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Chapter 16

Tourism Products and Sentiment Analysis

Ibrahim AKkin Ozen

Nevsehir Haci Bektas Veli University, Turkey

SUMMARY

Reviews about tourism products in online environments are an important data source for tourism
businesses, destination managements and tourists. Tourist reviews online are completely unbiased
reviews created voluntarily by tourists. Therefore, important feedback is provided for tourism
businesses and destinations in the evaluation of tourism products. Collecting and analyzing tourist
comments and transforming them into strategic information will create an important competitive
power. Sentiment analysis, which is a sub-field of text mining, is a field of study that analyzes
people's ideas and thoughts about tourism products and services from text-based comments.
Sentiment analysis can be applied at the document level, sentence level and aspect-based sentiment
levels. In this chapter, sentiment analysis methods are examined by using data collected from
online platforms where tourism products are evaluated. Analyzing online tourist reviews using text
mining methods will provide important opportunities for stakeholders in the tourism sector. These
opportunities can be explained in terms of destination managements, tourism businesses and
tourists. Understanding and interpreting the destination for destination management will thus
provide opportunities for the creation of the brand value and image of the destination. It will also
make an important contribution to the determination of tourist needs in the destination and
meeting these needs. In terms of tourism businesses, evaluating the products and services they
offer to tourists will create an opportunity to manage customer relations by discovering the
negative and positive aspects. In addition, tourism businesses will have the opportunity to develop
or improve their products and services in order to gain product and price advantage by evaluating
their competitors. Tourists will be able to use it to make better travel plans.

Recommended Citation: Ozen, 1. A. (2021). Tourism products and sentiment analysis. In C.
Cobanoglu, S. Dogan, K. Berezina, & G. Collins (Eds.), Advances in Hospitality and Tourism
Information Technology (pp. 1-44). USF M3 Publishing.
https://www.doi.org/10.5038/9781732127586
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Introduction

Technological developments cause changes in tourist behaviors and also in the way tourist travels
are made. While the tourists make their travel plans, they constantly interact with online blogs and
social media during and after the travel, especially thanks to mobile connections.

Potential tourists thinking about traveling to a destination start by first dreaming of their travel
plans. At this stage, it is inspired by both online and offline sources of information. In the next
stage, tourists plan for their travels. Planning provides the opportunity for tourists to define and
compare transportation, accommodation and destination activities using various sources of
information (social media, forums, blogs). In the next stage, tourists choose the most suitable
supplier for their travels and make a reservation decision. The realization of travel, namely touristic
experience, may be directly related to the selection made in the previous stages. The last stage of
the journey is seen as the stage of evaluating the experiences of the tourists. At this stage, tourists
share their positive or negative thoughts on their online experiences. Digital texts created in these
new tourist processes are seen as an important opportunity for tourists and suppliers to get to know
and understand each other. These opportunities should be evaluated in terms of suppliers, namely
those offering touristic products (tourism enterprises, destination management), and tourists.

Suppliers, such as destinations, tourism businesses and promotional agencies, want to learn what
tourists think about themselves (image, perceptions, brand awareness, etc.). The suppliers aim to
understand and model the preferences, opinions, intentions of potential tourists both at an
individual and mass level. This understanding will help businesses improve their products and
services, facilitate access to potential tourists and ensure that they are relevant at different stages
of the travel process.

Tourists need useful and relevant information to avoid problems and to organize their travel in the
best way possible. In this way, they make risk-free purchases in accordance with their preferences
and enjoy their travels and finally share their experiences in digital media. These shares are gaining
importance day by day in parallel with the developments in information and communication
technologies in social networks and e-commerce sites. In the literature, these textual content shares
are referred to as user-generated content (UGC) or Electronic word-of-mouth (e-WOM). The
evaluation of the textual content created by the tourist using scientific methods can be done with
text mining methods, which is a subfield of data mining.

https://scholarcommons.usf.edu/m3publishing/vol18/iss9781732127586/2
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Text Mining

Today's technological developments and the decrease in the cost of access to technology have led
people of all ages to create more digital texts. People in virtual environments prefer to use digital
texts, abbreviations and figures (emoji) to express themselves. These complex digital texts and
expressions make it difficult to understand the people and feelings that exist in virtual
environments. Therefore, efforts to understand people from digital texts are seen as one of the most
important problems of today. Text mining, seen as a sub-discipline of data mining, makes an
important contribution to efforts to extract understandable, interpretable information from
unstructured digital texts. According to some definitions in the literature on text mining;

Text mining is the process of editing irregular texts into digital format and extracting qualified
information. It is also known as text data mining or knowledge discovery from textual databases
(Delen & Crossland, 2008).

Text mining; It is a new and exciting research area used to solve today's information bombardment
problem using data mining, machine learning, natural language processing (NLP), information
retrieval (IR) and information management techniques (Feldman & Sanger, 2007).

According to the definitions in the paragraphs above, the main task of text mining is seen as the
process of revealing useful information by making use of the texts in web environments. However,
the diversity of web environments and the collection of high-quality textual data is a difficult
process to collect and process.

Today user-generated content in areas such as Web 2.0 supported forums, blogs, social networking
sites creates huge data sets. Extracting the necessary information from these high data sets is a
very difficult process to perform with traditional information systems. As a result, text mining is
becoming an increasingly important field of study to obtain understandable information by
processing unstructured large text data.

There are many software and online tools for text mining. These software and tools can be
classified as open access and commercial software. Table 2 shows these tools, software and
functions.
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Table 1. Text Analysis Software and Tools.

Software/Tool Name

Type

Functions

Web site

Aylien

Online and Api support

Sentiment Analysis
Topic Extraction
Text Clustering
Text Classification
Text Summarization

aylien.com

Meaning cloud

Online and Api support

Sentiment Analysis
Topic Extraction
Text Clustering
Text Classification
Text Summarization

meaningcloud.com

Basis Online and Api support Sentiment Analysis www.rosette.com
Technology Linguistic analysis,
Rosette Statistical modeling,
and machine learning
Optiwisdom Online and Api support Market Analysis optiwisdom.com
Sentiment Analysis
Social media analysis
Voyant Online Document Analysis voyant-tools.org
Trend Analysis
Word Link
Text visualization
Pulsar Online Social media analysis www.pulsarplatform.com
Trend Analysis
Semrush Online Market Analysis semrush.com
Social media analysis
Keyword analysis
Leximancer Online and Commercial Content Analysis info.leximancer.com
Software
SentiStrength Online Sentiment Analysis http://sentistrength.wlv.ac.uk/
Rapidminer Open Access Software Data mining and Rapidminer.com
text analytics,
text processing
Knime Open Access Software Data mining and Knime.com
text analytics,
text processing
Weka Open Access Software Data mining and text https://sourceforge.net/projects/

analytics, text processing

weka/

SAS Text Miner

Commercial Software

Text processing and analysis,
Document theme discovery

www.sas.com/

R Programming

Open Access Software

Data transformation
and text analysis

www.rproject.org/

IBM SPSS Predictive Commercial Software Data mining and developer.ibm.com/predictivean
Analytics text mining, alytics
Text Mining Methods

Although text mining is basically seen as a subfield of data mining using mathematical and
statistical methods, it contains important differences in terms of the data set they use. While data
mining focuses mostly on structural data in relational databases, text mining focuses more on non-
structural texts written in natural language. Text mining has a common working area with many
disciplines to analyze data consisting of natural language texts (Miner et al., 2012). The disciplines
associated with text mining are shown in Figure 1.

https://scholarcommons.usf.edu/m3publishing/vol18/iss9781732127586/2
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Data Mining

Text
Mining

Natural
Language
Processing

(NLP)

Artificial

intelligence

Figure 1. The disciplines associated with text mining.

Text mining utilizes disciplines and uses text classification, text clustering, topic extraction,
sentiment analysis or opinion mining methods (Li et al., 2019).

Text Classification: It aims to classify text according to predetermined titles in texts written in
spoken language. In text classification, it is used in many practical applications such as indexing
documents, filtering, automatically hierarchically arranging web pages depending on a controlled
vocabulary (Kim, 2014).

Text Clustering: A grouping of similar documents without a predetermined set of categories. In
other words, clustering is the process of grouping the texts by considering their similarities among
themselves (Aggarwal & Zhai, 2012).

Topic Extraction: It is used to extract topics or opinions of the person who wrote the text from
large-scale text data. This method gives some information to the decision maker and helps to
identify associated feelings (Hou-Feng, 2011).

