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Abstract

:

Airport service quality ratings found on social media such as Airline Quality and Google Maps offer invaluable insights for airport management to improve their quality of services. However, there is currently a lack of research analysing these reviews by airport services using sentimental analysis approaches. This research applies multiclass models based on Aspect-Based Sentimental Analysis to conduct a comprehensive analysis of travellers’ reviews, in which the major airport services are tagged by positive, negative, and non-existent sentiments. Seven airport services commonly utilised in previous studies are also introduced. Subsequently, various Deep Learning architectures and Machine Learning classification algorithms are developed, tested, and compared using data collected from Twitter, Google Maps, and Airline Quality, encompassing travellers’ feedback on airport service quality. The results show that the traditional Machine Learning algorithms such as the Random Forest algorithm outperform Deep Learning models in the multiclass prediction of airport service quality using travellers’ feedback. The findings of this study offer concrete justifications for utilising multiclass Machine Learning models to understand the travellers’ sentiments and therefore identify airport services required for improvement.
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1. Introduction


The term “airport services” encompasses a multifaceted array of offerings that collectively contribute to the overall experience of air travellers. The current literature provides various definitions and perspectives on the constituents of airport services, but often emphasises the comprehensive nature of the travellers’ experience within airport facilities. For instance, researchers (e.g., [1]) asserted that airport services encompass a spectrum of amenities and processes, including check-in procedures, security protocols, baggage handling, and terminal facilities. In contrast, other scholars (e.g., [2]), adopted a more nuanced approach to defining airport services. Their focus extended beyond the procedural elements to include the quality of passenger interactions, emphasising customer service, staff responsiveness, and the overall ambiance of the airport environment. This perspective underscores the significance of human-centric factors in shaping travellers’ experience. Additionally, Dhini and Kusumaningrum [3] delved into the concept of airport services as a holistic system that encompassed both tangible and intangible elements. Tangible aspects involve physical facilities and infrastructure, while intangible elements include service reliability, efficiency, and responsiveness.



Travellers’ reviews in the aviation industry are important. These reviews wield significant influence over travellers’ decisions when choosing an airport [1,2,3,4,5]. Even minor improvements in airport services can have a positive impact on travellers’ perceptions and enhance their overall airport experience [6,7,8,9]. Additionally, positive sentiments expressed by travellers contribute to the competitive features of airports [9]. As travellers readily access and consult online reviews, airport management must prioritise their airport service quality (ASQ). To identify key areas for enhancing positive reviews, researchers have developed methods for extracting and analysing travellers’ reviews [2]. Currently, most studies conduct sentiment extraction, either collectively or at the sentence level. The collective sentiment analysis approach (also called topic modelling) may lack specificity, while the sentence-level approach requires additional human analysis to determine the polarity of a traveller’s feedback. Consequently, there is a need for a more comprehensive sentiment analysis approach to identify all aspects of airport services with polarities in a traveller’s review.



Moreover, current studies on the sentiment analysis of travellers’ feedback have predominantly focused on binary classifications, categorising responses into broad ‘positive’ or ‘negative’ sentiments. While this approach provides a high-level view of traveller satisfaction, it significantly narrows the scope of analysis and overlooks the complexity inherent in individual feedback. Another significant gap in the current literature is the lack of depth in understanding the specific services being referenced in feedback. Travellers often comment on various aspects of their airport experience, each potentially carrying a different sentiment. For instance, a single review might express satisfaction with the efficiency of security checks, but dissatisfaction with the amenities in the lounge area. Traditional binary analysis methods fail to capture these nuances, leading to a generalised and potentially misleading interpretation of traveller feedback. It is common that a traveller’s review often encompasses a range of sentiments tied to various aspects of their experience, such as check-in services, lounge facilities, or security processes. Current methodologies fall short in dissecting these multifaceted reviews to attribute sentiment to specific airport services. This oversight is critical, as it masks the complexity and diversity of travellers’ experiences.



