
Published By: Fifth Dimension Research Publication                   https://fdrpjournals.org/                                           262 | P a g e  

 

Indian Journal of Computer Science and Technology  
https://www.doi.org/10.59256/indjcst.20260501038 
Volume 5, Issue1 (January-April 2026), PP: 262-272.  
www.indjcst.com                                                                                                                                                                        ISSN No: 2583-5300 

Deep Learning-Based Sentiment Analysis of Hotel Reviews 
Using LSTM and Bidirectional LSTM Models 
 

 

Kadupu Durga Prasad1*, Patinavalasa Durga Prasad2, Suneel Kumar Duvvuri3 
*1,2Students, Department of Computer Science, Government College (Autonomous), Rajahmundry, Andhra Pradesh, India. 
3Assistant Professor, Department of Computer Science, Government College (Autonomous), Rajahmundry, Andhra Pradesh, 

India. 

                                 

To Cite this Article: Kadupu Durga Prasad1*, Patinavalasa Durga Prasad2, Suneel Kumar Duvvuri3, “Deep Learning-Based Sentiment 

Analysis of Hotel Reviews Using LSTM and Bidirectional LSTM Models”, Indian Journal of Computer Science and Technology, Volume 05, 

Issue 01 (January-April 2026), PP: 262-272. 

Copyright: ©2026 This is an open access journal, and articles are distributed under the terms of the Creative 

Commons Attribution License; Which Permits unrestricted use, distribution, and reproduction in any medium, 

provided the original author and source are credited. 
 

 

I. INTRODUCTION 

The rapid advancement of internet technologies and digital platforms has significantly transformed the hospitality industry. 

Online travel platforms such as TripAdvisor and Booking.com allow customers to share their experiences in the form of reviews, 

which play a crucial role in influencing the decisions of potential travellers[1],[2]. These platforms generate a massive volume of 

user-generated content that reflects real customer opinions about hotel services and overall experiences [3]. 

Unlike traditional feedback systems, online reviews provide immediate and detailed insights into various aspects of hotel 

performance, including service quality, cleanliness, pricing, and staff behaviour [4], [5]. As a result, these reviews have become a 

critical source of information for both customers and hotel management. However, the exponential growth in the number of reviews 

makes manual analysis highly impractical, time-consuming, and inefficient [6], [7]. 

To address this challenge, automated sentiment analysis techniques have been widely adopted. Sentiment analysis, also 

known as opinion mining, involves extracting subjective information from textual data and classifying it into categories such as 

positive, negative, or neutral [8], [9]. This process enables organizations to analyze customer opinions at scale and derive 

meaningful insights for improving services and decision-making processes [10]. 

Traditional machine learning approaches for sentiment analysis rely heavily on manual feature extraction techniques such 

as Bag-of-Words and Term Frequency–Inverse Document Frequency (TF-IDF) [11], [12]. While these methods have demonstrated 

reasonable performance, they often fail to capture contextual relationships and semantic meaning within text data [13]. This 

limitation significantly affects their ability to handle complex linguistic patterns, sarcasm, and contextual dependencies present in 

real-world reviews [14]. 

In recent years, deep learning techniques have emerged as a powerful alternative due to their ability to automatically learn 

hierarchical feature representations from raw data [15], [16]. Among these, Long Short-Term Memory (LSTM) networks have 

gained significant attention for text analysis tasks, as they effectively capture long-term dependencies and sequential patterns in 
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language [17]. Furthermore, Bidirectional LSTM (BiLSTM) models enhance this capability by processing textual data in both 

forward and backward directions, thereby improving contextual understanding and classification performance [18]. 

Despite these advancements, there remains a need for domain-specific sentiment analysis models that can effectively 

handle hospitality-related data. Many existing studies focus on general datasets and lack detailed comparative analysis between 

LSTM and BiLSTM models in real-world applications [19], [20]. This highlights the necessity for developing robust and efficient 

deep learning-based frameworks tailored specifically for hotel review analysis. 

In this research, LSTM and BiLSTM models are employed to perform sentiment classification on hotel reviews. The study 

focuses on developing an efficient and accurate deep learning-based framework that can automatically classify customer reviews 

into positive and negative sentiments. Additionally, a comparative analysis is conducted to evaluate the performance of both 

models in terms of accuracy and generalization capability. 

