-CNN and BERT-BiLSTM, to combine in this study is that: BERT uses BERT's character-level 

Byte Pair Encoding and static masking, allowing for representations with features of long dependencies 

and more semantics; meanwhile, CNN can well capture local features from the input sentence and 

BiLSTM can well capture global and contextual features. Therefore, combining BERT, CNN, and 

BiLSTM can extract more significant features. The Deep Transform Ensemble method includes the 

following main layers: (i) Embeddings layer is to convert input sentences into the vector space; (ii) 

BERT-LSTM based sentiment classifier that extracts and learns global and contextual features from 

embeddings layer; (iii) BERT-CNN based sentiment classifier that extracts and learns local and 

semantics features from embeddings layer; (iv) Ensemble layer that classifies sentiment of input 

sentences by integrating the outputs of BERT-LSTM and BERT-CNN layers into the final 

representation; (vi) Ensemble classifier is to compute distribution between sentiment classes for SA by 

using activation function. The Deep transform ensemble method was tested on four benchmark datasets, 

and the results demonstrated its performance. Our contributions are: 

- We propose a Deep transform ensemble model to improve the performance of SA.  

- We experiment with the Deep transform ensemble model on three datasets to evaluate the 

performance of the proposed model and ablations; data and code are available for a requirement. 

The rest of the paper is organized as follows: Section 2 reviews related studies on the steps, their 

advantages, and disadvantages. Section 3 presents the research problem that the paper plans to address. 

Section 4 presents the detailed steps for building a deep transform ensemble model to improve the SA 

performance. Section 6 describes the experimental steps for the proposed model. Section 6 summarizes 

the objectives, steps, advantages, and disadvantages of the deep transform ensemble method for SA. 

2. Related Works 

Several recent studies have proposed hybrid approaches to leverage the strengths of different models. 

For example, Rehman et al. [9] introduced a hybrid architecture that combines a Convolutional Neural 

Network (CNN) with a Long Short-Term Memory (LSTM) network to improve the accuracy of SA on 

movie reviews. This approach exploits the CNN’s ability to extract local textual features and the 

LSTM’s strength in capturing long-term dependencies within word sequences. In this method, word 

embeddings are first generated using the Word2Vec model. These embeddings are then processed by 

the LSTM network to capture deeper semantic relationships and long-term dependencies. Finally, a deep 

CNN is applied to refine the embeddings further, generating multiple feature representations through 

various convolutional filters with different window sizes. The CNN effectively captures local features, 

while the LSTM addresses temporal dependencies and helps mitigate the vanishing gradient problem 

common in traditional recurrent neural networks (RNNs). This combination achieves competitive results 

on datasets such as IMDB and Amazon movie reviews. However, CNNs may require multiple 

convolutional layers to effectively model long-term dependencies, and their performance can degrade 

as the input sequence length increases. 

Tan et al. [4] propose a model that combines RoBERTa (a Robustly Optimized BERT Pretraining 

Approach), a Transformer-based architecture, with Long Short-Term Memory (LSTM) networks for 

SA. The model leverages the Transformer’s ability to generate rich word embeddings and the LSTM’s 

capability to capture long-term contextual semantics, while also aiming to reduce the execution time 

constraints typically associated with regression-based models. The approach involves several stages, 
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including text preprocessing and data augmentation. Pre-trained RoBERTa weights are used to convert 

input text into meaningful embedding representations, which are then passed to an LSTM network to 

extract critical semantic features and long-range dependencies for sentiment classification. The model 

achieves high F1-scores on benchmark datasets such as IMDb, Twitter US Airline Sentiment, and 

Sentiment140. However, when used independently, regression models may suffer from longer execution 

times due to their inherently sequential processing nature. Additionally, prior to this study, Transformer-

based models had not been extensively explored for this specific task. Additionally, the research group 

led by Kian Long Tan et al. [5] proposed a hybrid deep learning ensemble model for SA. This ensemble 

consists of three hybrid deep learning models, which combine RoBERTa, LSTM, BiLSTM, and GRU 

(Gated Recurrent Unit). The goal is to enhance overall performance by integrating the predictions of 

multiple models and addressing the issue of imbalanced data. The model achieves high accuracy on 

benchmark datasets such as IMDb, Twitter US Airline Sentiment, and Sentiment140. However, one 

limitation of this approach is its reliance on word frequency-based features, which can result in a loss of 

contextual interpretation. 