This study aims to address these gaps by introducing a multiclass approach to sentiment analysis. Unlike the binary model, the method seeks to dissect traveller feedback into multiple categories, corresponding to different services or experiences within an airport. This research also introduces and develops unique Deep Learning architectures and Machine Learning classification algorithms for a comprehensive multiclass sentiment analysis of travellers’ online reviews. The results are ultimately compared for optimal solutions. In practice, we collect travellers’ reviews from multiple social media and employ Aspect-Based Sentiment Analysis (ABSA) to categorise positive/negative/non-existent sentiments by airport services stated in travellers’ reviews. The collected dataset is utilised to train and test designed Deep Learning and Machine Learning models, enabling the automation of identifying the sentimental aspects of airport services from travellers’ feedback. By doing so, the research seeks to pinpoint specific service areas within airports, thereby offering a more detailed and actionable insight into traveller satisfaction and service quality, enabling stakeholders to identify specific areas of strength and improvement.



The remainder of this paper is organised as follows: Section 2 provides an overview of the current work in the area; Section 3 introduces the methodology, with a particular focus on the dataset used and the architectures of the Deep Learning models designed; Section 4 presents the model results and findings; Section 5 offers the interpretation of findings and their connections with previous studies; and Section 6 concludes the work.




2. Literature Review


Multiclass prediction refers to the process of classifying a given input into one of several categories, which, in the context of this research, pertains to the various aspects of airport services such as check-in, security, and lounges. Unlike binary classification, which limits the output to two categories (i.e., positive and negative), multiclass prediction allows for a more nuanced analysis by categorising feedback into multiple distinct service areas. This approach is particularly pertinent in the context of airport service analysis, where travellers’ feedback often spans a wide range of experiences and services.



The methodology for multiclass prediction in the research area is deeply rooted in relevant literature. It builds upon the foundational principles of sentiment analysis, as outlined in seminal works such as [1,10]. Various methodologies such as topic modelling [11,12], Machine Learning [3], and sentimental analysis [10] are proposed to illuminate the aspects of airport services in travellers’ feedback, with a prevalent focus on topic modelling and sentiment analysis, particularly those utilising secondary data from platforms such as Twitter, Google Review, Airline Quality, or Skytrax. Conversely, other studies, primarily relying on primary datasets collected directly from travellers, employ statistical analysis to study the impact of airport service quality on travellers’ sentiment. Topic modelling is a prevalent analytical technique for scrutinising online reviews by travellers, frequently incorporating methods such as Latent Semantic Analysis (LSA) and Latent Dirichlet Allocation (LDA), coupled with dimensionality reduction strategies. Subsequently, sentiment analysis is employed to ascertain the positive or negative nature of the reviews.



Lee and Yu [11] and Martin-Domingo et al. [12] applied topic modelling and sentiment analysis to Google Maps reviews and London Heathrow Airport Twitter datasets, respectively. Moro et al. [13] analysed more than twenty thousand TripAdvisor reviews and presented heatmaps for airport hotel services and the sentimental status of guests. Bae and Chi [14] applied content analysis to differentiate between contented and discontented travellers. Other methods such as frequency analysis, linear regression, multinomial logit, text mining, semantic network analysis, and emotion recognition to identify airport services with positive/negative sentiments based on online reviews such as Skytrax were also utilised [8,15,16,17]. Nevertheless, relying solely on sentimental classes (i.e., positive, negative, and neutral) proves insufficient for accurately elucidating the specific sentiments of individuals and discerning the precise airport service [18]. For example, Lee and Yu [11] attempted to forecast the star ratings instead of sentimental classes of airport services.