 

The main contributions of this paper are as follows: 

 Development of a deep learning-based sentiment analysis system for hotel reviews  

 Implementation of LSTM and BiLSTM architectures for improved contextual understanding  

 Design of a comprehensive preprocessing and feature engineering pipeline  

 Comparative evaluation of model performance using accuracy metrics  

 Demonstration of practical applicability in the hospitality domain  

This research aims to bridge the gap between large-scale unstructured textual data and actionable business insights, thereby 

enabling hotel management to enhance customer satisfaction, improve service quality, and make data-driven decisions 

 

II. LITERATURE REVIEW 

The field of sentiment analysis has gained significant attention over the past decade, driven by the rapid growth of user-

generated content across digital platforms such as social media, e-commerce, and online travel websites. Researchers have explored 

a wide range of techniques, evolving from traditional machine learning approaches to advanced deep learning models for extracting 

insights from textual data[21], [22].Early studies in sentiment analysis primarily focused on statistical and lexicon-based methods. 

Foundational research introduced key concepts of opinion mining and sentiment classification, emphasizing the importance of 

extracting subjective information from textual data. These studies laid the groundwork for categorizing sentiments into positive, 

negative, and neutral classes while addressing challenges such as linguistic ambiguity and variability [23].With the increasing 

availability of online reviews, researchers began to investigate their impact on consumer behaviour. Studies have shown that 

customer feedback plays a crucial role in shaping purchasing and booking decisions. This highlights the importance of analyzing 

review data to understand customer satisfaction and improve service quality, particularly in the hospitality domain [24]. In addition, 

research on the evolution of information technology in tourism has demonstrated how digital platforms have transformed customer 

interactions and enabled large-scale data generation. 

 This transformation necessitates the use of automated sentiment analysis techniques to efficiently process and analyze 

vast amounts of textual data [25].Traditional machine learning techniques such as Naïve Bayes, Support Vector Machines (SVM), 

and Logistic Regression have been extensively applied to sentiment classification tasks. These approaches rely heavily on 

handcrafted features such as Bag-of-Words and Term Frequency–Inverse Document Frequency (TF-IDF) representations [26]. 

While these models perform adequately for basic classification problems, they often struggle to capture contextual dependencies 

and semantic nuances present in natural language, thereby limiting their effectiveness in real-world applications [27]. 

To overcome these limitations, deep learning techniques have been introduced, significantly improving sentiment analysis 

performance. Long Short-Term Memory (LSTM) networks, a type of recurrent neural network, are capable of learning long-term 

dependencies in sequential data. These models are particularly effective for text analysis tasks, where the meaning of a sentence 

depends on word order and contextual relationships [28], [29]. Bidirectional LSTM (BiLSTM) models further enhance this 

capability by processing input sequences in both forward and backward directions. This bidirectional approach enables the model 

to capture richer contextual information, leading to improved classification accuracy in complex textual datasets [30]. 

Consequently, BiLSTM has become a widely adopted architecture for sentiment analysis tasks involving sequential data 

[31].Recent advancements in sentiment analysis have also incorporated word embedding techniques such as Word2Vec and 

GloVe. These approaches represent words as dense vectors in a continuous vector space, effectively capturing semantic and 

syntactic relationships between words [32]. The integration of these embeddings with deep learning models has significantly 

improved the performance, scalability, and robustness of sentiment classification systems [33].Overall, the literature demonstrates 

a clear transition from traditional machine learning approaches to deep learning-based methods for sentiment analysis. While 

earlier techniques provided a strong foundation for text classification, modern approaches leveraging LSTM and BiLSTM 

architectures offer superior performance by effectively capturing contextual and sequential information in textual data. 

 

2.1 Research Gap 

Despite significant advancements in sentiment analysis, several challenges remain: 

 Traditional methods fail to capture contextual meaning effectively  

 Many studies focus on general datasets rather than domain-specific data like hotel reviews  

 Limited comparative analysis between LSTM and BiLSTM in hospitality datasets  

Need for improved accuracy and generalization in real-world applications. 

