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Abstract. Natural Language Processing (NLP) and machine learning has a crucial field and that is sentiment analysis. It involves extracting and recognizing subjective information (opinions) within a given text. In this study, sentiment analysis will be carried out using English movie review data of 50,000 data. Pre-trained GloVe word embeddings transform each word within the document into a compact vector, where the vector symbolizes the word's projection within the vector space. Long short-term memory (LSTM) is a type of recurrent neural network (RNN) variation that employs a set of gates to manage the flow of learning during each time step, aiming to capture extended relationships within lengthy sentences. So in this study, the LSTM-GloVe will be compared with other model methods such as Term Frequency Inverse Document Frequency (TF-IDF) as text embedding and Multi-Layer Preceptron (MLP) as classifier. The best results were obtained by LSTM-GloVe with an accuracy value of 84.5%.
introduction
The inherent conceptual and psychological aspects of natural language add to the challenges of text processing. Sentiment analysis is a crucial area within Natural Language Processing (NLP) and machine learning, focusing on extracting and identifying subjective content, such as opinions, within textual data. The primary goal of sentiment analysis is to classify the author's perspective toward a particular entity as positive, negative, or neutral.   
Sentiment analysis or also called opinion mining, involves assessing opinions, emotions, and sentiments of an user regarding various entities. The widespread use of social media has led to the generation of vast amounts of data containing user reviews, brand perceptions, emotional expressions, political views, and other forms of public opinion. This sentiment-based information available online serves as a valuable resource for readers, policymakers, businesses, and other stakeholders.  
The field of sentiment analysis is gaining increasing attention due to its ability to convert unstructured user reviews into usable information. This technique serves as a text organization method to express sentiments in various forms, such as positive, negative, like, dislike, thumbs up, thumbs down, and others. Therefore, it is important to use various machine learning techniques to get valuable knowledge from large-scale data [1]. In the business world, sentiment analysis is about classifying and recognizing parts of text according to the company's needs.

TF-IDF is a commonly utilized technique for feature extraction in natural language processing. This approach effectively minimizes the significance of frequently occurring words across multiple documents that provide limited information, such as conjunctions while enhancing the weight of distinctive words within individual documents. As a result, these unique terms more accurately represent the key characteristics and primary topics of the analyzed text [2]. On the other hand, the GloVe algorithm incorporates both word occurrence frequencies and global statistical patterns to identify semantic relationships between words within a corpus. It employs a method for factorization of a global matrix. The matrix signifies the presence of specific words in a given document [3].
A multi-layer perceptron (MLP) represents a form of neural network used to analyze and solve various complex tasks, including prediction models. MLPs are capable of forming effective algorithms in handling challenging problems  [4]. This​ study applied MLP due to its capability to acquire representations from training data produced by the neural network. Moreover, the MLP utilized relies on a word vector representation that has been pre-trained.
Meanwhile, Recurrent Neural Network (RNN) is an advanced algorithm for handling sequential data. RNN can process variable-length inputs, improve the feature representation, as well as convert them into text vectors. This process allows the formation of a matrix of feature vectors along with their sequence dimensions [5]. Recurrent Neural Networks (RNNs) face significant large-scale challenges in parallel computing [6]. An improved variant, Long Short-Term Memory (LSTM), utilizes a set of gating mechanisms to regulate the flow of information at each step. This allows LSTM to effectively capture dependencies that are long-range within lengthy text sequences [7]. 
[bookmark: _Int_scpobdJQ]This study used term frequency-inverse document frequency (TF-IDF) for text vectorization. Pre-trained GloVe also used for word embeddings. MLP and LSTM will be compared to see which one is the best combination of vectorization techniques and classifiers is used using movie review data as much as 50,000 data that have been labeled sentiment.
TF-IDF is a method that quantifies the importance of words in a document, helping to highlight key terms for categorization and identification [8]. TF-IDF is based on statistic. Meanwhile, GloVe converts words into dense vector representations. Each vector reflects the word’s contextual meaning in a high-dimensional space. By analyzing word co-occurrence probabilities, GloVe effectively captures both semantic and syntactic relationships between words [9].