Araque et al. [10] explored the combination of deep learning techniques with traditional machine 

learning methods for SA through ensemble techniques. They proposed a classification system that 

combines ensembles of surface features with deep learning features. The study examines two types of 

ensembles: ensembles of classifiers (using fixed rules and meta-learning) and ensembles of features. To 

establish a baseline, they developed a deep learning model using word2vec or doc2vec with logistic 

regression. The goal was to determine whether deep learning benefits from being combined with surface 

methods and to compare the performance of various deep and surface learning ensembles. They also 

provided a framework to characterize existing approaches for SA by extracting information from 

common word embeddings and combining it with surface features. The method introduces a deep 

learning baseline model (MG) that computes word embeddings using word2vec for short texts (with 

convolutional functions) or doc2vec for longer texts. These embeddings are then transformed into fixed-

size vectors and fed into a logistic regression model. Subsequently, ensemble classifiers (CEM) are used 

to combine the predictions of the base classifiers (including traditional machine learning or dictionary-

based models) with the deep learning baseline model, utilizing fixed rules (e.g., majority voting) or 

meta-learning techniques. The study also explores combinations such as CEMSG (surface features + 

common word embeddings) and feature ensembles that combine surface features (e.g., SentiWordNet 

dictionary scores, counts of punctuation marks, all-caps words, long words) with common word 

embeddings (MSG), affective word embeddings (MGA), or all three (MSGA) before feeding them into 

the classifier. However, traditional methods often rely on manual feature engineering, which can be 

time-consuming. Additionally, Bag of Words (BOW) methods lose word order and syntactic structure. 

Dictionary-based methods require consistent, reliable dictionaries but face challenges related to the 

variability of sentiment words across domains, contexts, and languages. Furthermore, it is not always 

clear whether deep learning models outperform traditional methods in terms of generalization ability, 

particularly when compared to domain-specific models. Combining word embeddings with 

convolutional functions for long documents may not always lead to significant improvements in 

sentiment classification performance. 

Minaee et al. [11] proposed a hybrid model combining CNN and Bidirectional LSTM (Bi-

LSTM) neural network for SA to capture temporal information using Bi-LSTM and extract 

local structure using CNN to improve SA performance by representing each word in the reviews 

using Glove embedding representation, then feeding these embedding representations into both 

CNN and Bi-LSTM models to predict sentiment by averaging the predicted scores from LSTM 

and CNN to make the final prediction. This hybrid model shows an improvement in 

performance compared to using CNN or LSTM models alone. It achieves high accuracy 

compared to previous studies. The study also plans to jointly train LSTM and CNN models in 

the future to further improve their performance.  

In summary, recent research in SA has focused on leveraging the strengths of both deep 

learning and traditional methods, as well as exploring hybrid architectures and ensemble 

techniques to achieve improved performance. Proposed methods typically aim to capture both 
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local features and long-term dependencies in text, while also addressing challenges such as 

imbalanced data. 

3. Research Problem 

This paper proposes an ensemble model of deep learning and transform to improve SA performance. 

The proposed model highlights the Deep transform ensemble models' ability to extract features related 

to more diverse and context-specific features, long dependencies, and semantic features, respectively, 

for SA. Research problem is presented as follows:  

Given a set of 𝑚 sentences/document 𝑆 =  {𝑠𝑖 |𝑖 ∈  [1,𝑚]}, where 𝑠𝑖 including a set of 𝑛 words 

𝑠𝑖  =  {𝑤𝑗 |𝑗 ∈  [1, 𝑘]} where 𝑤𝑗 is a 𝑗-th word in 𝑠𝑖. This study considers the SA task as a multiple 

classification issue, wherein each sentence/document is assigned a single label representing one of the 

sentiment polarities (positive, negative, or neutral). To put it another way, let's say we have a sentence 

𝑠𝑖 and we use 𝑃 =  {𝑝𝑖 |𝑖 ∈  [1,𝑚], 𝑝𝑖 ∈  {𝑝𝑜𝑠, 𝑛𝑒𝑔, 𝑛𝑒𝑢}} to represent the labels of the sentence 

sentiment. The value of 𝑝𝑖 is identified as follows: 

{

𝑝𝑖 = 𝑝𝑜𝑠, 𝑖𝑓 𝑠𝑖 expresses a positive sentiment
𝑝𝑖 = 𝑛𝑒𝑔, 𝑖𝑓 𝑠𝑖 expresses a negative sentiment
𝑝𝑖 = 𝑛𝑒𝑢, 𝑖𝑓 𝑠𝑖 expresses a neutral sentiment  

 

With the above notations, the research problem of this paper is formulated as follows: Given a set of  

𝑚 sentences/document 𝑆, and labeled sentence vector 𝑃𝐿. The objective of this research is to propose a 

Deep transform ensemble model to predict the vector 𝑃𝑈 of the unlabeled sentence. 