Another text mining method is sentiment analysis. Since sentiment analysis is the main subject of
this study, it will be examined in detail in the following sections.
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Sentiment Analysis (Opinion Mining)

Sentiment analysis (SA) or opinion mining (OM) is a text mining method that is closely related to
the natural language processing (NLP) discipline, which has a wide range of research areas.

The concepts Sentiment Analysis (SA), Opinion Mining (OM),) and Subjectivity Analysis are
broadly used as synonyms. According to some researchers, these concepts are explained as
follows:

SA aims to extract emotional expressions in texts. It is also used in studies of extracting mood,
opinion, and more complex emotions from texts (Seker, 2016).

SA or OM is a study that analyzes people's ideas and thoughts about assets such as products and
services in the text (Agarwal & Mittal, 2016).

As can be seen from the above definitions, SA or OM is often used interchangeably. However,
OM makes polarity detection, whereas SA focuses on emotion recognition. Because the
identification of sentiment is often exploited for detecting polarity, the two fields are usually
combined under the same umbrella or even used as synonyms(Cambria et al., 2013).

SA researches is categorized as document level (Wilson et al., 2005), sentence level (Meena &
Prabhakar, 2007) and aspect / feature-level sentiment analyzes (Jo & Oh, 2011).

Document-level Sentiment Analysis: Document-level sentiment analysis classifies an
assessment document as containing positive or negative polarity. It views a record as an individual
unit (Agarwal & Mittal, 2016). This level is linked to the job called document-level sentiment
classification. Nevertheless, if a document presents several sentences coping with different aspects
or entities, then your sentence level is more desirable (Serrano-Guerrero et al., 2015).

Sentence-level Sentiment Analysis: Sentence-level sentiment analysis is closely related to
document-level sentiment analysis. Because the document has a structure consisting of sentences
(Wilson et al., 2005). Sentiment analysis at the sentence level expresses the opinion or sentiment
expressed in the sentence.

Both the document-level and the sentence-level sentiment analysis do not detect what exactly
people liked and did not like (Agarwal & Mittal, 2016).

Aspect-based Sentiment Analysis (ABSA): In sentiment analysis, it is often not enough to
determine the opinion or polarity of the opinion that is mentioned in a text alone. It is also
necessary to find out on which entities the opinion is expressed. Aspect-based sentiment analysis
is the process of finding out for which entities the opinions in a document or sentence are specified
(Liu, 2012). Aspect based sentiment analysis is also called feature-level opinion mining (Hu &

https://scholarcommons.usf.edu/m3publishing/vol18/iss9781732127586/2
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Liu, 2004; Thet et al., 2010). A text example applied aspect-based sentiment analysis can be given
as follows;

For instance, “although the service isn't that good, I still like the food”; with this example,
“service” and “food” are two entities regarding which thoughts and opinions are indicated. Aspect-
based sentiment analysis model, first of all, recognizes these entities, and furthermore, opinions
regarding these entities will be identified (Hu & Liu, 2004; Liu, 2012).

Sentiment Analysis Techniques

There are two main approaches in current scientific studies in the field of sentiment analysis. These
are machine learning and lexicon-based sentiment analysis approaches.

The main purpose of both approaches is based on the classification of sentiments (positive,
negative and neutral) obtained from texts containing sentiment. Many alternative classification
techniques can be used while analyzing sentiment. These techniques are shown in Figure 2.

Analysis

Dictinary-
based

Figure 2. Sentiment Analysis Classification Techniques.

Source: (Medhat et al., 2014)

Machine Learning Approaches

In machine learning methods, algorithms and linguistic features are used to make text
classification. The machine learning approach is examined in two categories as supervised and

unsupervised learning methods.
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The supervised learning method aims to model the function that includes these data and results,
using data that has already been observed and whose results are known (labeled). Unsupervised
learning includes methods based on the discovery of patterns hidden from unlabeled data, unlike
supervised learning (Agarwal & Mittal, 2016). Regarding supervised methods, Maximum Entropy
(ME), Support Vector Machines (SVM), Naive Bayes (NB) are a few of the most typical
approaches used (Chenlo & Losada, 2014; Rushdi Saleh et al., 2011). While semi-supervised and
unsupervised methods are suggested when it's impossible with a preliminary group of tagged
documents/opinions to categorize the others of things (Xianghua et al., 2013). Besides, hybrid
methods, combining supervised and unsupervised techniques, or semi-supervised techniques even,
can be utilized to categorize sentiments.

Lexicon-Based Approaches
Two sub classifications can be found here: Dictionary-based and Corpus-based approaches.

Dictionary-based Approach: The dictionary-based approach depends on uncovering opinion
seed words, and then searches the dictionary of their synonyms and antonyms. The dictionary-
based approach focuses on compiling word lists based on synonyms and antonyms for every word.
This process begins by obtaining a small set of words with known positive or negative emotion
and an algorithm is utilized to increase this list using on-line dictionaries (Buzova et al., 2019).
For this purpose, many dictionaries that give positive, negative or neutral opinions to words or
phrases on the internet have been developed. In this study, some of the known online dictionary
databases are presented in the Table 1. In this study, we will look at most known dictionary

databases.
Table 2. Online dictionary databases.
Name Number of Analysis Group Opinion words Sentiment Score ~ Web
words and
phrases
Liu and Hu lexicon Around 6800 Words and Positive, negative -1 and +1 https://www.cs.uic.edu/~liub/FB
phrases and subjectivity S/sentiment-
analysis.html#lexicon
SentiWord Net v3 117000 Nouns, verbs, Positive, negative -1 and +1 https://sentiwordnet.isti.cnr.it/
synonymous adjectives and and objectivity
adverbs
Natural Language Around Words and Positive, negative -5 and +5 http://www?2.imm.dtu.dk/pubdb/
Processing 155,000 phrases views/publication_details.php?i
(SentiWords) English d=6010
WordStat 9164 negative -  Word patterns Positive, negative Rule Based https://provalisresearch.com/pro

4847 positive ducts/content-analysis-

English software/wordstat-
dictionary/sentiment-
dictionaries/

SenticNet 50000 Natural language  Positive-negative -1 and +1 https://sentic.net/
concepts

The Whissell 348000 Spoken English Word Standard https://www.god-

Dictionary of Affect deviation helmet.com/wp/whissel-

in Language

dictionary-of-affect/index.htm

Source: (Davydova, 2017)
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Corpus-based Approaches: Corpus-based approaches mainly depend on the method to see the
polarity of the words (Agarwal & Mittal, 2016). These dictionaries are produced from a mates of
seed thoughts and opinions cost that grows throughout the operation of incidental status by
implementation of the employment of either listing or semantic techniques (Serrano-Guerrero et
al., 2015). Making use of the corpus-based strategy alone isn't as effectual as the dictionary- based
approach since it is hard to get ready an enormous ensemble to cover almost all English terms, but
this method includes a main advantage that will help to discover domain and context particular
opinion phrases and their orientations utilizing a domain name corpus (Medhat et al., 2014).

Sentiment Analysis in Tourism

Today, tourism businesses market their products and services using various online distribution
channels. On the one hand, the diversity of these distribution channels provides access to more
customers in marketing activities, but on the other hand it creates difficulties in collecting and
interpreting customer reviews.

In the tourism industry, the analysis of online tourist reviews is regarded as one of the ways to
evaluate the products and services offered by businesses and to understand the needs of tourists.
Online tourist reviews are increasing day by day in parallel with the developments in information
and communication technologies in social networks and e-commerce sites. However, it is a
difficult process to reveal emotional expressions in such a huge amount of data. In many cases,
sentiments are hidden in the huge and natural language content produced by customers.

The main approach to sentiment analysis of touristic products is based on determining the
sentiment polarity in customer reviews. Sentiment polarity (positive, negative, neutral) is
determined by sentiment scores. Sentiment polarity and score in touristic products are explained
in the following section.

Sentiment Polarity in Touristic Products

While evaluating customer reviews on touristic products, predetermined sentiment scores of words
expressing sentiment are used. Sentiment scores also determine the sentiment polarity. This
approach is expressed as a dictionary-based sentiment analysis technique.

The sentiment score ranges from -1 to +1, and whether the sentence or document contains positive
or negative sentiments is determined by the total score value. The score value of each word in the
text is added together. If the resulting value is greater than 0, the sentence has a positive sentiment;
if it is less than 0, the sentence has a negative sentiment. A sentence with a total score of 0 is
considered neutral. These sentences are said not to contain sentiments.

