
1  
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4.0 Introduction   
  Text mining and sentiment analysis are both valuable tools for analysing text-based data, such as 

customer feedback. These techniques can be used to identify trends and patterns in large collections of 

feedback, which can provide valuable insights for improving products, services, or experiences.  

One significant benefit of text mining is that it allows for the efficient analysis of large amounts of text data. 

By using algorithms and natural language processing techniques, text mining can quickly identify common 

words, phrases, and themes in the data. This can provide a high-level overview of the feedback and 

highlight any trends or patterns that might not be immediately apparent.  

Sentiment analysis, on the other hand, is focused on identifying the sentiment or emotion 

expressed in the text data. This can be useful for identifying the overall sentiment of a collection of 

feedback, such as whether the feedback is mostly positive or negative. This can provide valuable 

information for understanding how customers feel about a product, service, or experience, and can help to 

identify areas for improvement.  

Overall, text mining and sentiment analysis are valuable tools for analysing text-based data, such as 

customer feedback. They can be used to quickly identify trends and patterns in the data, which can provide 

valuable insights for improving products, services, or experiences  

  There have been studies that have shown the benefits of sentiment analysis. One such study was 

conducted by Pankaj et al in 2012, where they performed a comparative sentiment analysis of retrieved 

reviews using techniques such as opinion mining, text mining, and sentiment analysis. Their study 

addressed a fundamental problem in sentiment analysis: determining the polarity and categorization of the 

analysed text. In a study conducted by Zvarevashe and Olugbara in 2018, sentiment analysis was also 

performed on hotel reviews. However, their study involved a comparative analysis using algorithms such as 

Naive Bayes Multinomial and Sequential Minimal Optimization. Through their analysis, they were able to 

identify a suitable algorithm for the classification component and used it to design a system that can 

determine sentiment in a way that is similar to how humans would.  

  With Text mining, Sentiment Analysis and Classification, the main idea is to identify Top Hotels in 

various locations at the same time classify reviews in positive and negative sentiments. For this analysis, 30 

hotels or restaurants would be selected based on the following criteria:   

• Top ten locations with the highest reviews  

• 3 Hotels or Restaurants each from the Top 10 locations   

This criterion was assumed as a fraction and for this study to help the most visited locations identify areas 

of opportunity for improvement.   
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4.1 Datasets  
The Data used for this analysis was given and specified by the Module Leader and was downloaded from 

the blackboard where the course leader Prof. Mo Saraee uploaded it. The dataset contains customer’s ID, 

Review date, Location, Hotel/Restaurant and Reviews.   

Table 1. Variables included in the dataset  

Customer’s ID  Customer’s identity number  

Review Date  When the customer submitted their feedback  

Location   The hotel or restaurant location  

Hotel/Restaurant  The hotel or restaurant name   

Reviews  Customer’s Feedback   

  

4.2 Dataset Preparation and Processing  
In sentiment analysis, dataset preparation and processing is a crucial step that involves cleaning and 

preprocessing the data to make it ready for analysis. This section typically involves several different steps 

completed, such as:  

• Data collection: The first step is to collect the data that will be used for the analysis. This involve 

scraping data from websites, collecting feedback from customers, or using other sources of text 

data. For this study, data has been collected from the blackboard, this data contains customers 

feedback on their overall experience as they patronise the hotels in separate locations.   

• Data cleaning: Once the data has been collected, it must be cleaned to remove any irrelevant or 

noisy information. This involve removing punctuation, special characters, and stop words, as well as 

standardizing the text to make it easier to analyse.  

• Data pre-processing: After the data has been cleaned, it must be pre-processed to make it ready for 

analysis. This involve converting the text to a numerical representation, such as a matrix of word 

frequencies, or applying other techniques to extract relevant information from the data.  

Overall, dataset preparation and processing were done as it is an essential step in sentiment analysis that 

involves cleaning and pre-processing the data to make it ready for analysis. This helps to ensure that the 

results of the analysis are accurate and reliable.   

Importing the required library, Using the NLTK (Natural Language Toolkit). This provides a suite for text 

processing libraries for many text mining and natural processing tasks, including classification, 

tokenization, stemming, tagging, parsing and sentiment analysis.  