Recently, Machine Learning [3,10], particularly Deep Learning [1,19,20], has gained considerable traction for predicting travellers’ sentiment values. Dhini and Kusumaningrum [3] employed Support Vector Machine (SVM) and the Naïve Bayes classifier to discern positive/negative sentiments from Google reviews. Taecharungroj and Mathayomchan [10] demonstrated that the quality of airport services could be assessed through sentimental values linked to various services by leveraging LDA and Naïve Bayes modelling techniques. Kamış and Goularas [20] explored various Deep Learning architectures with diverse datasets, concluding that the optimal performance was achieved through the combination of the long short-term memory (LSTM) network and convolutional neural network (CNN). Barakat et al. [1] leveraged thousands of English and Arabic tweets to train CNN and LSTM models to categorise travellers’ feedback regarding airport services into positive or negative classes based on the US Airline Sentiment and AraSenTi datasets. CNN and LSTM neural networks were demonstrated by Barakat et al. [1] to be effective in handling multi-dimensional data and extracting nuanced patterns. However, despite the models demonstrating superior predictive capabilities, the observed difference was statistically insignificant. Nevertheless, studies focusing on Machine Learning and Deep Learning applications in assessing airport service quality and travellers’ sentiment values have been limited.



Moreover, although various studies showed that certain airport services are more likely to garner positive reviews when managed effectively, there is a lack of standardised criteria for enumerating the specific airport services that necessitate attention. For instance, Gajewicz et al. [7] assessed facility attributes like cleanliness and efficiency individually, while others considered these attributes holistically or more broadly, which may encompass amenities such as food and restaurants. Consequently, the absence of uniformity in categorising airport services results in varied lists across studies [21,22,23,24,25,26]. To address this, Alaydaa et al. [27] presented a two-level category of airport services covering all explicit facilities within the airport based on the conducted review, including access, check-in and security, facilities, wayfinding, and airport environment and their sub-categories, which may well suit the Aspect-Based Sentiment Analysis of travellers’ online reviews.



Overall, previous studies typically predict a single sentiment polarity (i.e., negative, positive, or neutral) for each traveller’s review, which may overlook important information for improving airport services, as traveller reviews often encompass comments on multiple aspects of airport services. Aspect-Based Sentiment Analysis, which examines traveller reviews according to airport services at the sentence level, may offer more detailed insights into traveller sentiments; however, this still requires the development of bespoke Machine Learning models to provide a more comprehensive sentimental analysis of travellers’ online reviews. Deep Learning models allow for a more granular understanding and classification of traveller feedback, aligning with the latest advancements in Natural Language Processing. By integrating this well-established methodology with the Aspect-Based Sentiment Analysis of customers’ online reviews of airport services, this study not only adheres to the rigorous standards of current research, but also introduces a novel perspective to the field of sentiment analysis.




3. Methodology


3.1. Dataset


In this study, a total of 319,000 reviews were collected from social media using Outscraper 2023 online version, with the majority of the reviews being extracted from the COVID-19 outbreak period between 2020 and 2021. Specifically, approximately 100,000 reviews were sourced from Google Maps, 80,000 from Twitter, and the remainder from Airline Quality. It is important to note that no personal data were gathered. Feedback pertaining to flights and other topics besides airport services was excluded from the dataset. The aim of this study can be illustrated based on the snippet below from the dataset collected:




“...Didn’t bother using the ‘canteen’ in the cupboard (departure lounge 1) and there was a big crush fighting fellow passengers to get on the aircraft. The toilets in the lounge were filthy, stinking, and graffitied...”.





Previous research may tag this feedback as either neutral due to the mention of the “canteen” without specific negative or positive associations, or as negative because of the negatively described “toilets”. However, such approaches would not tag the feedback based on these two specific services mentioned.




3.2. Method


Figure 1 shows the multiclass sentiment analysis process of travellers’ online reviews for airport services based on Aspect-Based Sentimental Analysis and Machine Learning.



In this study, travellers’ reviews underwent initial preprocessing, including tokenisation and misspelling checking, utilising the tokenizer of NLTK v2.8.1 and the TextBlob v0.18.0 library, respectively. Then, a list of aspects was extracted according to the two-level category of airport services defined in the literature above. The related terms such as food, seats, toilets, and Wi-Fi facilities were searched by sentence tokenisation. The tokens were then analysed using Aspect-Based Sentiment Analysis when an aspect was found, and the sentence was tagged based on the highest positive or negative score. Subsequently, a matrix of aspects was generated with the polarities of a traveller’s feedback by airport services stated in the feedback. The polarity for each airport service was determined based on the positive/negative occurrences in the feedback. For instance, if the majority of the aspects and the average of the polarity values showed a tendency toward negativity, the airport service was tagged as −1. A database was then created, containing approximately 300,000 records with the travellers’ feedback, keywords, and service tags. Around 19,000 records were excluded due to the limited number of words. These datasets were subsequently utilised to train, validate, and test the Machine Learning models developed in this study.



