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The importance of managing customer feedback is self-evident in business, since customer relationship 

management is one of the important tasks for any company that deals with customers. A good experience 

is the default expectation of a customer, and it is difficult to change negative experience to positive one. 

Aim of this thesis is to perform a sentiment analysis on data which does not have pre-determined 

sentiment labels, and whether it makes sense to use the commonly used sentiment categories (negative, 

neutral, and positive) with financial complaints. The underlying objective is to have an automated system 

for classifying customer complaints.  

Data which was used in this thesis was obtained from a database provided by Consumer Financial 

Protection Bureau, which purpose is to assist consumers when they have issues with organizations 

operating in financial sector that are located in the United States. As data did not include any sentiment 

categories, those are obtained by using a sentiment lexicon, which includes polarity scores for words. The 

category is obtained by summing up all the polarity scores of every word that occurs in the lexicon. After 

that machine learning classifiers are built, and the best performing classifier was selected based on the 

misclassification rate.  

The classifier models are validated with a dataset annotated by humans. The results show that Naïve 

Bayes -algorithm performs significantly better than others by having 34% overall error rate, but it is high 

when compared to other papers. Though direct comparison with literature is complicated since there has 

not been done an equivalent one. Results suggests that when conducting sentiment analysis on consumer 

complaints, it would be better to have only two sentiment categories which separates impolite and rude 

complaints from polite and constructive ones since the overall nature of a complaint is negative.  
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Asiakaspalautteiden hallinnan tärkeys on yksi yritysmaailman itsestäänselvyyksistä, sillä 

asiakkuudenhallinta on yksi tärkeistä tehtävistä yrityksille, jotka toimivat asiakkaiden kanssa. Saatua 

negatiivista mielikuvaa on vaikea muuttaa positiiviseksi. Tämän tutkielman tarkoitus on suorittaa 

sentimenttianalyysi asiakasreklamaatio datalle joka ei sisällä ennalta määritettyjä sentimentti luokkia, ja 

selvittää onko tavallisesti käytetyt kategoriat: positiivinen, neutraali, negatiivinen hyödyllisiä 

asiakasreklamaatioiden senttimenttianalyysissä. Tavoite on luoda automaattinen järjestelmä 

asiakaspalautteiden luokitteluun. 

Tässä Pro Gradu -tutkielmassa hyödynnetään rahoitusalan asiakasreklamaatio tietokantaa, jota ylläpitää 

Yhdysvaltojen valtion viranomainen, CFPB. Viranomainen avustaa kuluttajia selvittämään ongelmia joita 

heillä on alan organisaatioiden kanssa. Reklamaatioille saadaan sentimentti kategoriat käyttämällä 

sanakirja menetelmää, jossa käytetään sanakirjaa joka sisältää sanojen lisäksi niiden polaarisuusarvot. 

Lopullinen kategoria saadaan kun lasketaan yhteen reklamaation kaikkien sanojen polaarisuusarvot jotka 

esiintyvät sanakirjassa. Tämän jälkeen rakennetaan koneoppimismallit, jotka luokittelevat reklamaatiot 

niiden sisällön perusteella. Näistä luokittelijoista valittiin parhaiten suoriutuva malli sen perusteella joka 

luokittelee vähiten reklaamatioita väärin, väärinluokittelu aste. 

Luokittelumallit validoidaan reklaamatioilla, joiden kategoriat ovat ihmiset määrittäneet. Tulokset 

kertovat että Naiivi Bayes -luokittelija on selkeästi paras, sillä sen väärinluokittelu aste on 34%, mutta se 

on korkea verrattuna muihin tutkimuksiin. Täytyy ottaa kuitenkin huomioon että vastaavanlaista 

tutkimusta ei ole tehty, joten suora vertailu on hankalaa. Tutkimustulokset kertovat että kun tehdään 

sentimenttianalyysia asiakasreklamaatioille, olisi järkevämpää käyttää vain kahta sentimenttikategoriaa 

tavallisen kolmen sijaan, jossa eroteltaisiin epäkohteliaat ja töykeät, kohteliaista ja rakentavista sillä 

yleisesti valitusten sävy on negatiivinen.  
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1 Introduction 