4. Proposed Method 

The Deep transform ensemble  model includes the following main layers: (i) Embeddings layer is to 

convert input sentences into the vector space; (ii) BERT-LSTM based sentiment classifier that extracts 

and learns global and contextual features from embeddings layer; (iii) BERT-CNN based sentiment 

classifier that extracts and learns local and semantics features from embeddings layer; (iv) Ensemble 

layer that classifies sentiment of input sentences by integrating the outputs of BERT-LSTM and BERT-

CNN layers into the final representation; (vi) Ensemble classifier is to compute distribution between 

sentiment classes for SA by using activation function. The Deep transform ensemble model was tested 

on three benchmark datasets, and the results demonstrated its performance. The workflow of Deep 

transform ensemble  model is illustrated in Figure 1. 

 

Figure 1. Workflow of Deep transform ensemble model for SA. 

The following sections explain the steps used to construct the proposed model. 

4.1. BERT Embeddings 

This layer is to extract long dependencies semantics and contextual information at multiple levels of 

abstraction features in the sentence as follows: 
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𝑂 = 𝐵𝐸𝑅𝑇(𝑠) (1) 

Where 𝑠 is the input sentence, 𝐵𝐸𝑅𝑇 is the BERT model [12] and it includes the following layers: 

Tokenizer layer: This layer aims to automatically insert some special token into the sentence, such as: a 

[CLS] token to mark starting of a sentence, a [SEP] token to mark ending of each sentence, a [PAD] 

symbol to mark a special token for padding, and a [UNK] mark a token not found in training set, to be 

easily convert words in the sentence into the vector space. This implies that the word sequence in the 

given sentence 𝑠 = {𝑤1, 𝑤2, 𝑤3, 𝑤4, 𝑤5, … , 𝑤𝑛} is converted into the form 𝑠̂  = {[𝐶𝐿𝑆] + 𝑤1, 𝑤2 +
 [𝑃𝐴𝐷] + 𝑤3, 𝑤4 + [𝑈𝑁𝐾] + 𝑤5, … , 𝑤𝑛  +  [𝑆𝐸𝑃]}. This sequence of tokens is then fed into the 

embeddings layer. 

Embeddings layer: This layer aims to convert the sequence of tokens into BERT embeddings that 

include three types of embeddings, such as word embedding, position embeddings, and token type 

embeddings.  

Transformer layer: This layer is to generate the final representation vectors by using self-attention 

mechanism to combining word embedding, position embeddings, and token type embeddings. 

Fully connected layer: This layer combines and transforms learned features from the final 

representation. 

4.2. BERT-BiLSTM-based sentiment classifier 

This classifier is to construct a sentiment classifier using a BiLSTM [13] on top of the BERT 

embeddings to extract contextual information at multiple levels of abstraction in the sentence as follows: 

Input layer: The BERT embeddings are used as the input of this classifier. 

BiLSTM layer: The BiLSTM is competent in learning the context information, which is consistent 

with the human language logic process that basic grammar depends on statistical characteristics and real 

meaning hidden between words depends mainly on the context. BiLSTM includes a forward LSTM to 

read the sentence from left to right and a backward LSTM to read the sentence from right to left. 

BiLSTM maps each word vector 𝑥𝑖 to a pair of hidden vectors ℎ𝑖
⃗⃗  ⃗ and ℎ𝑖

⃖⃗⃗⃗  as follows: 

ℎ𝑖
⃗⃗  ⃗ = 𝑙𝑠𝑡𝑚⃗⃗⃗⃗ ⃗⃗ ⃗⃗  ⃗(𝑊𝑜ℎ⃗⃗ 𝑜𝑖 + 𝑊ℎ⃗⃗ ℎ⃗⃗ ℎ𝑖−1

⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  + 𝑏ℎ⃗⃗ ) ∈ 𝑅𝑑ℎ , 𝑖 = [1,𝑚] (2) 