The sentiment polarity in touristic products can be explained using the sentiment triangle. Figure
3 shows examples of customer reviews and their positions in the sentiment triangle. Accordingly,
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customer reviews 1, 2 and 3 are positioned in the sentiment triangle according to the sentence level
sentiment analysis result.

Review 1: Excellent Cuban Food!!! First came the ceviche, unbelievably good!! — +1 positive

Review 2: [ went to Cuba. Everything we ate in Cuba was much better. What more can I say. —
0 neutral

Review 3: Last night my friend and I went to the Cuba restaurant. There were unbelievably bad
foods. — -1 negative

(
+1 POSITIVE SENTIMENT POLARITY/SCORE NEGATIVE -1

Negative:N+
_S.Score=-1

Sentiment Polarity:
Strong Positive:P+
Sentiment Score=1

T
Positive:P
0<Sentiment Score<1

Negativé:N
-1<Sentiment Score<0

Figure 3. Sentiment Triangle.

Source: Adapted from Mostafa, (2013)
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Mostly, customer reviews may not consist of simple sentences. In this case, sentence- level
sentiment analysis is insufficient. Examples of customer reviews that reflect this situation are
presented below (Review 4, 5, 6).

Review 4: Great little restaurant, wonderful atmosphere and the food is excellent!! don't forget to
try a cocktail their mojitos they are the best!! — restaurant:P+ | atmosphere:P+ | food:P+ |
cocktail:P | mojito:P+

Review 5: Food was very good. Service was painfully slow. Took forever to place your order.
Drinks took forever. — food:P+ | service:N+

Review 6: I paid 100 euros for a really flavourless food and not so delightful ambiance. — paid:
N | ambiance: N | food: N+

In the customer reviews given above, it is necessary to determine for which properties of touristic
products are evaluated.

The ABSA method is used to determine the sentiment polarity according to product features.
ABSA analysis results for customer reviews (Review 4, 5, 6) and their positions in the sentiment
triangle are shown in the Figure 3.

SA also determines the subjective or objective value (0 or 1) of the sentence or document. If
positive or negative reviews are generalized for the same product or service in customer reviews,
it is objectively determined and given a value of 0.

Evaluating touristic products using sentiment analysis techniques requires a system modeling. The
following section describes the recommended systems and processes for the sentiment analysis
system.

Sentiment Analysis System in Touristic Products

The evaluation of tourism products by extracting hidden sentiments from customer reviews
requires a system modeling.

The system to be developed should include natural language processing, text mining and sentiment
analysis processes. Thanks to the system, customer perceptions of touristic products can be
detected instantly.

In Figure 4, a system proposal for sentiment analysis using online tourist reviews related to
touristic products and services is presented.

11
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Figure 4. Sentiment Analysis System recommendation for touristic products.

The system model presented in Figure 4 consists of 6 stage. These stages will be explained below.

Stage 1: Touristic product suppliers seek to generate high income by offering their products and
services to tourists in the tourism market. However, how the products and services offered to the
market are perceived by tourists is of vital importance. It provides the opportunity to evaluate the
products and services of tourism businesses and destinations by getting feedback from tourists.
Using new analysis methods rather than traditional methods (survey, call center, etc.) in the
evaluation of touristic products yields better results. In this respect, sentiment analysis provides
the opportunity to evaluate the touristic products during and after their use.

Stage 2: Tourists consume touristic products by experience. Tourists share their comments about
their experiences on social media (eg Facebook, Twitter, Instagram etc.), blogs and forums (eg
TripAdvisor, Yelp, Expedia etc.) or e-commerce sites (Booking, Airbnb, etc.). These reviews and
shares are created by the tourists completely at their own request and without any force. Therefore,
tourism businesses and destinations can collect reliable feedback on their products and services.

Stage 3: Special software is used in data collection process because it changes according to the
web environment. Web scraping or web crawling technologies are used for data collection from
the web environment. These technologies collect the texts about tourist reviews on web pages and
convert them into necessary files for sentiment analysis programs. The textual content collected at
this stage has an unstructured feature.

12
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Stage 4: Text preprocessing is one of the most important tasks of text mining. At this stage,
unnecessary words and signs in the texts obtained from web pages are removed. The texts to be
analyzed are converted into structured data and prepared for sentiment analysis. This stage is very
important as the complete and correct data set will affect the data quality and thus the analysis
result.

Stage 5: Sentiment analysis is applied to the textual content collected. Positive, negative or neutral
sentiments about the business or destination are revealed. These sentiments can consist of
subjective and objective evaluations. ABSA technique is used for detailed sentiment detection
about touristic products or services.

Stage 6: Sentiment analysis results obtained at this stage are evaluated by visualization. Sentiment
analysis results create an important feedback for tourism businesses or destinations.

These feedbacks help identify the strengths and weaknesses of tourism businesses and destinations.
It also contributes to the identification, measurement and evaluation of market opportunities.
Thanks to the feedback of tourists, businesses provide the opportunity to improve their products,
develop new products, manage customer relations and understand their competitors. For
destination management organizations, tourist feedback can be used in activities such as creating
a destination image, determining brand value and determining tourist needs.

Text Mining in Tourism Literature

In the tourism industry, online customer reviews analysis is seen as one of the methods for
evaluating the products and services offered by businesses and understanding the needs of tourists.
These reviews are available on social networks and e-commerce sites. Evaluation of customer
reviews using scientific methods, text mining methods are used. In the studies of text mining in
tourism literature, customer reviews for accommodation or food & beverage businesses are used.
Usually, customer reviews are collected and analyzed from Tripadvisor.com, Booking.com,
Expedia.com, Airbnb.com and Yelp.com sites. Text mining studies for accommodation businesses
are generally studies aimed at determining satisfaction and dissatisfaction with the products and
services offered.

2510 customer reviews on the TripAdvisor site for hotels in Sarasota, Florida were analyzed using
text mining methods (Berezina et al., 2016). The research findings revealed some common
categories used in both positive and negative reviews, such as workplace (eg hotel, restaurant and
club), room, furniture, members, and sports. The study results also showed that satisfied customers
who are willing to recommend a hotel to others refer more often than customers who are not
satisfied with the intangible aspects of their stay, such as staff members. On the other hand,
dissatisfied customers spoke more often about concrete aspects of hotel accommodation such as
furniture and finance.

13
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For Antalya halal concept hotels, customer complaints on the booking.com site were analyzed
using the aspect-based sentiment analysis technique (Ozen, 2019). According to the research
findings; It has been determined that the issues causing customer dissatisfaction stem from loud
noise and staff. It has been observed that the reason for the customers' negative view of the staff
at the hotels is related to their insufficient English speaking.

Text mining studies on food & beverage businesses mostly consist of studies on the evaluation of
the products and services offered in restaurants in a touristic region.

TripAdvisor customer reviews for restaurants serving dinner in Macau were analyzed according
to content analysis and taxonomy (Lei & Law, 2015). Research results showed that overall
customer satisfaction in the dining experience in Macau was positive. Interestingly, expensive
restaurants in Macau showed a higher percentage of negative reviews than cheaper restaurants.

For the restaurant serving home-cooked meals in the Cappadocia region, tripadvisor customer
reviews perspective based emotion analysis was applied (Ozen & Ilhan, 2020). According to the
results of the analysis, it was seen that the most popular products in the menus consisted of dessert,
tea, dolma and soup. In addition, it was determined that the friendly attitude of the restaurant staff
and the restaurant atmosphere were appreciated by the tourists.

Text Mining With RapidMiner

This article has been prepared based on the 9.5 version of RapidMiner and it is a new version as
of the date of writing. Rapid Miner is community-founder software and it's free. There are also
academic and professional versions. While the academic version is free, the professional version
is paid. RapidMiner includes a lot of tools related to data mining, text mining. Some of these tools
are automatically included when loading RapidMiner. Some tools can be added after the software
is installed. The following sections will explain how to install the RapidMiner software and add
text mining tools to the software.

e Downloading RapidMiner Studio
Rapidminer software is downloaded from https://rapidminer.com/products/studio/

When RapidMiner Studio installation is started, membership must be created for activation and
license (Fig. 5).

14
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Create a RapidMiner account

You'll use your RapidMiner
Account to access:

£ the Community forum

B the Extensions Marketplace
@ free cloud storage

4 product news and updates

T product license information

Email

Password

Confirm Password

/| Remember my password

J Create my Account!

| already have an account or license ke

Figure 5. RapidMiner Membership.