The CNN-based Deep Learning model is outlined in Table 1. The input, including the passengers’ feedback and keywords, was fed into the embedding layer, transforming textual inputs into continuous vector representations. Its hidden layers consist of a flatten layer and two dense layers with 64 and 32 neurons, respectively, all configured with the ReLU activation function. The final dense layer comprises 7 × 3 neurons using the softmax activation function. The model was trained using the Adam optimiser based on categorical cross-entropy loss function and evaluated using an accuracy metric. The dataset was split into 70% for training, 20% for validation, and 10% for testing.



The LSTM-based model is shown in Table 2, which comprises an embedding layer, two LSTMs, and a pair of fully connected dense layers, configured with the ReLU activation function for non-linearity and a softmax activation function for multiclass classification. A similar model is presented in Table 3, with the only difference being the addition of dropout and recurrent dropout with a rate of 0.2 in the two LSTM layers to mitigate overfitting. Additionally, a dropout layer with a rate of 0.2 was inserted between the two fully connected dense layers. Table 4 presents an LSTM model with GloVe embeddings. The “trainable” parameter was set to “False,” ensuring that the pre-trained embeddings were not fine-tuned during training. The incorporation of pre-trained word embeddings enhanced the model’s ability to capture the semantic meaning of the words in the input data, thereby improving its overall performance.



Table 5 presents a BiLSTM model featuring a bidirectional LSTM with 512 units and multiple CNN layers. The bidirectional LSTM captures both forward and backward sequential information, thereby enhancing the model’s understanding of context and dependencies. The first layer comprises 256 filters with a 5-unit kernel and the ReLU activation function, while the second layer consists of 128 filters, also employing the ReLU activation function. The global max-pooling layer is used to extract the most relevant features from the previous layers, making the model robust to variations in the input data. The model contains a fully connected dense layer with 64 neurons and the ReLU activation function. The dropout layer with a rate of 0.2 helps mitigate overfitting. The output layer consists of 7 × 3 neurons and the softmax activation function. The reshape layer formats the output into a 7 × 3 matrix. The model was trained using the Adam optimiser based on categorical cross-entropy loss function and evaluated by the accuracy metric.



In addition to the advanced Deep Learning techniques of CNN and LSTM, this study also employed a suite of traditional Machine Learning algorithms to provide a comprehensive analysis. These include Decision Trees, Support Vector Machines (SVMs), K-Nearest Neighbours (KNNs), Random Forest, Logistic Regression, and Gradient Boosting. Decision Tree is a non-parametric supervised learning method used for classification and regression. The algorithm creates a model that predicts the value of a target variable by learning simple decision rules inferred from the data features. Support Vector Machine (SVM) is renowned for its ability to handle high-dimensional data and perform classification tasks by finding the optimal hyperplane that maximises the margin between different classes. K-Nearest Neighbours (KNNs) is a simple, yet effective algorithm that classifies a new data point based on the majority vote of its k-nearest neighbours, thereby assigning it to the most common class among those neighbours. Random Forest is an ensemble learning method that constructs multiple decision trees during training and outputs the mode of the classes or mean prediction of the individual trees, providing a more robust and accurate model. Logistic Regression is a linear model used for classification tasks. It estimates the probabilities, particularly useful for cases where one needs to provide a probability score for observations. Gradient Boosting is an ensemble technique that builds the model in a stage-wise fashion. It constructs new models that predict the residuals or errors of prior models and then combines them to make the final prediction, thereby enhancing accuracy. These traditional Machine Learning algorithms complemented the CNN and LSTM models in this research by providing a comparison approach to analysing the dataset. Their inclusion ensured a robust and comprehensive analysis, leveraging the strengths of each method to enhance the overall predictive performance of the study.