ℎ𝑖
⃖⃗⃗⃗ = 𝑙𝑠𝑡𝑚⃖⃗⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ (𝑊𝑜ℎ⃗⃗⃖𝑜𝑖 + 𝑊ℎ⃗⃗⃖ℎ⃗⃗⃖ℎ𝑖+1

⃖⃗ ⃗⃗ ⃗⃗ ⃗⃗⃗ + 𝑏ℎ⃗⃗⃖) ∈ 𝑅𝑑ℎ , 𝑖 = [𝑚, 1] (3) 

ℎ𝑖 = (𝑊ℎ⃗⃗ ℎℎ𝑖
⃗⃗  ⃗ + 𝑊ℎ⃗⃗⃖ℎℎ𝑖

⃖⃗⃗⃗ + 𝑏ℎ) (4) 

where 𝑙𝑠𝑡𝑚⃗⃗⃗⃗ ⃗⃗ ⃗⃗  ⃗ and 𝑙𝑠𝑡𝑚⃖⃗⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  are the forward and backward LSTM, respectively; 𝑊 is the learnable matrix; for 

example, 𝑊𝑜ℎ⃗⃗⃖ is the learnable matrix between the input vector and backward hidden vectors; ℎ𝑖
⃗⃗  ⃗ and ℎ𝑖

⃖⃗⃗⃗  

are the hidden states of 𝑙𝑠𝑡𝑚⃗⃗⃗⃗ ⃗⃗ ⃗⃗  ⃗ and 𝑙𝑠𝑡𝑚⃖⃗⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ , respectively; ℎ⃗⃖𝑖+1 is the next hidden vector of  ℎ𝑖
⃖⃗⃗⃗  and ℎ⃗⃖𝑖+1 = 0; 

ℎ⃗ 𝑖−1is the previous hidden vector of ℎ𝑖
⃗⃗  ⃗ and ℎ0

⃗⃗⃗⃗ = 0.  

Therefore, the contextualized word vector matrix 𝐻 =  (ℎ1 , ℎ2 , . . . , ℎ𝑚)  ∈  𝑅𝑚×𝑑ℎ is created from 

the matrix O ∈ 𝑅𝑚×𝑑𝑤 where ℎ𝑖 = [ℎ𝑖
⃗⃗  ⃗ , ℎ𝑖

⃖⃗⃗⃗ ] and 𝑑ℎ is the dimension of the feature vector. 

Mean pooling layer: the contextualized word vector matrix 𝐻  is then fed into the mean pooling layer 

to create the final feature vector as follows: 

𝑋 =
1

𝑚
∑ℎ𝑖

𝑚

𝑖=1

 (5) 

Fully connected layer:  this layer is to adjust the sentiment characteristic of the previous layer and 

classifies sentiment polarity by using the activation function as follows: 

𝑦𝐵 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝐵. 𝑋 + 𝑏𝐵) (6) 

where 𝑊𝑏 is a learnable matrix of the activation function. 
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4.3. BERT-CNN-based sentiment classifier 

This classifier is to construct a sentiment classifier using CNN model [14] on top of BERT 

embeddings to capture the local and semantics in the sentence as follows: 

Convolutional layer: This layer aims to create a feature map, denoted by 𝑓, from the node embedding 

layer. The feature map is created by using a filter 𝑁 ∈  𝑅𝑗×𝑑 of length 𝑗 from 𝑖 to 𝑖 + 𝑗 − 1 to slide and 

filter important features. Each time sliding of the filter creates a new feature vector. The feature map is 

generated as follows: 

𝑓 = [𝑓1, 𝑓2, … , 𝑓𝑗] (7) 

Where 𝑓𝑖 = 𝑅𝑒𝐿𝑈(𝑁. 𝑂𝑖:𝑖+𝑗−1 + 𝑏𝐶) where 𝑅𝑒𝐿𝑈 is a rectified linear unit function; 𝑏𝐶 is a bias term; 

𝑂 is the BERT Embeddings. 

Max-pooling layer: this layer is to reduce the dimension of the feature map by taking the max value 

𝑓𝑖 = 𝑀𝑎𝑥(𝑓𝑖) as the feature corresponding to each filter. Assume that we use 𝑗 filters; after this step, the 

obtained new feature is 𝑓 = [𝑓1, 𝑓2, … , 𝑓𝑗]. Then, this vector is fed into the next layer. 