Source: RapidMiner, (2014)

License key is generated after membership activation. The license key can be viewed in the license
options section by logging in at https://my.rapidminer.com/. Academic license is not paid and has

a limit of 10,000 lines.

When RapidMiner Studio is opened for the first time, it starts working with the start screen. Some

ready-made templates can be selected from this screen (Fig. 6).

i Welcome to RapidMiner Studio!

Start Recent Learn

Start a new project

* Blank

Start a new process from scratch in the
design view.

Choose a template to start from

“A"" Churn Modeling "

Predict which of your customers will churn
and why with a decision tree.

Market Basket Analysis A

Find products frequently purchased
together and wrn them into rules for
recommendations,

@9 Lift Chart @\;.-
Create a lift chart to visualize the

improvement that a model provides

compared to guessing.

a Geographic Distances 1

Turbo Prep

Prepare your data interactively:

transferm, clean and combine data sets.

Direct Marketing

Predict response to campaigns and
increase the conversion rate of your
campaign.

Predictive Maintenance

Model equipment failures to schedule
maintenance pre-emptively

Operationalization

Embed predictive models into business
processes to trigger the right actions
automatically.

Sentiment Analysis

Figure 6. RapidMiner Start Screen.

Source: RapidMiner, (2014)

Published by Scholar Commons, 2021

&

o H

-

Auto Model

Build and opumize models using
automated machine learning.

Credit Risk Modeling

Model credit default risk by training an
optimized Support Vector Machine (SVM)
model.

Price Risk Clustering

Cluster price developments using

X-Means to unveil price-risk-relationships.

Outlier Detection

Detect anomalies in data resulting from a
chemical analysis of wines

Medical Fraud Detection
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After selecting the blank operation box, the screen appears (Fig.7)

File Edit Process View Conneclions Seftings Extensions Help

H -

-

Repository
@ Import Data

b W Training Resources (-
b 2. Community Samples

b 7 Samples

> Il Local Repository (=

— |

p I Temporary Repository (sin

Operators

Data Access (53)
Blending (81}
Cleansing (29)
Modeling (160)
Scoring (14)
Walidation (30)
Utility (85)
Extensions (259)

Get mare operators fram the
@
Marketplace

4l

iews: Design Results Turbo Prep Auts Model

Process

Process

process

\>

drag and drop

Drag&Drop an Example Setfrom the repository or click Load Example Set or ‘Create new Example Set to start

Figure 7. RapidMiner Blank Screen.

Source: RapidMiner, (2014)

The "1 _Repository" window contains sample data. When RapidMiner adds data from outside, the

Deployments

Case sensitive

1000 P P i w K

£}

| Al studio
Parameters 2
i process

A

logverbosity init v|a
logfile
resuitfile
randorm seed 2001
send mail never v|a

3 Hide advanced parameters

+ Change compatibility (9.5.001

Help 4

;[A: Process )

* RapidMil

Synopsis
The root operator which is the outer most operator
of every process.

Description

Each process must contain exactly one operator of
this class, and it must be the root operator of the
process. This operator provides a set of parameters
that are of global relevance to the process like
logging and initialization parameters of the random
number generator.

repository part is used. The parameters of the operators are presented in the "2 parameters"

section. The "3 Operators" window contains operators related to data mining. "4 Help" contains
help with operators. On the other hand, operations are performed in the empty area where

“Process” is written in the middle of the screen (Fig.7).

Text Preprocessing and Sentiment Analysis With RapidMiner

In the above sections, the installation and basic concepts of RapidMiner software are explained. In
this section, using customer reviews about touristic products, models created in RapidMiner and
text mining and sentiment analysis examples are presented.

RapidMiner Application 1

Goals of the Application:

To have basic knowledge about text mining techniques "text preprocessing" and "sentiment score"
using the model created in RapidMiner.

https://scholarcommons.usf.edu/m3publishing/vol18/iss9781732127586/2
DOI: https://scholarcommons.usf.edu/m3publishing/vol18/iss9781732127586/
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Purpose of Application:

In this application, it is aimed to determine the sentiment score of the person who wrote the
document for each "tweet" by collecting the twitter messages. In addition, using the "text
preprocessing” technique in twitter messages, weighted keywords were determined. For this
purpose, Turkey has recently written about twitter comments are used.

Application Data Set (text):

In application, Twitter's text "Turkey holiday" written in English tweet recently about 1,000 was
collected. Tweets in the last gathering "Turkey holiday" word was questioned.

Application Model:

Operators included in RapidMiner 9.5 version are used. Application model and RapidMiner
operation screen are presented in figure 8.

File Edit Process View Connections Settings Exensions Help

b | E| P - B iews: Design Results Turba Prep AutoModel | Deployments
Repository start analysis I e analysis result screen '

=- @ pProcess » wow M O L2 | @ B

import data (xIsx,
csv, pdf.))

Repository © mpotpata

Hl nusret_meaning_cloud_ABSA_Sonuc (skino - v, £118/20 525 Bl - 109

ﬂ Restaurant_Reviews (zxinc - v1, 7

res

4 sa_sozlik olusturma istinc -«

sample data
fes
T e lominal to Text Process Documents...

exa g+ &

{’gi“ Sentiment Analysis using Wordnet D Search Twitter

& Sentiment Analysis with cuba Aylien (zkinz - v1 0:05 PM - 196

res
wor = e
@? Sentiment_Analysis_wordnet_dictinary j=xinc - vi, 72720 217 Bl - 7B exa IurF

» Pred\mProdumSuccesswam ple process _

» Proccess_csv (s«inc Specify the "text"

] Processes (akino column from your

» SEMA ovine list of columns

b SENTIMEMT ARAL YIS COMINITY =xin- CONNECTION IN 0pe rators
<

THE PARAMETERS
PANEL FIRST!

Operators

search twetter

operator search bar x

hd Data Access (1)
~ [ Applications (1)
- Twitter (1)
¥ Searcn Twitter

Figure 8. RapidMiner Application Model.

Source: RapidMiner, (2014)

17

Published by Scholar Commons, 2021



University of South Florida M3 Center Publishing

COMMECTION IM Specify the "text"
THE PARAMETERE  column from your
PAMEL FIRST!

can ' l:-l.rt:| exa 7+ exa

0 Process k :
cmlle&:;tt;mtter text preprogessing and
extract sentiment score
SETYOUR convert nominal
TWITTER QUERY to string
AND YOUR
TWITTER

Search Twitter Hominal to Text Process Documents...

D 1 con :I orni

Op Op2

Parameters POp1 Parameters POp2
W' Search Twitter £5" Nominal to Text

connection source | predefined v attribute filter type = single ¥ @D
connection twitter v || W attribute Text v
query Turkey holiday invert selection

result type recentor pop.. ¥ include special atiributes

limit 1000

Parameters F)Op3

— Process Documents from Data

+/| create word vector
vector creation TF-IDF v

«/ add meta information

keep text
prune method none v
data management @ auto v
select aftributes and weights

Figure 9. RapidMiner Application Model Details.

Source: Adapted from RapidMiner software by the author.

The operators used in the model and their parameters are presented in the Figure 9. The functions

of each operator will be described below, respectively.

https://scholarcommons.usf.edu/m3publishing/vol18/iss9781732127586/2
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Search Twitter (Op1): With the Search Twitter operator, you can specify a query and get Twitter
statuses containing this query. The list of statuses contains additional data with context of the
statuses. In the expert mode, you can specify additional search restrictions.

Select a Twitter connection to specify the Twitter account for the Twitter API access. Specify at
least a query to search Twitter for it. There are advanced parameters you can use to specify
additional search restrictions. For example, you can limit the search results to a language.

Parameters of Twitter Search Operator (POp1)

¢ Connection source: This parameter indicates how the connection should be specified. It
gives you two options: repository and predefined. The parameter is not visible if the connection
input port is connected.

e Connection: This parameter is only available when the connection source parameter is set
to predefined. The connection details for the Twitter connection can be specified here. If you have
already configured a Twitter connection, you can select it from the drop-down list. If you have not
configured a Twitter connection yet, select the icon to the right of the drop-down list. Create a new
Twitter connection in the Manage Connections box.

¢ Query: The term that should be searched. In this application, "Turkey holiday" phrase
was used.

e Limit: The limit on the number of tweets to return. In this application, 1000 tweets were
collected.