Related Work
A number of studies have examined the process of sentence vectorization in the context of sentiment analysis. 
Abid et al. in 2019 proposed the combination of Glove with RNN and CNN for weighting, which allows the utilization of subjectivity knowledge in sentiment analysis. In their approach, CNN is used to extract global features before proceeding with traditional aggregation methods. Their proposed model, Glove-Bi-GRU-CNN, achieved the best accuracy rate of 87.18% on the STSC-1.5k dataset.  
On the other hand, [11] studied about the training and predicting using GloVe that is combined with DCNN method for classifying sentiment with an unsupervised learning approach using a large Twitter dataset. This method integrates the polarity of sentiment from each word scores and feature n-grams to make the feature of the set of tweets, which are further processed through the CNN layer. The evaluation of this method was tested on five Twitter datasets, and the results obtained showed significant improvement compared to previous approaches.  
However, it should be noted that most of the aforementioned techniques still face challenges, such as the lack of semantic representation, high dimensionality and sparsity issues, and the tendency to ignore sentiment information in the text.  
[12] conducted an analysis of 32 recent studies that applied deep learning techniques to sentiment classification tasks. Their research examined the architectures of deep neural network, recurrent neural network, and convolutional neural network, integrating them with TF-IDF and word embedding methods to transform data input for sentiment prediction using DL models. Multiple experiments were performed across various datasets, including those from Twitter, to assess the effectiveness of RNN, CNN, and DNN models. Findings from the study indicate that deep learning approaches combined with word embeddings demonstrate greater reliability compared to those incorporating TF-IDF.
Meanwhile, [13] ​introduced a method called Improved Word Vector (IWV), which integrates part-of-speech (POS) analysis, a lexicon-based strategy, pre-trained word embeddings, and CNN. Their experimental findings revealed that utilizing pre-trained word representations substantially enhances accuracy in contrast to the standard model.
[14] studied Sentiment and Semantic-Based Emotion Detector (SS-BED). SS-BED is a deep learning model that employs two LSTM layers along with two distinct word embedding matrices to capture both sentiment and semantic features, facilitating emotion recognition. While each approach possesses its own strengths and weaknesses, a common limitation observed among them is their inability to assess the varying degrees of importance between sentences in sentiment analysis.
Methodology
This paper used LSTM for sentiment analysis. LSTM is compared with MLP as the classifier. This paper also compares GloVe and TF-IDF as word representations of text. IMDB Movie Review Dataset is used to observe the model’s classification result. The overall flow chart can be seen in Fig 1.
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FIGURE 1. GloVe-LSTM Flow
Data Preprocessing
The model is applied to IMDB Movie Review Dataset from Kaggle. This dataset has 50000 samples with 25000 positive samples and 25000 negative samples. This dataset is taken from the Internet Movie Database (IMDB), an online database  that has information related to movies, television shows, and video games. 
Creating a textual representation using a word vector model constitutes a crucial phase within this experiment. Our research employed the GloVe model, which relies on statistical insights and involves extensive pretraining on a sizable corpus. The GloVe model takes into account both broad and specific word information, aiming to assimilate the strengths of neural network language models and Word2Vec [15]. The dataset's text utilized for training and testing must undergo preprocessing steps like eliminating stop words, removing special characters, and tokenizing the text before being transformed into input for the word embedding layer.
For model training and testing, the dataset is divided into two sets, and that are: a training set and a testing set. The split follows an 80:20 ratio, signifying that the initial 80% of the dataset becomes the training set, and the remaining 20% becomes the testing set. The training set is feed to train the model, while the testing set serves the purpose of appraising its performance. The training set is divided into training set and validation set with 80:20 ratio, signifying that the initial 80% of the training set constitutes the training set, and the remaining 20% becomes the validation set. Representation of IMDB Movie Review Dataset shown on Table 1.
TABLE 1. Representation of IMDB Movie Review Dataset
	Review
	Sentiment

	Like the previous poster, I am from northern Vermont, and I was inclined to like this film. However, not since "Red Zone Cuba" have I seen such a confusing plot…
	negative