In this day and age much of the interaction between humans has moved from the physical world to 

the digital world. As the interaction digitally is effortless compared to doing it in the real world as it 

can be done through devices and the interaction does not require to be physically present in the 

same location. It also makes information to move fast without any long delays and reach larger 

audience, thus increasing the importance of word of mouth from what it was 20 years ago. This is 

important because people react to negative information more easily than positive (Hornik, Satchi, 

Cesareo & Pastore, 2015, 274) 

Today, the volume which data and information gets generated is enormous. According to IDC and 

Statista (2021) the volume at which the data is created, captured, copied, and consumed globally is 

forecasted to be 79 zettabytes for the entire year of 2021.  In the same survey it is forecasted that for 

the year 2025, the total number is estimated to grow to 181 zettabytes. As the amount is quite 

incomprehensible, and types of data are numerous, it requires a lot of effort to utilize information 

because it is not homogenous. Most of the data available is not in structured format, the magical 

number that is widely cited around data related literature is that 80% of data is in unstructured 

format, thus it is important for organizations to know how to utilize it. Utilization of such data 

requires much more processing than typical structured data.  

Unstructured data can be texts, images, and videos, which means unstructured content that does not 

have conceptual data-type definition. Unstructured is the most common type of data and most of 

the user generated content is unstructured. (Nyamful, Agrawal, 2017, 1-2) One of the most 

interesting and studied type of unstructured data is text, since it gets generated through different 

sources, for instance social media and websites. A lot of different approaches and methods have 

been developed for utilizing textual data, one highly popular method is sentiment analysis. The 

objective of sentiment analysis is to recognize the sentiment, emotion, or opinion from written text 

(Liu, 2012, 1). A reason for its popularity is the wide range of applicability, in other words opinions 

are part of nearly every business and social domain and by exploiting opinionated information 

insights can be extracted to create value by understanding customers (Agarwal, Mittal, Bansal, & 

Garg, 2015, 1-2; Liu, 2012, 2). 
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One important type of textual data in business domain is the customer feedback. Not only does it 

give direct and concrete information for its recipient, but feedback can also be used as a measure of 

successfulness of product or service in the form of customer satisfaction. Though, the process of 

collecting and utilization it needs to be considered carefully since if done carelessly it can yield 

uninformative or even false results (Fundin, Bergman, 2003, 57-58).  Additionally, it is important to 

react to customer feedback because dissatisfaction has significant direct and indirect negative effects 

on repurchasing and negative word-of-mouth is more impactful than the positive (Arndt, 1967, 295; 

Lu, Lu, Wang, 2012, 230-232). One type of feedback is complaint which Stauss & Seidel (2019, 26) 

defines as “expressions of dissatisfaction”, which this thesis focuses on. Overall complaints are 

negative in nature, but as those are usually written by humans there are differences how people 

express themselves. Moreover, not all complaints are necessarily written in negative manner for 

example use of profanities, but it is possible to have people write polite and constructive complaints. 

These kinds of complaints are considered to be positive in the context of this thesis.  

Sentiment analysis is an area of research that aims to recognize the opinions in a text with the help 

of algorithms, and popularity of this methodology has been constantly growing since the early 2000’s  

(Piryani, Madhavi, & Singh, 2017, 137-138; Mäntylä, Graziotin, & Kuutila, 2018, 30-31; Google Trends, 

2021). There has been a lot of papers made about sentiment analysis, according to Mäntylä et.al 

(2018, 17) there were 7000 published papers by the time of the study that used sentiment analysis 

methodology. However, to the best of the author’s knowledge, there are not papers that analyze 

complaint data by using sentiment analysis, though complaint management crucial role in retaining 

dissatisfied customers and improving products (Stauss, Seidel 2019, 4). More specifically hybrid 

approach where the sentiment classes for data points are first determined by using sentiment 

lexicon, and then machine learning classifier is trained by using sentiment classes. Even though 

papers studying complaints using hybrid approach sentiment analysis could not be found, it is 

possible that those kinds of studies exist, because there is commercial software available like 

Freshdesk and Zendesk which enables organizations to manage complaints by themselves (Jois, 

Pallasena & Chakrabarti, 2019; Al Jafa, 2020). Above mentioned factor alongside evolving data 

governing regulations are probably one of the biggest underlying reasons for the lack of such studies. 