Fully connected layer:  this layer is to adjust the sentiment characteristic of the previous layer and 

predicts sentiment polarity by using the Softmax function as follows: 

𝑦𝐶 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝐶 . 𝑐̂ + 𝑏𝐶) (8) 

Where 𝑊𝐶 is a learnable matrix of the Softmax function. 

4.4. BERT-BiLSTM-CNN ensemble Classifier 

This classifier is designed to combine outputs of BERT-BiLSTM and BERT-CNN classifiers to 

improve the performance of SA. This classifier includes the following steps.  

Input layer: Two vectors 𝑦𝐵 and 𝑦𝐶  created from the BERT-CNN classifier and the BERT-BiLSTM 

classifier are fed into the ensemble classifier as the inputs.  

Decision fusion layer: decision fusion is more potent since it merges data sources at the ending of 

the processing. In this study, decision fusion combines two output vectors of BERT-LSTM and BERT-

CNN as follows:  

𝑔 =  𝑐𝑜𝑛𝑐𝑎𝑡𝑒𝑛𝑎𝑡𝑒(𝑦𝐵, 𝑦𝐶) (9) 

where 𝑐𝑜𝑛𝑐𝑎𝑡𝑒𝑛𝑎𝑡𝑒 is a combination operation, 𝑔 is the final vector using for sentiment classification.  

Ensemble classifier: The final vector is fed into the ensemble classifier layer using the softmax 

function to calculate the distribution value of the sentence's sentiment label as follows:  

𝑝 =  𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝑔  ·  𝑔 + 𝑏𝑔) (10) 

where 𝑊𝑔 and 𝑏𝑔 are a learnable matrix and a bias of the softmax function.  

Model training: The deep transform ensemble model is trained by minimizing the cross-entropy error 

of the predicted and real sentiment label distributions as follows:  

𝐿 = −∑𝑝𝑖𝑙𝑜𝑔𝑝̂𝑖

𝑖

 (11) 

where 𝑝 is the real  sentiment label distribution value of the sentence, and 𝑝̂ is the predicted sentiment 

label distribution value of the sentence. 
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5. Experiment Results 

5.1. Dataset 

To prove the performance of the ensemble model, we experiment it on four benchmark datasets, such 

as Yelp, IMDb, amazon [8]1, and M2SA [15]. The detail of these four datasets are shown in Table 3 as 

follows: 

Table 3. Experimental datasets. 

Dataset Total No of labels Training Validation Testing 

Yelp 1000 2 800 100 100 

IMDb 748 2 598 75 75 

Amazon 1000 2 800 100 100 

M2SA 15835 3 12668 1583 1584 

5.2. Experimental Setting 

The proposed method is trained on GPU 12GB (NVIDIA GeForce GTX 1080i), RAM 24GB, CPU 

(Intel® Core™ i7-7700CPU@3.60GHz), Samsung SSD 870 EVO 2TB. For parameter setting, a grid 

search is used to set up them for additional elements. The total number of trainable parameters for our 

proposal model for SA is illustrated in Table 4.  

Table 4. Hyperparameters of the proposed method. 

Key BERT-BiLSTM-CNN ensemble 

Word embeddings 768 

Position embeddings 512 

Token type embeddings 2 

Batch size 16 

No of BERT layer 12 

Drop out 0.1 

No of filters 100 

Filter sizes 2, 3, 4 

Hidden size 128 

Activation Softmax 

Optimization AdamW 

Learning rare 2e-5 

Evaluation metrics: On the aforementioned dataset, we employed accuracy as the statistic to assess 

and contrast the effectiveness of our proposal. By contrasting the actual and anticipated test set values, 

accuracy is determined. 

5.3. Results and Discussions 

In this paper, to prove the performance of the proposed method, we evaluate the results in the 

following cases: the general results, the ablation results, and the comparison results. 

                                                      
1 https://www.kaggle.com/datasets/marklvl/sentiment-labelled-sentences-data-set 
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General results: The results of the proposed method are shown in Tables 5 and 6. 

Table 5. Training and validation performance of the proposed model. 