 

2.2 Motivation of the Study 
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The motivation behind this research is to develop an efficient sentiment analysis system specifically tailored for hotel 

reviews using deep learning techniques. By leveraging LSTM and BiLSTM models, the study aims to overcome the limitations of 

traditional approaches and provide a more accurate and scalable solution. 

 

2.3 Research Gap Analysis 

 

Reference & 

Author 

 

Year Methodology / 

Algorithm 
Dataset Focus 

 

Accuracy / 

Performance 

 

Limitation/ Research Gap 

Bing Liu 

[23]. 
2012 

 

Opinion 

mining and 

NLP methods 

 

General opinion 

datasets 
~70–75% 

Limited hospitality-specific 

analysis 

Pang & Lee 

[29] 
2008 

Lexicon-based 

sentiment 

analysis 

Review datasets 

~72% 

Difficulty handling sarcasm 

and contextual meaning 

Ye, Li & Law 

[25] 
2009 

Statistical 

modeling 

Hotel review 

datasets ~73% 
Focused more on ratings 

than textual sentiment 

Filieri & 

McLeay [26] 

2013 Content 

analysis 

Online 

accommodation 

reviews 

~74% 

Manual analysis not scalable 

for large datasets 

Zhang, Ye & 

Law [27] 

2011 Data mining 

techniques 

Hotel review 

data ~76% 
Limited use of deep learning 

approaches 

Joachims 

[30] 

1998 Support Vector 

Machine 

(SVM) 

Text 

classification 

datasets 

~82% 

Requires manual feature 

extraction 

 

Goldberg 

[31] 

2017 Neural 

network NLP 

models 

Large text 

corpora ~88% 

Requires large training 

datasets 

Table 1. Summary of Literature Review and Identified Research Gaps 

  

Explanation 

The research gap analysis presented in Table 2.2 highlights the limitations of existing studies in the field of sentiment 

analysis. Early research primarily focused on conceptual frameworks and basic machine learning techniques, which lack the ability 

to effectively capture contextual relationships in textual data. 

Although deep learning models such as LSTM and BiLSTM have been introduced to address these limitations, their 

application in domain-specific datasets, particularly in the hospitality sector, remains limited. Additionally, few studies provide a 

direct comparative analysis of LSTM and BiLSTM models using real-world hotel review data. 

Therefore, this research aims to bridge these gaps by developing a deep learning-based sentiment analysis system 

specifically tailored for hotel reviews and performing a comparative evaluation of LSTM and BiLSTM models. 

 

III. METHODOLOGY 

This section presents the overall framework, data processing steps, and deep learning models used for sentiment 

classification of hotel reviews. The proposed methodology follows a structured pipeline to transform raw textual data into 

meaningful predictions. 

 

3.1 System Overview 

The proposed system is designed to automatically classify hotel reviews into positive and negative sentiments using deep 

learning techniques. The workflow consists of multiple stages, including data collection, preprocessing, feature extraction, model 

training, and evaluation. The system begins with collecting hotel review data, followed by cleaning and preprocessing the text. 

The processed data is then converted into numerical form using tokenization and padding techniques. Finally, LSTM and BiLSTM 

models are trained to perform sentiment classification. 

 

3.2 Dataset Description 

The dataset used in this study consists of hotel reviews collected from online platforms. Each review is labelled as either 

positive or negative, making it suitable for binary classification. 

Key characteristics of the dataset include: 

 Large volume of real-world hotel reviews  

 Presence of unstructured textual data  

 Balanced distribution of sentiment classes  

 Variations in language, writing styles, and expressions  



Deep Learning-Based Sentiment Analysis of Hotel Reviews Using LSTM and Bidirectional LSTM Models 

Published By: Fifth Dimension Research Publication                   https://fdrpjournals.org/                                           265 | P a g e  

 

This diversity ensures that the model learns robust patterns and performs well on unseen data 

 

3.3 Data Preprocessing 

Data preprocessing is a crucial step in sentiment analysis as raw text contains noise and inconsistencies. The following steps 

are applied: 

1. Text Cleaning 

 Removal of special characters, punctuation, and numbers  

 Conversion of text to lowercase  

 Elimination of irrelevant symbols  

2. Tokenization 

 Splitting sentences into individual words (tokens)  

3. Stopword Removal 

 Removal of common words such as “the”, “is”, “and” that do not contribute to sentiment  

4. Stemming/Lemmatization 

 Reducing words to their root form (e.g., “liked” → “like”)  

5. Padding 

 Ensuring all input sequences have equal length for model training  

These steps help in improving model efficiency and reducing computational complexity. 