Also, one factor related to that is the fact that such data is not usually publicly available since it is 

valuable for the organizations, and they want and must protect that information.  

In this thesis sentiment analysis on consumer complaint data will be performed, in order to create an 

automated model that classifies given complaint into a class based on its underlying sentiment. As 

stated previously complaints are negative in nature, but there are those which are written politely 
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and constructive and these kinds of complaints we will consider having a positive sentiment.  Also, it 

will compare the dataset labeled by experts, against the automatically labeled dataset done by 

lexicon based method. Focus will be on the financial complaints made by consumers, and the results 

will be useful for those who research and analyze consumer complaints about commercial financial 

institutions. This study will use hybrid approach that combines commonly used lexicon-based and 

machine learning based approaches. Furthermore, the motivations to conduct this study are: 

1) The importance of managing complaints is a no-brainer and has been highlighted throughout 

academic literature (Fornell, Wernerfelt, 1987; Dolinsky, 1994) In addition, research agencies 

have published studies where they study the market of complaint management systems 

which highlight the value of this market will keep increasing in the future, for instance report 

by Gaul & Baul (2019) forecasts that the market value will increase to $8.2 billion by 2024. In 

addition to lack of scientific papers about the subject makes it interesting research subject. 

2) Although sentiment analysis is highly popular research area and complaint management is 

valuable for businesses, there are no scientific papers available at least to our knowledge, 

that focus on data which does not organically include category classes which are needed for 

teaching supervised learning algorithms. 

3) Need of robust analysis of complaints, since manual methods are slow which makes 

statistical analysis difficult and ineffective. Nowadays the speed at which conclusions are 

made from a data is important as well. 

1.1 Research problem 

Objective of the paper is to recognize dissatisfaction expressed in customer complaints by 

detecting and classifying the sentiment. This will be conducted by doing a sentiment analysis and 

using approach that combines lexicon -and machine learning approaches, which is also commonly 

known as the hybrid approach.  This method was chosen because the raw data does not include 

sentiment labels, and manual annotation would not be appropriate due to amount of the data as 

the annotation is tedious and labor-intensive. Also, it has been shown in previous studies that 

results are better and more accurate when approaches are combined than those which use only 

single approach (Aldayel, Azmi, 2016, 793-795; Zhang, L., Ghosh et al., 2011,8; Bahrainian, Dengel, 

2013, 29). This research aims to answer the following research questions: 

How do supervised classifier algorithms: Naïve Bayes, Decision Tree, and Support Vector 

Machine perform on a consumer complaint data which target variable has been 

determined by using unsupervised method called lexicon approach? 
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The aforementioned research question is supported with  following sub-questions: 

Which of the supervised classification algorithms mentioned in the main research question 

performs the best in classifying the sentiment of customer complaints which have been 

annotated by humans in terms of minimizing the misclassification rate? 

How do the sentiment labels assigned by sentiment lexicon and humans differ from one 

another?  

1.2 Limitations 

This research focuses complaints made about financial institutions operating in United States of 

America. Thus, this system cannot be used efficiently for other domains, since sentiments are 

domain specific (Read, 2005, 43-48). Complaint data is in English, and it is from period between 

2011 and 2021. Therefore, results of this study cannot be generalized to concern other industries, 

countries, and languages. Another fact that needs to be pointed out sentiment analysis tends to 

be computationally demanding, thus hardware which author is using will pose some limitations 

on the methods to be used, in order to maintain the required processing time of the analysis in 

reasonable time frame. 