4. Results


In this research, the model training stops when either the training loss or validation loss stabilises. The CNN-based model exhibits an overall accuracy of 0.94, as depicted in Figure 2 and Figure 3. However, there is a potential concern regarding overfitting, given the high training accuracy of 0.99. The area under the curve (AUC) is a crucial metric in Machine Learning for assessing the overall performance of a classification model. It measures the model’s ability to differentiate between different classes, with a higher AUC value indicating better accuracy and reliability. The AUC, as shown in Figure 4, is above 0.75, indicating good discrimination among classes, where class 0, 1, and 2 represent negative, non-existent, and positive sentimental values, respectively, assigned to specific airport aspects from the passengers’ feedback.



The accuracy of the LSTM-based model is 0.94, as shown in Figure 5 and Figure 6. As the model hyperparameters in Table 3, Table 4 and Table 5 are particularly designed to overcome overfitting, the results only exhibit slight potential overfitting against the training accuracy of 0.97. The AUC in Figure 7 is above 0.77, indicating good discrimination among the classes.



The accuracy of the LSTM-based model with dropout layers in Figure 8 and Figure 9 is 0.94, compared to a training accuracy of 0.95, suggesting that the model performs well on both training and testing datasets without evident signs of overfitting. This is indicative that the model generalises well to new and previously unseen data. The AUC in Figure 10 is within the range of 0.65–0.97, suggesting that the model’s ability to distinguish one class from other classes varies across the seven outputs.



The accuracy of the LSTM-based model with GloVe embedding and dropout layers shown in Figure 11 and Figure 12 is 0.94, which is the same as the one obtained from training, suggesting that the model performs well on both the training and testing datasets without evident signs of overfitting. The AUC in Figure 13 is within the range of 0.65–0.97, suggesting that the model’s ability to distinguish one class from other classes varies across the seven outputs.



The accuracy of the BiLSTM-based model with dropout layers, as shown in Figure 14 and Figure 15, is 0.80, suggesting the possibility of overfitting against its training accuracy of 0.95. The ROC curves of the model with various outputs are shown in Figure 16. This architecture produces the poorest performance among all Deep Learning models.



The performance of the Machine Learning classification algorithms is presented in Table 6. Overall, the algorithms perform well, with the exception of the GB and KNN algorithms. Notably, the Random Forest algorithm exhibits the highest performance. This research highlights that Machine Learning algorithms such as Random Forest are excellent choices for the multiclass prediction of airport service quality based on travellers’ feedback.




5. Discussion


In this study, two Deep Learning architectures, i.e., an LSTM-based model with dropout layers and an LSTM-based model with GloVe embedding and dropout layers, show good performance compared to the other architectures without displaying signs of overfitting. This indicates that the models generalise well to new and previously unseen data. The areas under the curve (AUCs) of the Deep Learning models all fall within the range of 0.65–0.97, suggesting that the models’ ability to distinguish one class from other classes varies across the seven outputs. An AUC indicates a model’s ability to correctly classify instances of any class while minimising false positives. A higher ROC curve value (e.g., 0.97) generally indicates that the model has good discrimination capability for that class. A value of 0.65 is still acceptable, but may indicate some degree of overlap between certain classes. The range of 0.77 to 0.97 for the classes is a strong indication that the model can effectively discriminate between these classes and the remaining classes. This range shows that the models have a good balance between true positives and false positives for these classes and are capable of correctly classifying instances belonging to these classes while keeping a relatively low rate of false positives. The high ROC values for classes also suggest that the model generalises well to unseen data, which is an important aspect of model performance. In cases where class distributions are imbalanced, the ROC values may need to be interpreted carefully. Figure 17 shows that there exists a data imbalance, in which the positive values are considerably less than the negative values. The extremely high ROC values could be a result of class imbalances or other factors, and it is important to consider other metrics and domain knowledge.