 

3.4 Feature Engineering 

To convert textual data into a machine-readable format, tokenization and sequence encoding techniques are used. 

 Tokenizer assigns unique indices to words  

 Sequences represent sentences as numerical vectors  

 Padding ensures uniform input length  

Additionally, word embeddings are used to represent words in dense vector form, capturing semantic relationships between them. 

 

3.5 LSTM Model Architecture 

Long Short-Term Memory (LSTM) is a type of Recurrent Neural Network (RNN) designed to handle sequential data and 

overcome the vanishing gradient problem. 

 

 
Fig 1. LSTM Model Architecture 

 

Working Principle 

LSTM consists of memory cells and three main gates: 

 Forget Gate → Decides what information to discard  

 Input Gate → Decides what new information to store  

 Output Gate → Produces the final output  

This gating mechanism allows LSTM to retain important information over long sequences, making it suitable for sentiment 

analysis. 

 

3.6 Bidirectional LSTM (BiLSTM) 

Bidirectional LSTM improves upon standard LSTM by processing input sequences in both forward and backward directions. 

Advantages 

 Captures both past and future context  

 Improves understanding of sentence meaning  

 Enhances classification accuracy in complex text 

 

3.7 Proposed Algorithm 

The following algorithm describes the overall process: 
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Algorithm: Sentiment Classification using LSTM/BiLSTM 

Input: Raw hotel reviews dataset  

Output: Predicted sentiment (Positive/Negative) 

1. Load dataset  

2. Perform text preprocessing  

o Clean text  

o Tokenize sentences  

o Remove stopwords  

3. Convert text into sequences  

4. Apply padding to sequences  

5. Split dataset into training and testing sets  

6. Initialize LSTM/BiLSTM model  

7. Compile model using:  

o Optimizer: Adam  

o Loss Function: Binary Cross Entropy  

8. Train model on training data  

9. Validate model on validation data  

10. Evaluate model performance using accuracy  

11. Predict sentiment for test data 

 

3.8 Model Training Parameters 

 

Parameter Value 

Optimizer Adam 

Loss Function Binary Cross Entropy 

Batch Size 32 

Epochs 10 

Evaluation Metric Accuracy 

Table 2. Training Parameters 

 

3.9 Evaluation Metrics 

The performance of the model is evaluated using the following metric: 

Accuracy: 

Accuracy is defined as the ratio of correctly predicted observations to the total observations. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
  . . . . . . . . . . . . ………………………………… . . . . . . . . . . . . . . . . . . . (1) 

 

Where: 

 TP (True Positive): Correctly predicted positive reviews  

 TN (True Negative): Correctly predicted negative reviews  

 FP (False Positive): Incorrect positive predictions  

 FN (False Negative): Incorrect negative predictions 

  

Precision: 

Precision measures how many of the reviews predicted as positive are actually positive. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 . . . . . . . . . . . . . . . . . ……………………………………… . . . . . . . . . . . . . . . . . . . . . . . . . . . (2) 

 

A high precision value indicates fewer false positive predictions. 

  

Recall: 

Recall measures how many actual positive reviews are correctly identified by the model. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 . . . . . . . . . . . . . . . ………………………… .…… . . . . . . . . . . . . . . . . . . . . …………… . . . . . . . . (3) 

 

A high recall value indicates fewer false negatives. 

  

F1-Score: 
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F1-score is the harmonic mean of precision and recall. It provides a balance between the two metrics. 

