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 With the rapid expansion of online commerce, a vast amount of data related to 

consumer interactions, product reviews, and purchasing behaviors is continuously 

generated and shared on social media platforms. Effectively analyzing and 

processing these data streams can provide valuable insights for enhancing social 

commerce, optimizing customer experience management, improving targeted 

advertising, and boosting consumer engagement. One of the key challenges in this 

domain is the automated classification of social commerce texts, which plays a 

critical role in understanding user sentiments, preferences, and purchasing 

intentions. In this paper, we propose a deep learning-based model for classifying 

social commerce texts, leveraging pre-trained language models to enhance feature 

extraction and improve classification accuracy. The proposed approach first 

employs a pre-trained language model to generate high-dimensional text feature 

vectors, which are then utilized in a classification framework to accurately 

categorize social commerce-related texts. The effectiveness of the model is 

evaluated using benchmark datasets, demonstrating its capability to accurately 

classify social commerce texts. The experimental results indicate that the proposed 

method achieves an average precision score of 0.725 and an average recall score of 

0.708, highlighting its potential for real-world applications in automated social 

commerce analytics. 
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1. INTRODUCTION 

With the rapid advancement of the internet and smartphones, these phenomena have gradually become essential 

platforms for shopping, entertainment, and travel. In recent years, despite the overall economic conditions 

worldwide, the volume of transactions in e-commerce has continued to rise, making social commerce a new driving 

force for the growth of online consumption [1]. Social commerce can enhance transactions by incorporating social 

network elements such as following, sharing, discussing, and interacting in e-commerce services. Compared to the 

traditional product-centric e-commerce model, social commerce is human-centric, spreading product information 

through user reviews and word-of-mouth advertising, thus stimulating and increasing consumer demand. The most 

common method of this process is utilizing users' textual reviews about products and services [2]. This results in a 

large volume of texts related to social commerce, and processing these naturally generated texts can be beneficial 
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for the further development of social commerce. One type of processing on natural language with multiple 

applications is text classification. Text classification refers to the automatic organization of a set of texts into several 

predefined categories based on their content. In social commerce, this process can have various applications such as 

marketing, customer experience management, and advertising. However, it is important to note that the classification 

of social commerce texts differs significantly from other text classifications due to their nature and conditions. These 

differences include the short length of social commerce texts (up to 200 words), the informal and conversational 

nature of social commerce texts, the use of common internet words and emojis, the wide diversity in social commerce 

texts due to the variety of products and services, and the dependency of these texts on the nature of the product or 

service and the use of specific phrases and words in each field [3]. 

Given the aforementioned points and the importance of the topic, this paper presents a model for classifying social 

commerce texts using deep learning and the ALBERT language model. In this model, after pre-training the language 

model with a suitable textual corpus and then fine-tuning its parameters with related datasets, the process of 

classifying social commerce texts is carried out. The rest of the paper is structured as follows: Section 2 reviews the 

background and significance of the research, Section 3 presents the proposed model, Section 4 describes the 

conditions and results of implementing the model, and Section 5 provides a summary, conclusions, and suggestions 

for future research. 

2. BACKGROUND AND SIGNIFICANCE OF RESEARCH 

Numerous studies have been conducted on text classification. These studies have mainly focused on three aspects: 

text feature extraction and representation, selection and improvement of classification algorithms, and evaluation of 

classification methods [4]. Notable models include those proposed in [5], which used feedforward neural networks 

for this task. Additionally, recurrent neural networks were employed for text classification in [6] and [7]. 

Convolutional neural networks were utilized in [8] and [9], while capsule networks were explored in [10] and [11]. 

Attention mechanisms were used in [12], augmented memory networks in [13], graph neural networks in [14], 

Siamese neural networks in [15], and hybrid models in [16]. Pre-trained models were used in [17], adversarial 

learning in [18], and reinforcement learning in [19]. 

In terms of selecting and improving text classification algorithms, studies like [20] used the ELMO model based 

on long short-term memory. Additionally, [21] employed encoder-based models like Trans, [22] used irregularly 

weighted k-nearest neighbor algorithms, and [23] utilized occurrence matrices to leverage local information. 

The above research has extensively explored text feature representation and extraction, as well as proposing and 

improving suitable classification algorithms, which have significantly impacted improving results. However, for 

texts in specific domains like social commerce with unique structures and conditions, as previously mentioned, text 

features may not be well-extracted, and entities and words may not fully reflect the precise meaning of the text. 

Therefore, while text feature representation and extraction are crucial steps for improving social commerce text 

classification performance, they require specific attention and modifications addressed in this paper. 