Aspect-Based Sentimental Analysis provides more insight into travellers’ sentiments than a single tag on a traveller’s review. Nevertheless, the method should only be adopted when the aspects are already known, different from traditional LSA and LDA methods. Another shortcoming of LDA is that one has to predetermine the topic numbers to associate a group of words with a specific topic. The current ABSA methods trained on various datasets such as restaurants, mobile phones, and computer sales produce an approximate accuracy of 80% from the literature, consistent with the performance of the models in this study. It was noticed that the iterative training on airport services based on the feedback may generalise well, but may not accurately reflect the individual sentiments. Further travellers’ feedback datasets may be needed for training using the current ABSA methods.



This work makes a significant theoretical contribution by proposing a comparative approach to quantitatively analyse the sentimental values within travellers’ feedback based on various Deep Learning and Machine Learning techniques. In contrast to current studies that predominantly employ topic modelling to assign an overarching sentimental value (i.e., positive or negative) to the entirety of travellers’ feedback, our approach fills a gap by providing a more granular analysis. Specifically, it delves into the individual feedback regarding each airport service and the sentiments expressed by distinct travellers. Moreover, unlike previous works that focus on sentiment analysis at the sentence level, often based on brief Twitter feedback, this study offers a more comprehensive analysis and captures nuanced sentiments towards specific airport services. This distinction is crucial, as many airport services are outsourced to third-party entities, necessitating a detailed understanding of traveller sentiment for effective feedback management. The practical contribution of this work lies in its empirical feasibility to accurately determine airport services and the associated sentimental feedback. By showcasing the effectiveness of the approach, the research establishes that it is practically viable to discern sentiments related to specific airport services. The methodology employed in this study can be replicated for other types of services, given a comprehensive list of defined services.



In summary, the research contributes both theoretically and practically by introducing a comparative method to quantitatively assess sentimental values in travellers’ feedback, addressing the gaps left by current studies. The nuanced approach taken in the analysis provides valuable insights into the sentiments associated with individual airport services, offering a practical framework that can be adapted for broader applications beyond the aviation industry.




6. Conclusions


This study develops a multiclass model that categorises traveller feedback based on specific airport services, moving beyond the general sentiment polarity of positive/negative. Contrasting with the traditional sentence-level aspect-based models, which are often inefficient and require iterative application, the research develops and employs both Deep Learning and traditional Machine Learning techniques for a more efficient and accurate multiclass sentiment prediction in online airport service reviews. This research also categorises seven airport services through conducting a comprehensive literature review.



While qualitative Natural Language Processing (NLP) methodologies like Latent Semantic Analysis (LSA) and Latent Dirichlet Allocation (LDA) offer insights into topic modelling and sentiment analysis, they often necessitate human interpretation to fully understand the underlying sentiments and topics. This study addresses this limitation by conducting a distinct analysis of the polarity associated with each airport service with a traveller’s feedback. It utilises seven frequently mentioned services identified as the basis for sentiment extraction. The comparative analysis of traditional Machine Learning algorithms and Deep Learning models in the study reveals an intriguing outcome: traditional algorithms, particularly the Random Forest algorithm, demonstrate superior performance in the multiclass prediction of airport service quality using traveller reviews. This finding underscores the potential of integrating different approaches for enhanced analysis in sentiment prediction.



This approach assists airport management in pinpointing key areas of traveller concern and enables more targeted improvements in service areas. Future work aims to incorporate more social media data and airline quality data into the multiclass models, which may enable a more precise and comprehensive prediction of airport service quality and refine the methods available for airport authorities to enhance traveller experience and service efficiency.
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Figure 1. Multiclass sentiment analysis process of online reviews for airport services. 
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Figure 2. Accuracy of CNN-based model. 
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Figure 3. Validation loss of CNN-based model. 
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Figure 4. ROC curves of CNN-based model. 
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Figure 5. Accuracy of LSTM-based model. 
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Figure 6. Validation loss of LSTM-based model. 
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Figure 7. ROC curves of LSTM-based model. 
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Figure 8. Accuracy of LSTM-based model with dropout layers. 
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Figure 9. Validation loss of LSTM-based model with dropout layers. 
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Figure 10. ROC curves of LSTM-based model with dropout layers. 
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Figure 11. Accuracy of LSTM-based model with GloVe embedding and dropout layers. 
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Figure 12. Validation loss of LSTM-based model with GloVe embedding and dropout layers. 
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Figure 13. ROC curves of LSTM-based model with GloVe embedding and dropout layers. 
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Figure 14. Accuracy of BiLSTM-based model with dropout layers. 
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Figure 15. Validation loss of BiLSTM-based model with dropout layers. 
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Figure 16. ROC curves of BiLSTM-based model with dropout layers. 
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Figure 17. Sentimental classes of tagged airport services (unbalanced). 
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Table 1. CNN-based model.