 

𝐹1 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
…………………………… . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . (4) 

 

3.10 Loss Function 

For binary sentiment classification, Binary Cross-Entropy Loss is used: 

𝐿 = −
1

𝑁
∑ [

𝑁

𝑖=1
𝑦𝑖log (𝑦̂𝑖) + (1 − 𝑦𝑖)log (1 − 𝑦̂𝑖)]. . . . . . . . . . . … . . ……………………… . . . . . . . . (5) 

 

Where: 

 𝑦𝑖= actual label  

 𝑦̂𝑖= predicted probability  

 𝑁= number of samples  

This loss function penalizes incorrect predictions and helps the model learn efficiently. 

 

3.11 LSTM Mathematical Formulation 

LSTM works using gating mechanisms. The operations inside an LSTM cell are defined as follows: 

 

Forget Gate: 

𝑓𝑡 = 𝜎(𝑊𝑓 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) …………………………………………………… . . . . . . . . . . . . . . . . . . . … . . (6) 

 

Input Gate: 

𝑖𝑡 = 𝜎(𝑊𝑖 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) …………………………………………………… . . . . . . . . . . . . . . . . . . . . … . . (7) 
 

Candidate Cell State: 

𝐶̃𝑡 = tanh(𝑊𝑐 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐)     ………………………… . . . . . . . . . . . . . . . ………… . (8) 

 

Cell State Update: 

𝐶𝑡 = 𝑓𝑡 ⋅ 𝐶𝑡−1 + 𝑖𝑡 ⋅ 𝐶̃𝑡             ………………………… . . . . . . . . . . . . . . . . . . . …… . . (9) 

 

Output Gate: 

𝑜𝑡 = 𝜎(𝑊𝑜 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜)    ……………………………… . . . . . . . . . . . . . . . . . . . . . … . . (10) 

 

Hidden State: 

ℎ𝑡 = 𝑜𝑡 ⋅ tanh(𝐶𝑡)                  …………………………………………… . . . . . . . . . . . . . . . . . . . . . . . . (11) 

 

Explanation 

 𝑥𝑡: Input at time step t  

 ℎ𝑡: Hidden state  

 𝐶𝑡: Cell state (memory)  

 𝜎: Sigmoid activation  

 tanh : Hyperbolic tangent  

These equations explain how LSTM retains and updates information over time. 

 

3.12 BiLSTM Representation 

In Bidirectional LSTM, two LSTMs are used: 

 Forward pass → ℎ𝑡
⃗⃗  ⃗ 

 Backward pass → ℎ𝑡
⃖⃗ ⃗⃗  

 

Final output: 

                   ℎ𝑡 = [ℎ𝑡
⃗⃗  ⃗ ⊕ ℎ𝑡

⃖⃗ ⃗⃗ ]              ……………………………………………… . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . (12) 

 

Explanation 

This helps in capturing both past and future context.  

 

3.13 Activation Function 

The Sigmoid function is used in the output layer: 

        𝜎(𝑥) =
1

1+𝑒−𝑥                ……………………………………………………… . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . (13) 
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Explanation 

It converts output into probability (0 to 1), suitable for binary classification. The proposed methodology integrates 

advanced deep learning techniques with efficient preprocessing strategies to build a robust sentiment analysis system. By 

leveraging LSTM and BiLSTM architectures, the system effectively captures contextual information in hotel reviews, enabling 

accurate sentiment classification. 

 

IV. RESULT AND DISCUSSION 

4.1 Experimental Setup 

The proposed LSTM and Bidirectional LSTM (BiLSTM) models were implemented using deep learning frameworks and 

trained on a dataset of hotel reviews. The dataset was divided into training, validation, and testing subsets to ensure unbiased 

evaluation of model performance. 

The models were trained using the parameters defined in Section 3, including the Adam optimizer, binary cross-entropy 

loss function, batch size of 32, and 10 epochs. Performance evaluation was primarily based on accuracy and loss metrics. 

 

4.2 Training and Validation Loss 

Loss is an important metric that indicates how well the model predictions match the actual labels. A lower loss value 

represents better model performance. 

 

Epoch Training Loss Validation Loss 

1 0.52 0.48 

2 0.41 0.39 

3 0.35 0.34 

4 0.30 0.31 

5 0.27 0.29 

6 0.25 0.28 

7 0.23 0.27 

8 0.22 0.26 

9 0.21 0.26 

10 0.20 0.25 

Table 3. Training and Validation Loss 

 

Analysis 

The results in Table 3 show a consistent decrease in both training and validation loss across epochs. Initially, the model 

exhibits higher loss values due to random weight initialization. However, as training progresses, the loss steadily decreases, 

indicating effective learning.The validation loss closely follows the training loss curve, suggesting that the model is not overfitting. 