Nominal to Text (Op2): The Nominal to Text operator converts all nominal attributes to string
attributes. Each nominal value is simply used as a string value of the new attribute. If the value is
missing in the nominal attribute, the new value will also be missing (RapidMiner, 2014).

Parameters of Nominal to Text Operator (POp2)

e Attribute filter type: This parameter allows you to select the attribute selection filter; the
method you want to use for selecting attributes on which you want to apply nominal to text
conversion. Single, this option allows selection of a single attribute.

e Attribute: The desired attribute can be selected from this option. The attribute name can
be selected from the drop-down box of attribute parameter if the meta data is known. In this
application, "Text" is selected because Twitter messages have "Text" attribute (RapidMiner,
2014).
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Process Documents From Data (POp3): It is the most important operator of text mining. It
performs the cleaning of the noisy data and the calculation of the word weights in the data set
(tweet text). Clearing the dataset will be explained in the subprocess of this operator (Fig. -Op4,
Op5, Op6, Op7). Word weighting is calculated by creating a word-vector.

The word-vector model is based on the classification of words according to their frequency in the
document. By considering the frequency of the words in the document, the word weights are
calculated in the entire document. Word weighting is a coefficient that measures the importance
of the word in the document. Determines the contribution of the words to the classification of the
analyzed document.

When calculating the word weight with TF _IDF (Term Frequency- Inverse Document Frequency),
it is calculated by considering the documents in the entire data set, not just the document the word
goes through. While the weights of the words that are repeated too often fall in the documents in
the data set, the weights of the rare words in the documents increase. If a word does not appear in
other documents in a dataset and is in a document, it has the determining feature for that document
(Soucy & Mineau, 2005).

Parameters of Process Documents From Data (POp3)

e Create word vector: If checked, the tokens of a document will be used to generate a vector
numerically representing the document.
e Vector creation: (TF_IDF)

Sub-operators of Process Documents From Data (Op3): At this stage, the sub-operators of the
"process from data" operator will be explained. Sub-operators can be created by double-clicking
this operator (Fig. 10). The functions of the sub-operators are described below.

20

https://scholarcommons.usf.edu/m3publishing/vol18/iss9781732127586/2
DOI: https://scholarcommons.usf.edu/m3publishing/vol18/iss9781732127586/



Ozen: Tourism Products and Sentiment Analysis

Process Documents from Data

d wor = exa D

(] exa I'OI'D

! ‘EOPC?‘,J

1) Process » Process Documents from Data W% 2 2 1 gk
Subprocesses of Process documents from data (Op3)
Tokenize Transform Cases Filter Stopwords (En...  Fiiter Tokens (by Le... Extract Sentiment (English)
] doc = doz doe = doz doz = doc e - doc doc
= — — = dot g4
Op4 Op5 Op6 Op7
Open WordHet Dictio... Your tokens are
T — ol matched with
= © wordnet
098 dictionary and
appropriate
¥OU MUST PUT THE FILEPATH TO sentiments are
YOUR WORDNET DICTIONARY IN calculated

THE PARAMETER PANEL

Figure 10. Sub-operators of Process documents from data (Op3).

Source: Adapted from RapidMiner software by the author.

The operators used in the model and their parameters are presented in the figure 10. The functions
of each operator will be described below, respectively.

Tokenize (Op4): This operator splits the text of a document into a sequence of tokens. There are
several options how to specify the splitting points. Either you may use all non-letter character,
what is the default settings. This will result in tokens consisting of one single word, what's the
most appropriate option before finally building the word vector.

Transform Cases (OpS): This operator transforms all characters in a document to either lower
case or upper case, respectively.

Filter Stopwords (Op6): This operator filters English stopwords from a document by removing
every token which equals a stopword from the built-in stopword list. Please note that, for this
operator to work properly, every token should represent a single English word only. To obtain a
document with each token representing a single word, you may tokenize a document by applying
the Tokenize operator beforehand.
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Filter Tokens (by Length) (Op7): This operator filters tokens based on their length (i.e. the
number of characters they contain). In this application, words less than three and larger than
twenty-five characters were removed.

Extract Sentiment English (Op8): This operator uses a WordNet 3.0 and a SentiWordNet 3.0.0
database to extract sentiment of an input document. If the WordNet dictionary is not the same
version as SentiWordNet, that is version 3.0, the operator will not work as expected. The sentiment
value is in range [-1.0,1.0] where -1.0 means very negative and 1.0 means very positive. The
sentiment value is added to the meta data of the document. WordNet and SentiWordNet are
connected by Synset IDs. To calculate sentiment of a document we calculate sentiment of each
word, where the first meaning of a word has the most influence on a sentiment and each next
meaning has less influence on a sentiment. Document sentiment is then calculated as the average
value of all word sentiments.

Open WordNet Dictionary (Op9): This operator provides dictionary input to (Op 8). Thanks to
this operator, sentiment scores of words are obtained. Parameter "directory" option is used in this
operator. The "dict" folder in the wordnet dictionary installed on our computer is defined. The
Wordnet dictionary can be downloaded from the "https://sentiwordnet.isti.cnr.it/" link.

Evaluation of Sentiment Analysis Output

The result of the sentiment analysis is presented in the Figure 11. The table resulting from the
analysis and its properties are explained below.

Row No. Created-At Language 5%'3.‘;."}%“‘ Retweet-Co... Geo-Locatio.
1 Jul 23,2020 Z17:12PM ... en 0194 | 17 ?

2 \'theet oW m_j en 0.104 megative scorej
3 Jul 27, 2020 Z15:49 PM .. en -0.078 0 ?

4 Jul 27, 2020 2:04:07 PM ... en -0.105 0 ?

5 Jul 27,2020 1:41:44 PM .. en 0.086 0 ?

& Jul 27,2020 1:30:06 PM .. en 0.333 —-—a—CpGSiti"-'E scorej
7 Jul 27,2020 12.39:02P..  en 0 \ 0 ?

8 Jul 27,2020 1237:53P..  en 0.201 \"'Cneutral score j

g Jul 27, 2020 12.30:08 P..  en 0.156 0 ?

Figure 11. Sentiment Analysis Result.

Source: Adapted from RapidMiner software by the author.
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According to the figure 11, "sentiment score" is calculated for each tweet. According to the score
values, (-1-0) interval indicates negative, (+ 1-0) interval indicates positive sentiment. Tweets with
a score of "0" indicate neutral sentiment. The wordnet dictionary was used to calculate the score
values of the tweets. Accordingly, the distribution graph of sentiment scores for 1000 tweets is
presented in the figure 12.

120
100
&0

60

Frequency

40

20

negative score positive score

-0.3 -0.2 -0.1 0 0.1 0.2 03 0.4

sentiment
Figure 12. Sentiment Score Distribution.
Source: Adapted from RapidMiner software by the author.

According to the figure 12, it is seen that there is a positive sentiment about "Turkey holiday". In
the application, word weights were calculated by preprocessing the text. Term weight and
sentiment score of "safeholiday" term is presented in the figure 13.
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safeholiday: 0 safeholiday: 0.287 safeholiday: 0301

Figure 13. Sentiment Score and Word Weight of the Term "safeholiday".

Source: Adapted from RapidMiner software by the author.

According to the figure 13, the score of the term "safeholiday" is seen to be positive. Twitter users
have positive sentiments about "Turkey holiday". In addition, it is seen that they perceive it as a
"safe holiday".

Sentiment Analysis With RapidMiner
RapidMiner Application 2
Goals of the Application:

To have basic information about sentiment analysis which is one of the text mining techniques. To
be able to evaluate the results of sentiment analysis. In addition, to have knowledge about the
technique of automatic collection of textual data from the web (web scraping).

Purpose of Application:

It is sentiment detection about products and services using customer reviews. For this purpose, a
restaurant serving Cuba food was selected on TripAdvisor. Sentiment analysis was applied to
customer reviews of the restaurant. As a result of the analysis, customers' feelings (positive,
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negative, neutral) about the restaurant in general were determined. In addition, objective or
subjective features of the comments were also determined.

Application Data Set (text):

In this application, customer reviews of the Cuba restaurant in Miami-Florida were used. Texts of
customer reviews were collected automatically using the web scraping technique. The data set
collected consists of customer reviews of 217 customers.

Application Model:

Two operators included in RapidMiner 9.5 version are used. Application model and RapidMiner
process screen are presented in Figure 4.

Collection of Application Data (Web Scraping)

Customer reviews of the Cuba restaurant were collected from the TripAdvisor site using a web
scraping technique. In order to collect customer reviews, the page containing the comments of the
relevant business was opened from the TripAdvisor site (Fig.14).