Upon loading the data, it is important to find interesting insight and information about the data, for 

instance there about 537 Unique restaurants from 25 different locations. Furthermore, Da Mario 

Restaurant has the highest number of reviews received.   
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4.3 Pre-Processing reviews to get a cleaned and processed version to analyse  
Contractions, such as "can't" and "won't," are shortened forms of words or phrases that are 

commonly used in everyday language. They can make text more conversational and informal, but they can 

also make it more difficult to analyse. To clean text that contains contractions, I used the Natural Language 

Toolkit (NLTK) and spaCy, which are popular Python libraries for natural language processing. These 

libraries have methods that can expand contractions back to their full forms, making it easier to analyse the 

text.  

In addition to expanding contractions, I also used NLTK or spaCy to remove other types of noise from the 

text, such as punctuation, numbers, and stopwords (common words that do not provide useful 

information, such as "the" and "and"). By using these tools and techniques, I cleaned and pre-processed 

the reviews data to make it more suitable for analysis.  

The screenshots in Appendix 4 shows the defined functions for the cleaning and pre-processing, and the 

preliminary steps is where I specifically instruct the system what I expect as the results, checking text to 

lowercase, expanding contractions, lemmatizing the text, removing special characters and so on. This was 

fed into the reviews and output as Processed Review and saved in a new csv moving forward.  

4.4 Sentiment Analysis for Customer’s Feedback.   
This section details the step taken to perform the sentiment analysis for customer’s feedback or 

reviews on 30 hotels as instructed. Since the sentiment analysis was done on a separate notebook, the 

needed libraries were imported again, and null values were checked the second time. First, the actual data 

was loaded and merged with the processed review. Locations with the most reviews received was checked 

and the first 10 Locations with the highest reviews was selected. Three hotels for the top ten locations 

were selected and this makes the total number of hotels selected 30. Data for the selected 30 hotels were 

then collected and a set of pre-processing was carried out again to define the preprocess_text that would 

be applied to the sentiment. The pre-trained model was then loaded for sentiment analysis. Since 

SentimentIntensityAnalyzer has already been instantiated, Values were being extracted from dictionaries 

and I created new columns within dataframe. Seaborn was used to visualize the polarity scores and its 

distribution. It is important to be aware the input words were based on the most popularly words used 

during review of similar service worldwide. The figure below shows the distribution of compound, positive, 

negative, and neural score in the reviews.  
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Figure 1 Distribution of compound score  

  

Figure 2 Distribution of positive score  

  

  

Figure 3 Distribution of negative score  
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Figure 4 Distribution of neural score  

4.5 Results analysis and discussion   
  

    Based on the analysis and results of the experiment, the following observations can be 

made:   

1. The location with the highest proportion of negative reviews was Phuket Town, with approximately 

14% of the total number of reviews being negative. However, it is important to note that this 

percentage is small compared to the 86% of positive reviews received by Phuket Town. Figures 5 

and 6 show these results.  

2. From the perspective of individual hotels, the Tiger Inn Restaurant had the lowest percentage of 

positive reviews, at 79%. This suggests that the other hotels in the top 30 had a higher level of 

customer satisfaction. Figures 7 and 8 visualize these results.   

  

3. Using word cloud analysis, it was found that the words "food," "restaurant," "place," and "service" 

were the most prominent in both positive and negative reviews. Figures 9 and 10 show these 

results  

Overall, these observations suggest that the majority of customer reviews for the selected hotels and 

locations were positive, with Phuket Town having the highest proportion of negative reviews. Food, 

restaurant, place, and service were the most commonly mentioned themes in the customer feedback  
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Figure 5 Percentage of negative reviews from 10 location  

  

  

Figure 6 Percentage of negative reviews from 10 location  
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Figure 7 Percentage of negative reviews from 30 hotel  

  

  
Figure 8  Percentage of positive reviews from 30 hotel  
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Figure 9 wordcloud  negative from 30 hotel   

  

  

Figure 10 wordcloud  positive  from 30 hotel   
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Conclusions  
Based on the analysis and results presented, it can be concluded that the majority of customer reviews for 

the selected hotels were positive. This indicates that the other hotels in the top 30 had a high level of 

customer satisfaction. Given these findings, it is recommended that these hotels focus on promoting their 

visibility and maintaining their satisfactory services, rather than putting significant effort into improving 

their service. Overall, the positive customer reviews suggest that these hotels are meeting the needs and 

expectations of their customers.  
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 Appendix Four  

(These screenshots depict the referenced procedures that were completed for Task 4. The source of the 

information is a combination of self-written notes and a Jupyter notebook.)   
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