Table 1. CNN-based model.





	Layer
	Param#
	Output Shape





	Embedding
	1,280,000
	(100, 128)



	Flatten
	0
	(None, 12,800)



	Dense
	819,264
	(None, 64)



	Dense
	2080
	(None, 32)



	Dense
	693
	(None, 21)



	Reshape
	0
	(None, 7, 3)










 





Table 2. LSTM-based model.






Table 2. LSTM-based model.





	Layer
	Param#
	Output Shape





	Embedding
	1,000,000
	(None, 100, 100)



	LSTM
	42,240
	(None, 100, 64)



	LSTM
	12,416
	(None, 32)



	Dense
	2112
	(None, 64)



	Dense
	1365
	(None, 21)



	Reshape
	0
	(None, 7, 3)










 





Table 3. LSTM-based model with dropout layers.






Table 3. LSTM-based model with dropout layers.





	Layer
	Param#
	Output Shape





	Embedding
	1,000,000
	(None, 100, 100)



	LSTM
	42,240
	(None, 100, 64)



	LSTM
	12,416
	(None, 32)



	Dense
	2112
	(None, 64)



	Dropout
	0
	(None, 64)



	Dense
	1365
	(None, 21)



	Reshape
	0
	(None, 7, 3)










 





Table 4. LSTM-based model with GloVe embedding and dropout layers.






Table 4. LSTM-based model with GloVe embedding and dropout layers.





	Layer
	Param#
	Output Shape





	Embedding
	1,000,000
	(None, 100, 100)



	LSTM
	117,248
	(None, 100, 128)



	LSTM
	49,408
	(None, 64)



	Dense
	4160
	(None, 64)



	Dropout
	0
	(None, 64)



	Dense
	1365
	(None, 21)



	Reshape
	0
	(None, 7, 3)










 





Table 5. BiLSTM-based model with dropout layers.






Table 5. BiLSTM-based model with dropout layers.





	Layer
	Param#
	Output Shape





	Embedding
	1,000,000
	(None, 100, 100)



	Bidirectional
	2,510,848
	(None, 100, 1024)



	Conv1D
	1,310,976
	(None, 96, 256)



	MaxPooling1D
	0
	(None, 19, 256)



	Conv1D
	163,968
	None, 15, 128)



	Glo balMaxPooling1D
	0
	(None, 128)



	Dense
	8256
	(None, 64)



	Dropout
	0
	(None, 64)



	Dense
	1365
	(None, 21)



	Reshape
	0
	(None, 7, 3)










 





Table 6. Accuracy of Machine Learning algorithms for airport services polarity classification.






Table 6. Accuracy of Machine Learning algorithms for airport services polarity classification.





	ML
	Facilities Class
	Terminal Class
	Access Class
	Security Class
	Check-in Class
	Wayfinding Class
	Staff Class
	Overall Accuracy





	DT
	0.88
	0.87
	0.96
	0.97
	0.94
	0.99
	0.95
	0.94



	SVM
	0.83
	0.82
	0.95
	0.96
	0.92
	0.99
	0.94
	0.92



	KNN
	0.63
	0.72
	0.93
	0.95
	0.91
	0.99
	0.87
	0.86



	RF
	0.92
	0.90
	0.97
	0.97
	0.95
	0.99
	0.97
	0.95



	LR
	0.82
	0.82
	0.95
	0.96
	0.92
	0.99
	0.94
	0.91



	GB
	0.28
	0.68
	0.81
	0.83
	0.80
	0.85
	0.97
	0.75
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