E Tripadvisor Q ®Prost 0 Alerts Q) Trips

MiamiBeach  Hotels Thingstodo Restourants  Flights \VocationRentals  Shopping  VacationPackages  Cruises  RentalCars  ees

X9 And see all your saved travel ideas on a map =

Customer reviews

P Save M Share

O0000 833reviews  H38 of 691 Restaurants in Miami Beach  $5-$$$, Caribbean, Latin, Cuban

Q 1650 Washington Ave, Miami Beach, FL33130-3118 & #1305-672-7466 [ Website a [l Menu  (© Open now: 11:00 AM - 1.00PM @

Reserve a Table

&8 2 [2] Fri. 7/24
7:00 PM 716 PM
745 PM 8:00 PM
8:30 PM 8:45 PM

Figure 14. TripAdvisor site of the Cuba restaurant.

Source: Adapted from TripAdvisor site by the author.

The web scraping technique allows the automatic collection of texts on websites (Fig.15). In this
application, Google chrome plugin "instant data scraper" extension is used. The Chrome plug-in
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can be  downloaded from  “https://chrome.google.com/webstore/detail/instant-data-
scraper/ofaokhiedipichpaobibbnahnkdoiiah™.

.- THE 10 BEST Restaurants in Miar X .-CUEA.. Miami Beach - City X + l Instant data scraper .
& C @& tripadvisor.com/Restaurant_Review-g34439-d1068583-Revi.. H @ [ & # % 6 @

Photos Overview Menu Reviews QE&A

fries small restaurant incoln road

Restaurant
..... Reviewed 2 weeks ago |:| via mobile Review

Quaint spot, great foed

Attending a conference and stayed nearby. Met up and caught up with dear friend | had

not seen in 13 years. Food was authentic and delicious. It was great to walk back towards
our hotel

227 reviews

Date of visit: July 2020

Helpful? | o

Figure 15. Sample customer review for Cuba restaurant. And web scraping plugin.

Source: Adapted from TripAdvisor site by the author.

The "instant data scraper" plug-in was run to collect customer reviews. The screenshot of the plug-
in is presented in Figure 16.

9090 ® r-vicw=dMarch15,2020 [ via mobile
Bring the authenticity! Get here!

uba lived up to the hype! The authentic style cuban food was outstanding. We

T # |nstant Data Sfraper = O >
fa1

@ Help/Feedback

Pages scraped: 1
Rows collected: 8
Rows from last page: &
- Working time: 0s

"Next" Qutton located. Press "Start cgawling" to get more pages or mark another button/link if marked

:% incomedtly.

noQuotes x partial_entry x
" Bring the autnenticity! Get here!  Bella Cuba lived up to the hype! The autnentic <

Wow for food, amazing service. We have tried Cuban food before but this place

Figure 16. Data Scraper Plug-In.
Source: Adapted from TripAdvisor site by the author.
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Customer reviews are automatically collected when the "start crawling" button is pressed. The
collected texts were saved as an excel file by clicking the "XLSX" button in figure 16. The
screenshot of the saved excel file is presented in Figure 17.

Ad - Fe Excellent service, food, and Cuban ambience. We went for the Drunk chicke

A B C D E F G H | ]

Review |~

We have tried Cuban food before but this place is out of the world, the food is delicious, we asked our waiter fo
My best friend came from LA for the weekend and she wanted Cuban food, | took her for lunch to this small rest
Excellent service, food, and Cuban ambience. We went for the Drunk chicken rice & slow roast suckling pig. Bot
Just what we needed after a long walk on the beach. Very good food. Prompt and professional service.Coconut «
We visited this restaurant a total of 3 times while in South Beach. They are incredibly welcoming, and the food |
| was in this restaurant last week and loved it. Excellent drinks and service. Excellent selection of dishes on the

L = I o BT Sy SV R N R

Figure 17. Excel File for Customer Reviews

The obtained excel file was loaded into the RapidMiner software for sentiment analysis (Figure
18).

File Edit Process View Connections Settings Extensions Help

3 o -

1. import excel file

Repository . . 2. excel file of customer S
3. imported file reviews
O Import Data
Bl b_CUBA_ABSA_AYLIE M3 CENTER
E ~CUBA_ABSA_MC_ Bookmarks File Name
E _cuba_restnrant_DATﬁ.:4 — Last Directary !':'@ Lu:d - ; txd
cuba_restorantxlsx
= pulian ARSA T iavien oa Downloads = -

Figure 18. RapidMiner Data Import.

Source: Adapted from RapidMiner software by the author.

Sentiment analysis was applied to customer reviews obtained at this stage. The "MeaningCloud"
plugin has been loaded into the RapidMiner software to perform sentiment analysis (Figure 19).
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File Edit Process View Connections Setftings |Extensions | Help

" Q %rketplace (Updates and Extensions)...
H - » - B

'ﬁ'ﬁ H Update and install e:densinns.|

Repository 46 About Installed Extensions »

0 Import Data = w G} Process

il RapidMiner Marketplace

Select components to install and update below. Updates to RapidMiner Studio will always
privileges, both during the update and the subsequent restart.

Search Updates Top Downloads Top Rated Purchased Bookmarks

meaningcloud search | MeaningCloud Text Analytics

MeaningCloud Text Analytics 2.0.2 Version 202
Integrate MeaningCloud's text analytics into Releasze date Jan 16. 2020
your workflow. File size 106 kB

o nstalled version: 2.0.007 License AGPL

Figure 19. Installing RapidMiner MeaningCloud Plugin.

Source: Adapted from RapidMiner software by the author.

For sentiment analysis, customer reviews and sentiment analysis plugins have been moved to the
RapidMiner process screen. The data set and the sentiment extension are linked (Fig.20).
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File Edit Process View Connections Settings Extensions Help

N /= H v % v . Views: Design Results Turbo P

5. start analysis
100% 2 2 L 4 o @ E

Repository Process

0 Import Data = 0 Process
Bl b_CUBA_ABSA_ATLIEN_TES|
il _cuBa_sBSA_MC_split_res
E _cuba_restorant_DATA (zxinc

.
i

res

<

1.drag drop

Operators

meaning

w ' Extensions (6)
7 MeaningCloud (6)

. Topics Extraction

a Lemmatizer

a Text Classification

2.drag drop
4 Sentiment Analysis XML

Figure 20. RapidMiner Process Screen and Sentiment Analysis Model.
Source: Adapted from RapidMiner software by the author.

RapidMiner generated sentiment analysis model operators and their parameters (Fig.21)
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Process link to the result screen

.| Process b

_cuba_restorant_DATA

Parameters P0p1 Parameters p0p2
c _cuba_restorant_DATA (Retrieve) (4 meaning cloud_Sentiment ( Sentiment Analysis )
i Attribut Revyi L
repository entry |_cuba_rest0rant_|:l_-| ribute eview
Text language en L
Sentiment model general_en v
User dictionaries v
Unknown words
Relaxed typography

Figure 21. Sentiment Analysis Model Operators and Parameters.

Source: Adapted from RapidMiner software by the author.

The operators used in the model and their parameters are presented in the figure 21. The functions
of each operator will be described below, respectively.

Retrieve (Op1): The Retrieve Operator loads a RapidMiner Object into the Process. This Object
is often an Example Set but it can also be a Collection or a Model. Retrieving data this way also
provides the meta data of the RapidMiner Object.
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Parameters of Retrieve (POp1)
e repository entry

The path to the RapidMiner Object which should be loaded. This parameter references an entry in
the repository, which will be returned as output of this Operator. Repository locations are resolved
relative to the Repository folder containing the current Process. Folders in the Repository are
separated by a forward slash ('/'). A '.." references the parent folder. A leading forward slash
references the root folder of the Repository containing the current Process. A leading double
forward slash ('//") is interpreted as an absolute path starting with the name of a Repository. The
list below shows the different methods:

MeaningCloud Sentiment Analysis (Op2): Analyze the sentiment of social networks, reviews or
customer satisfaction surveys. Have you ever wondered what people say about you, your company
or your products in social networks? Have you ever tried to analyze the tens of thousands of free-
text answers of a customer satisfaction survey? Sentiment Analysis (also known as Opinion
Mining) consists of the application of natural language processing, text analytics and
computational linguistics to identify and extract subjective information from various types of
content. More information available at https://www.meaningcloud.com/developer/sentiment-
analysis/doc.