Epoch 
Yelp IMDb 

T-Loss T-Acc V-Loss V-Acc T-Loss T-Acc V-Loss V-Acc 

1 0.70 0.72 0.49 0.82 0.78 0.68 0.50 0.88 

2 0.40 0.85 0.41 0.84 0.47 0.85 0.40 0.91 

3 0.34 0.88 0.37 0.84 0.41 0.86 0.35 0.96 

4 0.32 0.88 0.36 0.86 0.37 0.89 0.30 0.96 

5 0.30 0.89 0.35 0.85 0.33 0.91 0.28 0.96 

6 0.28 0.91 0.34 0.86 0.33 0.90 0.26 0.97 

7 0.28 0.90 0.33 0.87 0.31 0.92 0.25 0.96 

8 0.27 0.91 0.33 0.86 0.31 0.91 0.25 0.97 

9 0.26 0.91 0.32 0.86 0.31 0.91 0.24 0.97 

10 0.27 0.90 0.32 0.86 0.31 0.90 0.24 0.97 

Epoch 
Amazon M2SA 

T-Loss T-Acc V-Loss V-Acc T-Loss T-Acc V-Loss V-Acc 

1 0.69 0.71 0.48 0.89 0.78 0.69 0.61 0.74 

2 0.42 0.86 0.42 0.88 0.58 0.79 0.50 0.81 

3 0.35 0.89 0.41 0.89 0.50 0.82 0.43 0.84 

4 0.32 0.88 0.40 0.89 0.45 0.85 0.38 0.86 

5 0.30 0.91 0.40 0.89 0.41 0.86 0.35 0.88 

6 0.30 0.90 0.39 0.89 0.38 0.87 0.32 0.89 

7 0.29 0.92 0.39 0.89 0.36 0.88 0.30 0.89 

8 0.28 0.91 0.39 0.89 0.34 0.88 0.29 0.90 

9 0.28 0.90 0.39 0.89 0.33 0.89 0.29 0.90 

10 0.28 0.90 0.39 0.89 0.33 0.89 0.29 0.90 

Table 6. Average training and validation performance of the proposed model. 

Table 7. Testing performance of the proposed method. 

Class 
Yelp IMDb 

Precision Recall F1 Score Support Precision Recall F1 Score Support 

0 0.75 0.87 0.81 46 0.84 0.91 0.87 34 

1 0.87 0.76 0.81 54 0.92 0.85 0.89 41 

Method T-Loss T-Acc V-Loss T-Loss T-Time 

IMDb 0.39±0.07 0.87±0.04 0.31±0.06 0.95±0.03 32.1s 

Yelp 0.34±0.01 0.88±0.005 0.36±0.03 0.85±0.01 44.2s 

Amazon 0.35±0.004 0.88±0.006 0.41±0.004 0.89±0.002 43.0s 

M2SA 0.45±0.003 0.84±0.002 0.38±0.003 0.86±0.005 12min41.3s 
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Accuracy 0.81±0.03 0.88±0.01 

Loss 0.37±0.005 0.36±0.001 

Class 
Amazon M2SA 

Precision Recall F1 Score Support Precision Recall F1 Score Support 

0 0.87 0.92 0.89 36 0.79 0.84 0.81 387 

1 0.95 0.92 0.94 64 0.98 0.98 0.98 657 

2     0.88 0.85 0.86 540 

Accuracy 0.92±0.01 0.91±0.005 

Loss 0.25±0.006 0.28±0.002 
 

  

Figure 2. The performance of the proposed method. 

Looking at Tables 5, 6 and 7, and Figure 2, we can see that the proposed deep transform ensemble 

method has achieved the expected performance in terms of loss and accuracy for all training, validation, 

and testing. This shows that the Deep transform ensemble method performs quite well for classification 

tasks, including binary and multiple. However, among them, the performance achieved on the Amazon 

and M2SA datasets is better than on the Yelp and IMDb datasets. Specifically, on the Amazon and 

M2SA datasets, testing accuracy is higher than training and validation accuracy, and testing loss is lower 

than training and validation loss. Meanwhile, on the Yelp and IMDb datasets, testing accuracy is not 

higher than training and validation accuracy, and testing loss is not better than training and validation 

loss. The main reason is that the number of sentences in the Amazon and M2SA datasets is larger than 

the IMDb dataset. Besides, although the Yelp dataset has the same number of sentences as the Amazon 

dataset, performance is not as good because the data on the Yelp dataset contains more noise. 

Ablation results: To confirm the necessity of all component models used to build the deep transform 

ensemble method, we experiment the proposed method by implementing ablations as follows: (i) No 

CNN indicates the ablation method by ignoring the CNN layer. (ii) No BiLSTM indicates the ablation 

method that ignores the BiLSTM layer. The performance of ablations is shown in Table 8. 

Table 8. Ablation performance. 