1.3 Structure of research 

The structure of this paper is described in Figure 1. Firstly, the topic and problem of the research 

are introduced. Then in the following section, theoretical framework is given for sentiment 

analysis, where theory of sentiment analysis is dealt with alongside with different approaches and 

granularity levels of said analysis method. In the third part the relevant literature is reviewed, 

which is split based on the approaches used in the sentiment analysis because this paper will use 

approach that uses combination of lexicon and machine learning based approaches. Section 6 will 

describe the data and methodology of this research thoroughly, where different phases of the 

analysis are discussed. After which results generated by the analysis are presented in section 7. 

Then, in the next section findings are discussed and summarized. Then lastly in section 8  the 

research will be concluded.  
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Figure 1: Structure of thesis 

 

1.4 Contributions 

The contributions of this thesis are as following: 

1) Previous research that focuses on hybrid approach, uses data which is already categorized 

which they use as a benchmark for their results. Usually, the dataset is categorized by the 

provider of said dataset or use dataset which includes a feature which can be used for 

deriving the category for instance rating scale. This thesis will validate the results of hybrid 

approach sentiment analysis with a subsample of a dataset that has been manually 

annotated by humans which to the best of our knowledge has not been conducted. 

2) The comparison of labeling methods  in the context of sentiment analysis will show whether 

the manual labeling done by experts is similar to the automatic method. It will give an 

indication whether automatic system could be used to analyze the sentiment of financial 

complaints made by consumers. 

Introduction

Theory on sentiment analysis

Literature review on the implementation of 
sentiment analysis

Methodology

Results

Discussion

Conclusion
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2 Sentiment analysis 

Sentiment analysis or opinion mining is an area of research of natural language processing (NLP), 

which purpose is to find and analyze the human’s opinions, attitudes and emotions towards a specific 

entity or entities from written language. After turn of the 21st century sentiment analysis (SA) 

started to become more and more popular research area, few reasons for it were that it could be 

used in various fields, its complexity poses motivating challenges for researchers, and availability of 

opinionated data has increased because of evolution of Web and technology. (Feldman 2013, 82; Liu 

2012, 2-3). In the early days of the SA research the models were theoretical and simple, but since 

that volume of data has increased, and technology and analysis techniques have evolved, which has 

shifted the focus to automated systems.    

Sentiment analysis is important because people listen others like their peers and influencers which 

will impact on their decision making (Lu et al., 2012, 230-231; Pawar Jawale, & Kyatanavar, 2016, 26). 

Thus, making it valuable information for companies which can be used for measuring and improving 

of various aspects for instance successfulness, quality, and brand management. Nowadays it is even 

more important because of social media platforms and review sites make a lot of opinions available 

to us when compared to times before such sites, like Liu (2012, 2) states before one could hear only 

the opinions of the people that they knew and were interacting with, but now you are exposed to 

opinions of those who you do not know. 

Sentiment analysis is a complex problem due to the fact that languages are complex. Moreover, not 

only can sentiment  be expressed  with words and sentences but also more subtly for instance it can 

be implied indirectly, which increases the difficulty of determining the rules for sentiment detection. 

As mentioned before the domain specificity makes it complex, because sentiments and opinions 

depend on the context. (Pang, Lee, 2008, 12-13)  
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2.1 Process of sentiment analysis 

Sentiment analysis is complex as process, where several details need to be decided and defined, 

which depend on several factors for instance type of text to be analyzed. D'Andrea, Ferri, Grifoni, 

& Guzzo (2015, 26)  gave good description of the process of sentiment analysis in general by 

splitting it into five phases: 

1) Collecting the data 

2) Preparation of the data 

3) Detecting the sentiment  

4) Classifying the sentiment  

5) Reporting the results  

Firstly, before doing any analysis data for it is needed. For sentiment analysis, the data needs to 

be opinionated otherwise there would not be reason to conduct the analysis. The data that is 

used tends to be user generated social media posts or reviews, which by nature include opinions. 

Most commonly data that is collected by extracting new data from a website by extracting it 

manually by hand, web scraping or application programming interface (API). Other option is to 

obtain a pre-labeled dataset from a repository. The latter option is more common in academic 

research as it offers data that is suitable for supervised machine learning models, therefore it can 

be used for testing new theories and frameworks, and it does not require as much effort to 

transform it to analyzable format. Manual collection is labor intensive and slow process therefore 

it is not used especially since with automated methods one is able to create larger datasets more 

conveniently, furthermore as there more data the classification model will be performing better 

and yield better results.  