The small gap between the two curves indicates good generalization capability. By the final epoch, the training loss reaches 0.20, 

while validation loss stabilizes at 0.25, confirming convergence of the model. 

 

4.3 LSTM Model Accuracy 

The performance of the LSTM model was evaluated based on accuracy over multiple epochs. 

 

Epoch Training Accuracy (%) Validation Accuracy (%) 

1 50.69 49.07 

2 78.20 76.90 

3 82.45 80.75 

4 85.60 84.10 

5 87.30 86.25 

6 88.75 87.90 

7 89.60 88.80 

8 90.10 89.50 

9 90.45 90.10 

10 93.34 90.77 

Table 4. LSTM Model Accuracy Across Epochs 
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Analysis 

From Table 4, it is observed that the training accuracy increases significantly from 50.69% to 93.34%, indicating that the 

model effectively learns patterns from the dataset. 

Similarly, the validation accuracy improves steadily from 49.07% to 90.77%, demonstrating strong performance on 

unseen data. The rapid improvement after initial epochs suggests that the model successfully captures key linguistic features. 

The small difference between training and validation accuracy indicates that the model does not overfit and maintains good 

generalization. The consistent upward trend confirms stable and reliable learning behaviour. 

 

4.4 LSTM Accuracy Summary 

 

Dataset Type Accuracy (%) 

Training Accuracy 93.34 

Validation Accuracy 90.77 

Test Accuracy 90.77 

Table 5. LSTM Model Performance Summary 

 

Analysis 

Table 4.3 summarizes the overall performance of the LSTM model. The training accuracy of 93.34% reflects the model’s 

ability to learn from training data effectively. 

The validation accuracy (90.77%) and test accuracy (90.77%) are very close to the training accuracy, indicating that the 

model generalizes well to unseen data. This consistency confirms that the model is well-balanced and does not suffer from 

overfitting or underfitting. 

 

4.4.1. Confusion Matrix 

 
Fig 2. Confusion Matrix of LSTM Model 

 

Explanation: 

The confusion matrix presented in Figure 2 provides a comprehensive evaluation of the classification performance of the 

proposed LSTM model on the hotel review dataset. It illustrates the distribution of correctly and incorrectly classified instances 

across positive and negative sentiment classes. 

From the matrix, it can be observed that the model achieves a high number of True Positives (TP) and True Negatives 

(TN), indicating that it is highly effective in correctly identifying both positive and negative reviews. This reflects the model’s 

strong ability to learn meaningful patterns and sentiment representations from the textual data. 

At the same time, the number of False Positives (FP) and False Negatives (FN) is comparatively low. This suggests that 

the model makes only a minimal number of misclassifications, thereby reducing the chances of incorrectly labeling customer 

sentiments. Such behavior is particularly important in real-world applications, where incorrect sentiment predictions can lead to 

misleading business insights. 

The balanced distribution between correctly classified positive and negative samples further indicates that the model does 

not exhibit bias toward any particular class. This demonstrates that the model generalizes well across different types of input data. 

Overall, the confusion matrix confirms that the proposed LSTM model delivers robust and reliable performance, 

achieving high classification accuracy while maintaining low error rates. These results validate the effectiveness of the model for 

sentiment analysis in the hospitality domain. 
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4.4.2. Accuracy Graph (Epoch vs Accuracy) 

 

 
Fig 3. Training and Validation Accuracy during Model Training 

 

Explanation 

The accuracy curve illustrates the improvement in both training and validation accuracy over epochs. The steady increase 

indicates effective learning, while the close alignment between the curves confirms that the model does not overfit. 

 

4.4.3. Loss Graph (Epoch vs Loss) 

 
Fig 4. Training and Validation Loss during Model Training 

 

4.5 Comparison of LSTM and BiLSTM Models 

Analysis 

Both models demonstrate strong performance, achieving accuracy values above 90%, which indicates their effectiveness 

in sentiment classification tasks. 