Yelp 

Method T-Loss T-Acc V-Loss V-Acc Te-Loss Te- Acc 

No CNN 0.47 0.82 0.50 0.83 0.42 0.86 

No BiLSTM 0.33 0.88 0.36 0.85 0.37 0.79 

Ensemble model 0.34±0.01 0.88±0.005 0.36±0.03 0.85±0.01 0.37±0.005 0.81±0.03 

IMDb 

Method T-Loss T-Acc V-Loss V-Acc Te-Loss Te- Acc 

No CNN 0.56 0.77 0.54 0.79 0.53 0.76 

0

0,2

0,4

0,6

Yelp IMDb Amazon M2SA

Train loss Validation loss Test loss

0,5

1

Yelp IMDb Amazon M2SA

Train accuracy Validation accuracy Test accuracy
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No BiLSTM 0.37 0.87 0.31 0.95 0.34 0.88 

Ensemble model 0.39±0.07 0.87±0.04 0.31±0.06 0.95±0.03 0.36±0.001 0.88±0.01 

Amazon 

Method T-Loss T-Acc V-Loss V-Acc Te-Loss Te- Acc 

No CNN 0.49 0.8 0.51 0.81 0.38 0.85 

No BiLSTM 0.34 0.88 0.41 0.88 0.25 0.90 

Ensemble model 0.35±0.004 0.88±0.006 0.41±0.004 0.89±0.002 0.25±0.006 0.92±0.01 

M2SA 

Method T-Loss T-Acc V-Loss V-Acc Te-Loss Te- Acc 

No CNN 0.58 0.77 0.51 0.80 0.38 0.85 

No BiLSTM 0.44 0.85 0.37 0.87 0.29 0.90 

Ensemble model 0.45±0.003 0.84±0.002 0.38±0.003 0.86±0.005 0.28±0.002 0.91±0.005 
 

Looking at Table 8, we can see that the deep transform ensemble method still achieves the best loss 

and accuracy for training, testing, and validation. In particular, the difference in loss and accuracy 

between the deep transform ensemble method and the No CNN method is quite high. This shows that 

the CNN layer plays a quite important role in extracting local and semantic features. Meanwhile, the 

difference between the deep transform ensemble and the No BiLSTM method is insignificant. This 

shows that the BiLSTM layer in ensemble-based SA does not capture global and contextual features 

well. 

Comparison results: To confirm the deep transform ensemble method can improve the performance 

of SA method, we compare its performance in terms of accuracy, precision, recall, and F1 score with 

the baselines such as LSTM [6], BiLSTM [7], CNN-LSTM [2], CNN-BiLSTM [3]. In this comparison, 

we admit the performance that published by authors in previous publications. The compared 

performance is listed in Table 8. 

Table 9. Comparison performance on IMDb dataset. 

Looking at Table 9, we see that the performance of our deep transform ensemble for SA is best in 

terms of four metrics by at least 0.02 and up to 0.05. That confirms the combination of BERT, CNN, 

and BiLSTM by ensembling them, which takes advantage of the ensembled models individually to 

extract features for SA.  

6. Conclusions 

This research introduces an ensemble model from BERT, CNN, and BiLSTM, called deep transform 

ensemble, aiming to take advantage of the combined models. Specifically, it takes advantage of the 

ability to extract the semantics features from BERT, the local features from CNN, and the global and 

long dependency features from BiLSTM. The proposed deep transform ensemble model includes five 

main parts: Embeddings layer, BERT-CNN layer, BERT-BiLSTM layer, Ensemble layer, and Ensemble 

classifier. The proposed method is experimented on four benchmark datasets consisting of binary and 

multiple classifications. The experimental results prove the performance of the deep transform ensemble 

Method Accuracy  Precision  Recall  F1 score 

LSTM [6] 0.85 0.85 0.85 0.85 

BiLSTM [7] 0.86 0.87 0.87 0.86 

CNN-LSTM [2] 0.86 0.86 0.86 0.86 

CNN-BiLSTM [3] 0.86 0.86 0.86 0.86 

Deep transform ensemble 0.88 0.88 0.88 0.88 
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model in terms of accuracy and loss compared with the baselines. Although the proposed method has 

improved the performance of some previous SA methods, it is based on ensemble techniques, making 

it difficult to avoid making the model architecture complex. In future research, we will be interested in 

lightweighting the models used for SA while maintaining their accuracy as a research direction. 
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