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Abstract

This article presents the development of a tourist opinion analysis system on Platform X
(Twitter), using Phuket Province as a case study. The system aims to support the planning and
development of tourism to better meet the needs of tourists effectively. The system collects
tweet data from Platform X and applies Machine Learning (ML) and Natural Language Processing
(NLP) techniques to extract and analyze information such as country, hashtag, topic, and
sentiment. The processed data is then presented in an interactive dashboard format. The
research findings demonstrate that the system operates in accordance with the software
specification. The system achieved high accuracy in data retrieval, country identification, and
hashtag extraction across all test cases. Topic modeling successfully grouped tweets with an
accuracy rate of 86.25%, while sentiment analysis classified tweets as positive, negative, or

neutral with an accuracy rate of 76.25%.
Keywords: Tourist Opinion Analysis, Social Media Analytics, Sentiment Analysis, Topic Modeling
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Function: extract_country(user_location)

Input:
- user_location (String): The location string provided by the user.

Output:
- country_name (5String): The corresponding country name, if found; otherwise, returns
“Other™.

Algorithm:
1. Load Data:
world_cities = read("world-cities.csv")
(world_cities is a table with columns: country, country2char, country3char and city.)

2. Tokenize User Location:
Split user_location into individual tokens using word_tokenize(user_location).

3. Iterate Through Tokens:
For each token t in the tokenized user_location:
- If t matches any value in the country column of world_cities then return t.
- If t matches any value in the city column of world_cities then return the corresponding
value from the country column.
- If t matches any value in the country2charcolumn of world_cities then return the
corresponding value from the country column.
- If t matches any value in the country3charcolumn of world_cities then return the
corresponding value from the country column.
Return “Other”.
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Function: extract_hashtags(tweet)

Input:
- tweet (5tring): The input tweet text.

Output:
- hashtag_list (List): Alist of hashtags extracted from the tweet.

Algorithm:
1. Initialize an Empty List:
Create an empty list hashtag_list to store extracted hashtags.

2. Tokenize the Tweet:
Split tweet into individual tokens using word_tokenize(tweet).

3. lterate Through Tokens:
For each token t in the tokenized tweet:
- If t matches the regular expression pattern for a hashtag (i.e., #\w+) then append t to
hashtag_list.

4, Return the result:
Return hashtag_list.
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Function: topic_modeling(tweets)

Input:
- tweets (List): A list containing all tweet texts..

Output:
- topics (List): A list of identified topics corresponding to the input tweets.

Algorithm:
1. Clean Data:
For each tweet in tweets
- Remove URLs, email addresses, user mentions, and emojicons from tweet

2. Generate Topics:
- Use the BERTopic model to analyze the topics for the cleaned tweets.
- Store the resulting list of topics in the variable topics.

3. Return the result:
Return topics.

AN 4 SFATPUNNTIATILNINIVD

Function: sentiment_analysis(tweet)

Input:
- tweet (String): The input tweet text.

Output:
- sentiment (5String): The sentiment classification {Positive, Neutral, Negative) of the input
tweet.

Algorithm:
1. Clean Data:
Remove URLs, email addresses, user mentions, and hashtags from tweet

2. Initialize Sentiment Analysis Model:
- Download movie_review corpus from the NLTK library.
- Create a pattern_analyzer model using the loaded corpus.

3. Classify Sentiment:
- Use pattern_analyzer to analyze the sentiment of the cleaned tweet.
- Store the result in the variable sentiment.

4, Return the result:
Return sentiment.

o
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AW 5 SHAL—UNNTIATIENTIBTU
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