However, the LSTM model slightly outperforms the BiLSTM model with an accuracy of 90.77%, compared to 90.51% 

for BiLSTM. Although BiLSTM is theoretically expected to perform better due to its bidirectional processing capability, the results 

suggest otherwise in this case. 

One possible explanation is that hotel reviews often express sentiment in a straightforward and sequential manner, where 

forward context alone is sufficient. The additional backward processing in BiLSTM may introduce redundancy, leading to 

marginally lower performance. 

 

4.6 Discussion 

The experimental results clearly demonstrate the effectiveness of deep learning models in sentiment analysis. The 

following key observations can be made: 

 Both LSTM and BiLSTM models achieve high accuracy (>90%)  

 LSTM performs slightly better with lower computational complexity  

 Loss curves indicate stable training and convergence  

 Minimal gap between training and validation metrics confirms good generalization  

 The model effectively captures contextual information in textual data  

These findings validate that LSTM-based architectures are highly suitable for sentiment classification tasks in the 

hospitality domain. 

The results confirm that the proposed deep learning framework successfully classifies hotel reviews with high accuracy. 

The comparative analysis highlights that the standard LSTM model is slightly more efficient and effective than the BiLSTM model 

for this specific dataset. 
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V. CONCLUSION AND FUTURE WORK 

This research presented a deep learning-based approach for sentiment analysis of hotel reviews using Long Short-Term 

Memory (LSTM) and Bidirectional LSTM (BiLSTM) models. The primary objective was to develop an efficient and accurate 

system capable of classifying customer reviews into positive and negative sentiments. 

A comprehensive methodology was implemented, including data preprocessing, feature engineering, and model training. 

Techniques such as text cleaning, tokenization, stopword removal, and sequence padding were applied to convert raw textual data 

into a structured format suitable for deep learning models. The use of word embeddings further enhanced the representation of 

textual features. 

The experimental results demonstrated that both LSTM and BiLSTM models achieved high performance, with accuracy 

values exceeding 90%. Among the two models, the LSTM model slightly outperformed the BiLSTM model, achieving a test 

accuracy of approximately 90.7%, while BiLSTM achieved 90.51%. 

The consistency between training, validation, and test accuracies indicates that the model generalizes well and does not 

suffer from overfitting. Additionally, the decreasing loss values and stable accuracy trends confirm effective learning behavior. 

Overall, the study proves that deep learning techniques, particularly LSTM-based architectures, are highly effective for 

sentiment classification tasks in the hospitality domain. The proposed system can assist hotel management in analyzing customer 

feedback efficiently and making data-driven decisions to improve service quality. 

 

5.1 Future Scope 

Although the proposed sentiment analysis system demonstrates strong performance in classifying hotel reviews, there 

remain several promising directions for further enhancement and extension. One potential improvement involves the incorporation 

of advanced deep learning architectures, particularly transformer-based models such as BERT and GPT, which are known for their 

superior ability to capture contextual and semantic relationships in textual data. These models can significantly enhance the 

accuracy and depth of sentiment understanding. 

Another important direction for future research is the extension of the current binary classification approach to multiclass 

sentiment classification, where reviews can be categorized into positive, negative, and neutral classes. This would provide a more 

nuanced understanding of customer opinions and enable more detailed analysis. Additionally, implementing aspect-based 

sentiment analysis would allow the model to identify sentiments associated with specific features such as food quality, service, 

pricing, and location, thereby offering more actionable insights for hotel management. 

The development of a real-time sentiment analysis system is also a valuable enhancement. Integrating the model into a 

live dashboard would enable hotel administrators to monitor customer feedback dynamically and respond promptly to emerging 

issues. Furthermore, training the model on larger, more diverse, and multilingual datasets would improve its robustness, scalability, 

and applicability across different regions and user groups. 

Finally, incorporating Explainable Artificial Intelligence (XAI) techniques can further strengthen the system by providing 

transparency into model predictions. This would help users understand how decisions are made, thereby increasing trust and 

reliability in automated sentiment analysis systems. Overall, these future directions can significantly enhance the practical 

applicability and performance of the proposed system in real-world scenarios. 
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