Web scraping means extracting and combining data from a website in systematic manner, in 

other words it is script that imitates the normal browsing interaction between user and web 

server. The first step in the process of web scraping script is that it accesses the specified website 

or multiple websites, then it parses the content in order to find and extract the defined data, 

lastly the content is structured as defined. (Dongo, Cadinale, Aquilera, Martinez, Quintero, & 

Barrios, 2020, 264) Unlike web scraping, API is computing interface which is offered by the owner 

of the information source. The API is the way for the owner allowing access to the information 

which can be used for developing new applications (OED,2021; Dongo et al., 2020, 264-265). One 

of the most used sources of data for sentiment analysis is Twitter. The area of interest for many 
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researchers is the content generated by the users which in the case of Twitter are the posts also 

called Tweets. Reasons for that might be the fact that it is free to use to an extent as long as you 

get approved for developer account which requires giving valid reason for Twitter where its API 

will be used. Also, there are massive amounts of data available which is opinionated, thus making 

it optimal for sentiment analysis. 

As in other analytics projects, also in sentiment analysis the preparation of data is important 

phase. The main goal in this second phase is to transform and edit the data into a format that can 

be used for an analysis. It can be argued that this phase is the most crucial one in any analytics 

project since the resulting model depends on the data that has been inserted into it. It is well 

recognized fact in the data analytics literature and industry that 80% of total effort in a project is 

used for data preparation which highlights its importance (Refaat, 2007, 2; Zhang, S., Zhang C. & 

Yang, Q., 2003, 375).  

Obviously, detailed actions to be done depend on the data in question but in the domain of text 

mining and sentiment analysis there two are tasks that need to be done, which are indexing and 

encoding. Purpose of indexing is to convert the text into word lists, which is done in three basic 

steps. First of them is text tokenization, where the text is split into tokens based on the white 

space or punctuation. The second step is stemming of the tokens, which basically is transforming 

each of them into their own basic form. Then, the third step is to remove those words that are 

common in the language and do not add value to the content which are words like ‘a’, ‘the’, and 

‘of’. Actions can be added here as required by the data for instance weights can be determined 

for the words, and then remove less important words. Encoding part is where the text data is 

converted into structured form by selecting features and then assigning value for those features 

for instance based on occurrence. (Jo, 2019, 41-42) 

The objective in the third step is to extract text which is opinionated, and identify the sentiment, 

since not all of them are opinionated even if the source of it might suggest it. Pawar et al. (2016, 

11) divides this process in to three steps, namely extraction of opinionated element, detecting 

sentiment for each single element, and finally aggregating sentiment of each single element in 

order to overall sentiment. In the first step, the purpose is to find out whether the text is 

subjective or objective, because subjective texts tend to be the ones which express sentiment  

(D'Andrea et al., 2015, 26). Subjective texts are those where the content of the text is based on 

the authors personal opinion, while objective texts are based on facts from which there are 

evidence. The subjectivity can be determined by for instance using Part-Of-Speech (POS) tagging 
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and syntactic structure of sentence because these allow highlighting the strongest indicators 

which are adjectives, adverbs, nouns, and verbs (Pawar et al., 2016, 11).  Then the sentiment 

orientation of the text needs to be identified, which can be done by using supervised and 

unsupervised techniques or less sophisticated method of using sentiment lexicon. In unsupervised 

technique words are compared to pre-determined seed words for negative and positive class, and 

then similarity of the word to negative and positive terms is computed. The underlying 

assumption is that opinionated texts are more similar with each other than  with factual texts. In 

supervised technique the task is to extract features from the corpus and then generate 

classification model, where for instance Naïve Bayes and Support Vector Machine algorithms are 

commonly used  (Tang, Tan et al., 2009, 10766; Pawar et al., 2016, 37). The corpus is the 

collection of documents.  When sentiment orientation is determined using lexicon, it means that 

the given elements are compared to pre-determined list of words (lexicon) where each word has 

its orientation. If the given word is found from the lexicon it will be assigned the corresponding 

orientation. (Farhadloo, Rolland, 2016, 13-14)  This phase yields sentiment category for the given 

data points, thus it can be used for detailed analysis of the sentiment within the data. However, 

there is an issue which is that subjective text does not always have a sentiment, whilst objective 

text might express sentiment (Liu, 2012, 20) There are several other issues when it comes to 

sentiment detection and sentiment analysis in general, but more about them in section 2.4.  