3. PROPOSED MODEL 

Based on the research mentioned in the previous section, to extract effective features for a more accurate 

examination and classification of social commerce texts, this paper proposes an algorithm based on bidirectional 

encoding using the ALBERT language model. This algorithm utilizes the pre-trained language model to represent 

feature vectors at the sentence level in social commerce texts, and then the obtained feature vector is used for 

classification in the model's classification unit [24]. 

The proposed classification model in this paper consists of four main sections: pre-processing of social commerce 

text datasets, pre-training the language model, fine-tuning the language model, and classification. Pre-processing 

social commerce texts includes pre-training using a suitable textual corpus, pre-processing the datasets, and vector 

representation of datasets in a specific format. After pre-processing, the data are input into the pre-trained language 

model, and finally, the classification process is performed. 

3.1. Pre-processing and Datasets 
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This section includes the following: 

- Data Collection: For the pre-training process of the ALBERT language model, fine-tuning the model, and 

training and evaluating the model, a suitable and relevant textual corpus is needed, which must be prepared according 

to the model's requirements (for more details on the corpus used in this paper, refer to Section 4). 

- Data Cleaning and Sorting: This process mainly involves removing special symbols and characters from the text 

content, eliminating extra spaces and unifying the text, removing stop words, and deleting conversational words in 

the text that do not impact its meaning (such as "Hi" and "Hello"). 

- Text Segmentation: This process involves dividing a text into its meaningful units such as sentences and words. 

- Stemming: This process involves determining the root of words to better perform natural language processing 

tasks. 

3.2. Language Model 

The ALBERT language model used in this paper is a deep learning-based language model derived from the BERT 

language model but with significantly fewer parameters. The BERT language model is based on a bidirectional 

encoder implementation, and its encoder unit comprises 6 encoders, while its decoding layer is identical. Each 

encoder in this model includes two sections: Self-Attention and Feed Forward, allowing each node to focus on the 

meaning of the current word and help determine the context of the text. Its decoding layer also includes three 

sections: Self-Attention, En-De Attention, and Feed Forward, enabling it to play a precise role in determining the 

current content [24 and 25]. 

The ALBERT language model employs two optimization processes to reduce the size of the BERT model: using 

embedding layers and sharing parameters in the network's hidden layers. Combining these two approaches results 

in a base model with only 12 million parameters compared to the 108 million parameters of the BERT model, while 

in several natural language processing tasks, the ALBERT model's accuracy averages 80.1%, compared to the BERT 

model's 82.3% [24 and 25]. 

In the model's usage process, the word embedding procedure is first performed on the input data, and the result is 

then input into the encoder layer. After the relevant processing in the encoding layer through the Self-Attention 

mechanism and neural networks, the output is input into the next encoding layer. The use of the Self-Attention 

mechanism addresses the slowness of recurrent neural network structures and their inability to parallelize. This 

effectively resolves the issue of long-term dependencies in natural language processing. The main idea of Self-

Attention is to calculate each sentence in one step, adjusting the weight ratio of each word through this process so 

that the system can obtain the higher-dimensional meaning of each word in the sentence, thus obtaining the meaning 

of the entire sentence through this process. In the Self-Attention mechanism, three new vectors Q-Query, K-Key, 

and V-Value are used, which result from the dot product of the embedded word vector with a random matrix of 

initial dimensions 64×512. When a sentence is input, the status of each word relative to other words is calculated 

using the following formula: 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡 𝑚𝑎𝑥(
𝑄𝐾𝑇

√𝑑𝑘
)𝑉       (1) 

In such a way that  dk represents the dimensions of the query and key vectors of each word, and Softmax is the 

normalized exponential function. The resulting matrix has rows that indicate the attention vector of the respective 

word in the input sentence. This result contains information about the relationship between the target word and other 

words in the sentence, represented as a new vector [24]. 

3.3. Text Classification Algorithm 

The general framework of the algorithm used in this paper for classifying social commerce texts using the 

ALBERT language model is presented in Figure 1. 
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Fig.1. General Framework of the Proposed Model Algorithm 

The steps of this algorithm are as follows: 

- Pre-training of the Language Model: Initially, a suitable and relevant text corpus is provided. This corpus does 

not necessarily include social commerce texts and can comprise any type of text. Each data piece in this corpus is 

stored in a text document with labels, separators, and content. Due to the large size of such a corpus, it is typically 

divided into smaller parts to enable processing. The feature vector generation program is then invoked to create 

training data, which is ultimately used to pre-train the language model. 

- Fine-tuning of the Language Model Parameters: This process requires datasets directly derived from social 

commerce texts. These data are also stored in a text document with labels, separators, and content. For final training 

and fine-tuning of the model parameters, 80% of these data are used for training, while the remaining 20% are 

reserved for final evaluation of the model. 