Parameters of MeaningCloud Sentiment Analysis (POp2)

e Attribute: The attribute that contains the text to process.

o Text language: Language of the text. Possible values: en, es, ft, it, pt, ca

e Sentiment model: Sentiment model to use. The values available will appear once the
license key is correctly set in the Settings>Preferences section. You may use the generic sentiment
model for the given language ("general" value) or another user-defined model. More information
at www.meaningcloud.com/developer/sentiment-analysis/doc/request#sentiment-models-
language.

e User dictionaries: List of user dictionaries to use in the request, separated by pipes ().
This list corresponds to the "ud" API parameter, described at
www.meaningcloud.com/developer/topics-extraction/doc/request.

e Unknown words: Smart detection of unknown words, using heuristics for text recognition
and disambiguation.

¢ Relaxed typography: Deal with relaxed (informal) typography. This is mostly useful for
dealing with social media messages written in informal style.

Evaluation of Sentiment Analysis Output

The result of the sentiment analysis is presented in the Figure 22. The table resulting from the
analysis and its properties are explained below.
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Sentiment analysis result screen

Review polarity...  confidence(... agreement(Re...  subjectivity(... irony(Review)
Greatlittiere... P+ 92 AGREEMENT SUBJECTIVE NONIRONIC
Therewasa.. P 86 DISAGREEMENT SUBJECTIVE NONIRONIC
Inoursearch.. P 94 DISAGREEMENT SUBJECTIVE NONIRONIC
Authenticcub... NEU 86 DISAGREEMENT SUBJECTIVE NONIRONIC
lcameinlast. P 100 AGREEMENT OBJECTIVE MOMIROMIC
After manyye.. N 86 DISAGREEMENT  SUBJECTIVE MOMIRONIC
WehadaSu.. P T DISAGREEMENT  SUBJECTIVE IROMIC
Dryrice and b... N+ 92 AGREEMENT SUBJECTIVE MOMIRONIC

Figure 22. Sentiment Analysis Result Screen.

Source: Adapted from RapidMiner software by the author.
Review: Customer reviews of Cuban restaurant

Polarity: This field indicates polarity in reviews. The possible values are the following: P+: strong
positive, P: positive, NEU: neutral, N: negative, N+: strong negative, NONE: without sentiment

Confidence: This field represents the confidence associated with the sentiment analysis performed
on the text. Its value is an integer number in the 0-100 range.

Agreement: This field marks the agreement between the sentiments detected in the text, the
sentence or the segment it refers to. It has two possible values: Agreement: the different elements
have the same polarity. Disagreement: there is disagreement between the different elements'
polarity.

Subjectivity: This field marks the subjectivity of the text. It has two possible values: Objective:
The text does not have any subjectivity marks. Subjective: The text has subjective marks.

Irony: This field indicates the irony of the text. It has two possible values: Nonironic: the text
does not have ironic marks Ironic: the text has ironic marks

Statistics of Sentiment Analysis Results
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The statistical data obtained as a result of the analysis are presented in the figure 23.

3 H A | 4 A4 EWS: Design Results Turbo Prep Auto Model Deployments
esult History xampleSet ocal Repository L \ SA_MC_result] xampleSet ocal Repository |  SA_MC_result
Result Hi HE leSet (/Local Rs itory/M3/2_CUBA_SA MC Ity HE leSet (/Local R itory/M3/2_CUBA_SA MC It)
— Name )- -| Type Missing Statistics Filter (6 / 6 aftributes):
Data / Review Polynominal 0 wasreco[.]fime. (1)  Absolue[.]alsol (1)  Absolute [ ]tic alsol (1), After go [ ] ppointed_ (1),
o -
SHEE “  polarity(Review) Nominal 0 NEU () [P (A=)

" NEU

— Open visuslizations

&
r Min ts: Average

Visualizations 7 confidence(Review) Numeric 0 76 100 94

TrrEITE  agreement(Review) = Nominal 0 - DISAGREEMENT (96)  AGREEMENT (121)

Open visuslizations

#  subjectivity(Review)  Nominal 0 OBJECTIVE (11) SUBJECTIVE (206) SUBJECTIVE (206), OBJECTIVE (11)

# irony(Review) Nominal 0 IRONIC (6) NONIRONIC (211) NONIRONIC (211), IRONIC (6)

Figure 23. Statistics of Sentiment Analysis Results.

Source: Adapted from RapidMiner software by the author.

Visualization of Sentiment Analysis Results

e Visualization of Sentiment Polarity: 217 customer reviews of the Cuban restaurant were

evaluated with sentiment analysis. The customers appear to have 153 positive, 50 strong positive,

9 negative and 5 neutral feelings about the Cuban restaurant (Fig.24).
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Figure 24. Visualization of Sentiment Polarity.

Source: Adapted from RapidMiner software by the author.

e

B polarity{Review): NEU

MNEU

e Visualization of Subjectivity: 217 customer reviews of the Cuban restaurant were
evaluated with sentiment analysis. Customers have 211 subjective and 6 objective opinions about
the Cuban restaurant. The objective opinions of customers have 6 positive polarities. The
subjective opinions of customers have 193 positive, 13 negative and 5 neutral polarities (Fig. 25).
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Figure 25. Visualization of Sentiment Subjectivity.

Source: Adapted from RapidMiner software by the author.

Important Note: Most customers have positive feelings about the Cuban restaurant. But we do
not know what customers like or not. The answer to this question will be given in the next
application.

Aspect Based Sentiment Analysis With RapidMiner
RapidMiner Application 3
Goals of the Application:

To have basic information about aspect-based sentiment analysis which is one of the text mining
techniques. To be able to evaluate the results of aspect-based sentiment analysis.
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Purpose of Application:

To make detailed sentiment determinations about products and services consumed by customers.
For this purpose, a restaurant serving Cuba dishes was selected on the "TripAdvisor" site. Aspect
based sentiment analysis was applied to customer reviews of the restaurant. As a result of the
analysis, sentiment (positive, negative, neutral) about each of the restaurant products and services
was determined.

Application Data Set (text):

In this application, customer reviews of the Cuba restaurant in Miami-Florida were used. Texts of
customer reviews were collected automatically using the web scraping technique. The data set
collected consists of customer reviews of 217 customers.

Application Model:

Operators included in RapidMiner 9.5 version are used. Application model and RapidMiner
process screen are presented in Figure 26. The operators used in the model and their parameters
are presented in the Figure 26. The functions of each operator will be described below,

respectively.
Process
) Process b 100% 02 P L9 [ & @& E
Process Documents... WordList to Data Multiphy Split
wor _ woar C exa + exa res
- exa j ori res
o [ !6 res
O p4 res
Analyze Aspect-Bas... Filter Examples Sort

CE‘KH Bl Exa

i C exa f exa c exa l% exa
_op2

ori an

op7 R

double click

Retrieve _cuba_rest.., Sort (2)
ot Sub operator of e JA ex
a4 z
0 p1 0 p3 o perator Filter Examples (2) o

Tokenize ]

exa exa

doc (] doc = doc|) I .
— ori

0 -3-1 unm
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Parameters P0p1 Parameters P0p2 Parameters PO 3
(* _cuba_restorant_DATA (Retrieve) Analyze Aspect-Based Sentiment (2) | p
Process Documents from Data
repository entry _cuba_restorant_Du ETTTEERTT Aylien -
create word vector i
input attribute Review v
vector creation Binary Term... ¥ U
domain restaurants v
Is input URL add meta information i
keep tex i
prune method none ¥
dafa management auto ¥ [
select attributes and weights i
specify weights | EditList (1)... G
Parameters POpﬁ R POpT Parameters POPB
i T Filter Examples
(1 split 13 sort
filters WP Add Filters..
attribute filter type | single v attribute name total L
condition class cugtom_filte...
attribute ward v sorting direction | decreasing ¥
invert filter
invert selection Create Filtars: filters
Defines the list of filters to apply.
include special attributes
W v contains ¥ | pasilive
split pattern : E\
split mode ordered_split *

Figure 26. Aspect-Based Sentiment Analysis Model Operators and Parameters.

Source: Adapted from RapidMiner software by the author.

Retrieve (Op1l): The Retrieve Operator loads a RapidMiner Object into the Process. This Object
is often an ExampleSet but it can also be a Collection or a Model. Retrieving data this way also
provides the meta data of the RapidMiner Object.