As the name of the next step suggests, the purpose of sentiment classification is to do binary or 

multi-class classification. Most commonly in binary classification task labels being used are 

positive and negative, whilst in multi-class task the labels can for instance be highly negative, 

somewhat negative, neutral, somewhat positive, highly positive. There are also few approaches to 

this. One is lexicon approach where document is given score based on occurrence in a sentiment 

dictionary  (Turney, Littman, 2003; Buyya, Calheiros & Dastjerdi, 2016, 134). The other approach is 

statistical where machine learning classification algorithms are used to classify the data, this of 

course requires training data that has correct classes already (Buyya et al., 2016, 135; Pang, Lee & 

Vaithyanathan, 2002, 81). Another approach is hybrid, which combines those two 

aforementioned approaches, where the objective is to overcome the issue of not having pre-

categorized data for machine learning model (Tan, Wang, Cheng, 2008; Prabowo, Thelwall, 2009; 

Buyya et al., 2016).  

Final step is of course presenting the results of the analysis. This is most commonly done by 

reporting the sentiment frequencies and visualizing the performance metrics with graphs if 

statistical approach was used. The most common way to visualize the frequencies of sentiment 



 

10 
 

classes are bar or pie graphs, and the performance is usually presented in a table form but also 

bar graphs are being used (Hasan, Moin & Karim, 2018, 10-11; Musto, Semeraro & Polignano, 

2014, 65-66; Pandey, Williams, Jindal & Batra, 2019, 74-75; Lalji, Deshmukh, 2016, 2889; 

Kolchyna, Souza, Treleaven & Aste, 2015, 24). The visualizations of course need concrete values in 

order to provide any value for study. The most commonly metrics used in SA classification models 

are accuracy, precision, recall and F-score (Filho, Pardo, 2013, 571; Rathi, Malik et al., 2018, 3; 

Boiy, Moens, 2009, 538-539; Liang, Dai, 2013, 94-96). Accuracy tells us the overall performance of 

the model by giving the percentage of how many were correctly classified from all of the 

instances, which is calculated dividing sum of all correct predictions by all the instances. Precision 

gives an answer to how accurately the model predicts positive cases, and it is calculated by 

dividing number of true positive predictions by the sum of predictions that were labeled as 

positive. Recall tells us how many instances the classifier correctly labeled as positive that actually 

are positive, and it can be computed by dividing number of true positive predictions by the 

number of predictions that are actually positive. Let us clarify these metrics by using a general  

binary classification problem as an example, where there are two classes, positive and negative. 

Precision metric looks at the predictions made to positive class, where the more data points that 

are correctly classified as positive, the higher the precision is. However, it does not take into 

account the data points which were falsely classified to the negative class when those in fact 

would have belonged to the positive class. F-score considers both precision and recall, which is 

defined  as the harmonic mean of precision and recall  (Zhang, E., Zhang, 2018, 1492-1493).  
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3 Approaches to sentiment analysis  

Next, the paper will discuss more in detail about the most common approaches used in sentiment 

analysis. There are three most commonly used approaches when doing classifying the sentiment 

which are Lexicon-based, Machine learning-based, and Hybrid approach. The approach to be 

selected depends on the data that is being studied and the focus of the analysis. 