- Classification Process: For classifying input texts, this paper defines five categories ranging from 1 (very poor 

or very weak) to 5 (very good or very strong). For classification, the word vectors related to the text content are fed 

into the classification algorithm. The algorithm assigns a category label to the text based on the trained language 

model. The accuracy of the classification process is then evaluated by comparing the assigned label with the original 

label present in the input dataset. 

4. MODEL EXECUTION AND RESULTS 

4.1. Datasets Used 

As mentioned earlier, the model requires two types of datasets: a text corpus for pre-training the language model 

and a dataset for training and evaluating the final model. In this paper, the Kaggle and Yelp text classification datasets 

are used as the corpus for pre-training the language model. Additionally, the Amazon, IMDB, and Goodreads 

datasets are separately used for training and final evaluation of the model. Each of these datasets is independently 

applied to the model, and the results are analyzed and evaluated. 

4.2. Execution Environment Details 

The model execution and testing were performed on a system with a 3.7 GHz Intel Xeon Gold 6218 processor, 

32 GB RAM, and an NVidia Quadro RTX4000 GPU with 8 GB of DDR6 RAM. The operating system used was 

Linux Ubuntu 16.04 LTS. Python version 3.9 and TensorFlow version 2.5 were used for programming. Additionally, 

the NLTK version 3 library was used for preprocessing and other tasks. 

4.3. Evaluation Metrics 
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In evaluating the classification results, the target category is considered correct, while other categories are 

considered incorrect. The classifier's prediction result on the dataset is defined as correct or incorrect, leading to the 

formation of a confusion matrix, shown in Table 1. 

Table 1. Confusion Matrix of Classification Results 

Predicted Class 
Real Class True False 

Positive True Positive (TP) False Negative (FN) 

Negative False Positive (FP) True Negative (TN) 

 
The commonly used classification metrics are accuracy, precision, recall, and F1 score, which are also used in 

this paper. These metrics are calculated as follows: 

- Accuracy Rate: The ratio of all correctly predicted values to the total number of cases is calculated as: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
         (2) 

- Precision Rate: The ratio of correctly predicted positive cases to all predicted positive cases is calculated as: 

𝑃𝑟 𝑒 𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
         (3) 

- Recall Rate: The ratio of correctly predicted positive cases to all actual positive cases is calculated as: 

𝑅𝑒 𝑐 𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
          (4) 

- F1 Score: To evaluate the overall aspects of different algorithms, the F1 score concept is proposed based on 

precision and recall. The F1 score combines precision and recall and is calculated as: 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 =
2𝑃𝑟 𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒 𝑐𝑎𝑙𝑙

𝑃𝑟 𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒 𝑐𝑎𝑙𝑙
        (5) 

By examining the above formulas, it can be understood that when Precision = 1 and Recall = 1, the F1 score 

reaches its maximum value of 1. In real-world conditions, achieving a situation where both precision and recall equal 

1 is challenging. Thus, when using the F1 score to evaluate the classifier's performance, the closer its value is to 1, 

the better the classifier's performance. 

4.4. Results from Model Execution 

The results of executing the model on the introduced training and testing datasets in section 4-1 are presented in 

Table 2. 

Table 2. Results from Model Execution on Reference Datasets 

Index 
Data Collection      Accuracy Precision Recall F1 Score 

Amazon 0.740 0.749 0.722 0.735 
IMDB 0.697 0.701 0.689 0.694 

Goodreads 0.722 0.726 0.713 0.719 

5. ANALYSIS OF RESULTS 

By reviewing the model results, it can be observed that the proposed model has adequate accuracy in classifying 

social commerce texts. This demonstrates the ALBERT language model's effective impact on extracting meanings. 
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Moreover, considering that the highest data volume is found in the Amazon, Goodreads, and IMDB datasets, the F1 

score across these datasets indicates that the greater the data volume in the dataset, the higher the model's accuracy. 

This finding suggests that the social commerce text classification algorithm based on the ALBERT language model 

significantly impacts the text classification process in this field. 

6. CONCLUSION 

This paper presented a model for classifying social commerce texts using the ALBERT language model. For 

social commerce text data, based on related datasets, the ALBERT language model's bidirectional transformer 

structure was utilized to derive sentence meanings and subsequently classify them. The results from executing the 

model on different datasets demonstrate that the proposed model has suitable quality in classifying the desired texts. 

However, if specific datasets for this model are prepared based on actual data, the quality can be better assessed. 

Additionally, evaluating the model's quality when increasing the number of target categories can be particularly 

important. Alongside these two points, which can serve as appropriate subjects for further research, it should be 

noted that text classification is only one aspect of extracting value from social commerce big data. Future work can 

utilize sentiment analysis and entity recognition to enhance model quality and apply this model to automatically 

generate social commerce advertisements. 
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