Analyze Aspect-Based Sentiment (Op2): Given a review for a product or service, Aspect-Based
Sentiment analyzes the sentiment of the review towards each of the aspects of the product or review
that are mentioned in it.
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Parameters of Aylien Aspect-Based Sentiment (POp2)

e Connection: The connection details for the AYLIEN Text Analysis API have to be
specified. If you have already configured a connection, you can select it from the drop-down list.
If you have not configured one yet, select the icon to the right of the drop-down list and create a
new connection in the Manage Connections box. Please note, the application id and application
key are required.

e Input attribute: The name of the attribute whose content should be analyzed. In this
application, customer reviews are selected.

e Domain: Specifies the domain. In this application, the domain restaurant was chosen.

In the model, the data table obtained after Aspect-Based Sentiment Analysis is presented in the
Figure 27.

Customer reviews of Cuban

Row.. aspects Aspect Based Sentiment analysis results Review
restaurant

1 food:positive, staff.positive We have tried Cuban food before but this place is ...

2 food:positive, menu:posiﬁvN My best friend came from LA for the weekend and ...
3 ambience:positive, food:positive, staffpositi Excellent senvice, food, and Cuban ambience. We ...

Dimensions obtained

4 food:positive, menu:positive, staff.positive from customer reviews Justwhatwe needed after a long walk on the beac...
5 food:positive, drinks:positive / We visited this restaurant a total of 3 times while in...
6 menu:positive, drinks:positive, staff.positive I was in this restaurant last week and loved it. Exce...
T food:neutral, menu:positive Look I'm sure that the rest of the menu is great BU...
8 food:positive, ambience:positive, value:positive, staff:positive Delicious meal. Best mojitos ever! So many appeti...

Figure 27. Aspect-Based Sentiment Analysis Result.

Source: Adapted from RapidMiner software by the author.
Process Documents From Data (Op3): Generates word vectors from string attributes.

Tokenize (Op3-1): This operator splits the text of a document into a sequence of tokens. There
are several options how to specify the splitting points. Either you may use all non-letter character,
what is the default settings. This will result in tokens consisting of one single word, what's the
most appropriate option before finally building the word vector.

WordList to Data (Op4): This operator builds a data set from a word list. The data set contains a
row for each word and attributes for the word itself, the number of documents in which it occurred,
the number of labeled documents in which it occurred and for each class number it occurred in a
document of this class. The operator might be useful in order to filter a word list before reporting
it.

In the model, the data table obtained after this operator (Op4) is presented in the Figure 28.
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Row No.  word Aspect in docu... | total

15 food:positive - P 129 189

30 staff. positive 137 137

33 value:positive a1 a1

10 drinks:positive The number of repetitions of the

"food positive” dimension in all

1 ambience:positive customer reviews
21 menu:positive 33 e
18 location:positive 27 27
28 staff.negative 19 14
13 food:negative 18 18

Figure 28. Aspect-Based Sentiment Analysis Result (WordList).

Source: Adapted from RapidMiner software by the author.

Multiply (Op5): The Operator takes the RapidMiner Object from the input port and delivers
copies of it to the output ports. Each connected port creates an independent copy. So changing one
copy has no effect on other copies.

Split (Op6): The Split operator creates new attributes from the selected nominal attributes by
splitting the nominal values into parts according to the split criterion which is specified through
the split pattern parameter in form of a regular expression. This operator provides two different
modes for splitting; the desired mode can be selected by the split mode parameter. The two splitting
modes are explained with an imaginary ExampleSet with a nominal attribute named 'att' assuming
that the split pattern parameter is set to ',' (comma). Suppose the ExampleSet has three examples:
valuel value2, value3 value3.

Filter Examples (Op7): The Operator returns those Examples that match the given condition. The
conditions are defined by the user. Several pre-defined conditions also exist as advanced options.

Sort (Op8): This operator sorts the input ExampleSet in ascending or descending order according
to a single attribute.

Visualization of Aspect Based Sentiment Analysis Results

Visualization of Positive Sentiment Polarity: 217 customer reviews of the Cuban restaurant were
evaluated with aspect-based sentiment analysis. 13 aspects were identified that reflect the positive
emotions of customers.
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Positive Aspect Distribution of Customers: food:positive 189, staff:positive 137, value:positive
51, drinks:positive 48, ambience:positive 46, menu:positive 33, location:positive 27,
busyness:positive 17, desserts:positive 12, reservations:positive 5, quietness:positive 4,
cleanliness:positive 3, facilities:positive 2 (Figure 29).

food:positive

staff:-positive

value:_positive
drinks:positive
ambience:positive GGG

menu:positive G
location:-positive

Aspect

busyness-positive
desserts_positive
reservations:positive
quietness_positive
cleanliness:positive
facilities_positive

[} 20 40 60 80 100 120 140 160 180

Sumy(in documents)

word: food:positive word: staff-positive word: value:positive M word: drinks:positive
M word: ambience:positive M word: menu:positive word: location:positive M word: busyness:positive
M word: desserts:positive word: reservations:positive word: quietness:positive word: cleanliness:positive

word: facilities:positive

Figure 29. Positive Aspect Distribution of Customers.

Source: Adapted from RapidMiner software by the author.

Visualization of Negative Sentiment Polarity: 217 customer reviews of the Cuban restaurant
were evaluated with aspect-based sentiment analysis. 13 aspects were identified that reflect the
negative emotions of customers.

Negative Aspect Distribution of Customers: staffinegative 19, food:negative 18,
drinks:negative 14, busyness:negative 7, menu:negative 6, value:negative 4, payment:negative 3,
location:negative 2, cleanliness:negative 1, desserts:negative 1, facilities:negative 1,
quietness:negative 1, reservations:negative 1 (Figure 30).
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staff-negative
food:negative
drinks_negative
busyness:_negative
menu:negative
value:negative
payment negative

Aspect

location-negative
cleanliness:_negative
desserts negative
facilities.negative
quietness_negative

reservations:_negative

[=]
]
I
]
=]

10 12 14 16 18

Sum(in documents)

word: staff-negative word: food:negative word: drinks:-negative

H word: busyness:negative M word: menu:negative M word: value:negative
word: payment:negative M word: location:negative M word: cleanliness:negative
word: desserts:negative word: facilities:negative word: quietness:negative
word: reservations:negative

Figure 30. Negative Aspect Distribution of Customers.

Source: Adapted from RapidMiner software by the author

According to the aspect-based sentiment analysis results, it is seen that the customers have a
significant positive sentiment about the Cuba restaurant. Food and staff dimensions appear to
contain more positive sentiment than other dimensions. The negative sentiment of customers about
the Cuba restaurant is significantly lower. It has been determined that negative sentiments are
related to the staff and food.

Visualization of Positive and Negative Sentiment Polarity: Positive sentiment and negative
sentiment were compared in customer reviews for Cuba Restaurant. Negative sentiments are seen
to be very low compared to positive sentiments.
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The comparison of positive and negative sentiments is presented in the Figure 31.
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Figure 31. Visualization of Positive and Negative Sentiment Polarity.

Source: Adapted from RapidMiner software by the author.
Conclusion

In the first part of this study, text mining is discussed. In the second part, text mining methods and
their applications in the tourism sector are explained with examples.

In example applications, the methods of determining sentiments from online tourist reviews were
examined. Determination of sentiments from textual content is done using sentiment analysis
(alternatively known as opinion mining) techniques. Sentiment analysis is applied at document-
level, sentence-level and aspect-based sentiment levels.

Aspect-based sentiment level is thought to be a more effective technique than other levels (Medhat
et al., 2014; Nasim & Haider, 2017). The most important reason for this is that the text analysis
using ABSA technique has the ability to determine sentiments for each entity/event in the
document.
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Tourism is an information-intensive sector (Doolin et al., 2002). The tourism sector should
consider online tourist reviews to improve their products and services. Extracting meaningful
relationships from these reviews provides an important source of information for all stakeholders.
Tourist reviews from other online platforms can be analyzed by considering other stakeholders in
the tourism sector.

Online tourist reviews and opportunities for stakeholders can be listed as follows;
Opportunities for destinations;

e Opportunity to understand and interpret the destination

e Opportunity to understand and interpret tourist needs
Opportunities for tourism businesses;

e Opportunity to evaluate products and services offered to tourists: Discovering negative
sentiments, discovering positive sentiments, opportunity to manage customer relationships.

e Opportunity to understand and evaluate competitors: Providing product and service
advantage, product and service development or improvement, providing a price advantage (price
determination).

Opportunities for tourists;
e Opportunity to make travel plans.
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