3.1 Lexicon-based approach 

The overall idea of lexicon based approach is that sentiment of a document is determined by 

comparing elements of the text against list of words where the words have been given the 

sematic orientation, which is also known as the lexicon. Then for the individual adjectives in the 

text the semantic orientation value is obtained, and then all the individual semantic orientation 

values are aggregated into one single value in order to get semantic orientation of the text, and 

then assigning class for it based on the value. (Piryani et al., 2017, 122; Wunderlich, Memmert, 

2020, 431)  

There are three different sub-approaches that relate to how the lexicon being used is built. These 

approaches are manual, dictionary based -, and corpus based. In manual approach the lexicon is 

literally created by collecting words and determining the orientation manually, since this is highly 

labor intensive it is combined with either of the two other approaches. In dictionary based 

approach manually created lexicon is used as foundation, and it is expanded by using a dictionary 

to gather words that have same and opposite meanings of those words that are in the lexicon. 

While corpus based approach is similar to dictionary based one, but it is started either with list of 

general seed sentiment words or using general purpose lexicon and then expanding it with 

sentiment words from a domain corpus based on different rules for instance synonym/antonyms, 

association, or similarity. (Sharma, Kumar, 2021, 340; Liu, 2012, 80-86)  

When looking more in depth how to obtain the semantic orientation of a given text, there are 

several ways. Firstly, it can be done in a way  where the words of given text are compared to a 

lexicon where each word has been labeled, then each word that matches with the one in the 

lexicon is given a corresponding label. The overall sentiment of the text is then simply computed 

by aggregating the counts of negative and positive words. (Wunderlich, Memmert, 2020, 5; 

Kharde, Sonawane, 2016, 9)   

The other option to obtain text’s semantic orientation is from semantic association of the lexicon 

by distance or similarity based methods. Let us take the similarity based method as an example, 
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this method computes some measure of word association between positive and negative words, 

and then calculates the orientation by subtracting the association to positive from association to 

negative. This is done for each element in the given document that matches with element 

sentiment dictionary. Then every value for measure of association is aggregated, in order to get 

sentiment orientation for the document. The orientation is determined based on the sign of the 

aggregated word association value, thus if the value is below zero then the label is ‘negative’ and 

if the corresponding value is above zero the label is ‘positive’.  (Turney, Littman, 2003, 316)  

Many researches in this field are using state of the art resources, which means that they create 

their own sentiment lexicon and the mechanism how the sentiment score is computed (Musto et 

al. 2014). These are popular because many of those are easy, and do not require paid subscription 

or any monetary investment to use them. Additionally, those are rather convenient to use. In 

addition to aforementioned options to obtain the class label for a text, another popular method 

of obtaining them is a rule where emoticons or rating scale are assumed to be the indicator of the 

class. This is popular especially in studies exploiting hybrid and ML approaches to analyze social 

media -and review data, where it is common to see emoticons and review. Emoticons are used 

widely to identify the sentiment of a text, based on assumption that emoticons express 

sentiments, for instance like ‘:)’ can be interpreted as indication of positive sentiment, whilst ‘:(’ 

can be assumed to be indication of negative sentiment  (Hogenboom, Bal et al., 2013, 707; Jiang, 

Liu et al., 2015, 1124) Also, usually data about reviews include field that has numeric or written 

evaluation on specific scale from which the class labels can be derived.  

3.2 Machine learning-based approach 

With this approach automated sentiment analysis models can be generated which are more 

efficient and robust than the ones created with lexicon approach, because ML models are able to 

process faster larger amounts of information, and if the inputs change it adjusts better to that 

situation than lexicon based model (Ahmad, Aftab et al., 2017, 27). As we know from theory of 

machine learning, the algorithms can be further categorized into different methods. Most 

commonly in sentiment analysis, the machine learning methods that are used are supervised 

learning -and unsupervised learning methods, but also deep learning methods have begun to take 

traction in this field of research. In those methods artificial neural networks that are used, which 

have shown promise to provide more accurate models than the traditional machine learning 

algorithms are able to. (Ain, Ali, Riaz, Noureen, Kamran, Hayat & Rehman 2017)  
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The overall process of this approach is well described by Kolchyna et.al. (2015, 9-11) by following 

steps: Firstly, the data is preprocessed where its quality improves, and dimensionality decreases 

by normalizing the data points into similar structure and disregarding elements that are 

uninformative. Secondly, features are selected from the preprocessed data so that inputs are 

gotten for a ML algorithm. Thirdly, from those features only relevant ones which have the highest 

predictive power should be selected. Fourthly, the algorithm should be trained and tested, and 

finally the model needs to be evaluated.  