GloVe Model
The GloVe model proves to be a potent technique for leveraging overarching corpus statistics and refining the learning model using contextual windows. Its primary aim revolves around converting words into vectors and generating word vectors through inputted corpora. The procedure involves these steps: initially, forming a matrix indicating word co-occurrences across the entire corpus; subsequently, processing the learning word vector in accordance with the co-occurrence matrix and the GloVe model. In this study, 100-dimension GloVe is used. Fig. 2 shown GloVe word representation for ‘Film’.
GloVe is a computation-based model that utilizes a log-bilinear approach to understand word relationships. This model works by analyzing how frequently words appear together in a given corpus, allowing it to identify patterns in word associations. The ratio of word co-occurrence probabilities is leveraged to capture word meanings and improve accuracy in solving word analogy tasks. During the training process, GloVe is designed to generate word vectors that reflect statistical relationships between words, where the vectors have some dots that represents the logarithm of the words' co-occurrence probability within the text. The GloVe model's depiction can be articulated through equation 1. 
		(1)
In this equation,  denotes the co-occurrence matrix, with the count of occurrences where words  and  appear within a specific window captured by the element . Typically, the window size falls between 5 to 10, while and  symbolize the word vectors for word  and word . The terms  and signify the bias factors, N corresponds to the dimension of the cooccurrence matrix , and  serves as the weighting function.
[image: A number of numbers and digits

Description automatically generated with medium confidence]
FIGURE 2. GloVe Word Representation for ‘Film’
Long Short-Term Memory
Long Short-Term Memory (LSTM) is one of a type of Recurrent Neural Networks (RNNs). It finds frequent applications in handling sequential data like text, speech, and time series information. Within LSTM, hidden layers function as memory cells that store and retrieve data across time. The architecture of LSTM incorporates distinct components: an input gate, output gate, forget gate, and memory cell [16]. These three gates have an important role in governing the passage of information within LSTM [17]. LSTM architecture can be seen in Fig. 3.
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FIGURE 3. LSTM Architecture
In mathematical terms, the LSTM unit is formulated as shown in Eq. 2 until Eq. 6  [18]:
Forget Gate
		(2)
Input Gate
		(3)
Cell Gate
		(4)
Output Gate
		(5)
Hidden State
		(6)
In this context, σ represents the sigmoid function, signifies the dot product,  denotes element-wise multiplication,  combines the prior hidden state with the present input, while W and b stand for the weight and bias parameters.
Result
Multiple outcomes were collected to determine the model that produces the optimal outcome while assessing with accuracy and undergoing a training period of 10 epochs. The model combinations are GloVe + LSTM, GloVe + MLP, TF-IDF + LSTM, and TF-IDF + MLP. Every model undergoes training using the batch training approach, employing a batch size of 128. The outcomes of all the specified algorithm combinations will also be elaborated upon in Table 2.
TABLE 2. Testing Result
	Model
	Accuracy

	GloVe + LSTM 
	84.5%

	GloVe + MLP
	79.7%

	TF-IDF + LSTM
	50.3%

	TF-IDF + MLP
	84.4%


Table 2 shows that the combination of vectorization with GloVe and classifier with LSTM produces the highest accuracy when compared to other models. When GloVe vectorization is combined with the MLP model classifier, the accuracy drops significantly. When vectorization using the TF-IDF is combined with the MLP classifier, the accuracy results are fairly high, but when combined with the LSTM classifier, the accuracy results immediately decrease. According to the results of the testing, the best model for performing sentiment analysis was GloVe + LSTM with an accuracy of 84.5%, followed by the TF-IDF + MLP model with an accuracy of 84.4%, GloVe + MLP with an accuracy of 79.7%, and the TF-IDF + LSTM model with an accuracy of 50.3%. 

GloVe + LSTM gains the best result because two of them could comprehend the contextual meaning from a text. Unlike TF-IDF, GloVe creates a vector representation based on matrix co-occurrence. GloVe can thus capture the structure of word meanings and the relationships between words in their representations. LSTM has a recurring structure that helps it to recognise sentence word order and context. It aids in language processing, which necessitates an awareness of the sequence and interrelation of words. MLP is a feedforward network that can form non-linear relationships between input and output properties. MLP, on the other hand, lacks the natural ability of iterative models such as LSTM to deal with order and context in text.
Conclusion
In this study, the combination of GloVe and LSTM for sentiment analysis of 50,000 movie review data. LSTM-GloVe compared to several other models such as TF-IDF vectorization and MLP classification algorithm. Pre-trained GloVe word embeddings are used to vectorize text and LSTM is used as a model to classify sentiment from the previous vectorized input. we use pre-trained 100-dimension GloVe embedding initialization for embedding layer weight initialization. The best results were obtained using the LSTM-GloVe compared to other models, this is because GloVe can articulate semantic similarities, such as synonyms of the word.
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