As the preprocessing of data is similar among the different approaches, see the preprocessing of 

data from section 2.1. Important part here is to create numerical features out of the text, in order 

have data in a form that machine learning algorithms can understand, this is also known as the 

feature engineering. The most common methods for representing features of text are term 

frequency (TF), term frequency-inverse document frequency (TF-IDF), and n-gram. In term 

frequency matrix, the frequency of each term across all the documents in the corpus are 

illustrated (Rajaraman, Ullman, 2012, 7). The n-gram is sequence of N items for example unigram 

is only single item, while bigram is collection of two sequent items, and so forth. (Carvalho, 

Plastino, 2021, 1892; Kolchyna et al., 2015, 3) Out of these the single word frequency, also known 

as unigram model is the most commonly used model for which one of the reasons is probably the 

fact that more complex representations require more computation power but do not tend to 

create significantly better models (Sebastiani, 2002, 12).  An umbrella term for these 

aforementioned feature engineering models is bag of words which literally means compilation of 

words, and these can be represented as TF and TF-IDF which represent the occurrence of a term 

in matrix format  (Kolchyna et al., 2015, 9; Liu, 2012, 25). TF model is quite simplistic approach 

since it simply considers the frequency of terms and more it occurs in documents, the more 

important a term is.  However, if term occurs in every document and has high importance, it is 

impossible to use as an input variable to determine output variable as it is similar for every case 

which makes differentiating the cases difficult. Let us say that we will use term “experience” as 

feature for our classification model, and nearly every data point has similar value for it, it will be 

very difficult probably impossible to find a generalizable rule which determines output variable. 

There are more sophisticated ways how the frequency matrix can be computed, one of which is 

TF-IDF (Rajaraman, Ullman, 2012, 8; da Silva, Hruschka et al., 2014). Basic idea of it is that the 

importance of word increases when it occurs in the text more frequently, but importance 

decreases if word occurs in other documents of the corpus  (Mukwazvure, Supreethi, 2015, 3). 

Another commonly used feature that is being used is part of speech (POS) tagging. Where each 
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word is given its POS tag (noun, verb, adjective etc.), which enables taking into account the 

semantic of the text which the previous methods will not. Reasoning for using this method is that 

individual word can be considered to be valuable and informative in sentiment analysis, for 

instance adjectives tend to be good indicators of opinions (Liu, 2012, 25). 

In the event that algorithm, which is used does not include feature selection phase, one needs to 

take that into consideration as well. So, only relevant features that have the highest impact on 

prediction result should be included, in order that dimensionality does not grow 

disproportionately. Using only relevant features will make the algorithm run faster and reduces 

the chance of overfitting. Feature selection can be done by using different methods, which are 

filter-based -, wrapper-based-, and embedded method (Guyon, Elisseeff, 2003, 1166). The filter 

based method ranks features based on a metric for instance Chi-Squared, and those which are 

above the determined threshold are selected. While wrapper based method brings machine 

learning into the picture, in it different subsets of features are inserted to the model that has 

been built, and the combination which yields best result is selected. Whereas embedded method 

combines the earlier two methods, and features are selected when the model is being trained. 

(Guyon, Elisseeff, 2003, 1166-1167; Gu, Li, Han, 2011, 266-267) As mentioned in the previous 

section, use of emoticons and rating scores to get labels is common in ML approach as well, since 

it is common for the data not to have class labels ready-made, and considering them improves the 

performance of the model. Reason for its popularity is the fact that it yields also rather good 

results, as  Go et.al. (2009) concluded in their paper that they reached over 80% accuracy on 

model which was trained with data that was labeled based on emoticons. Vosoughi, Zhou, Rou 

(2015) also concluded that labeling Twitter yields reasonable result which they demonstrated by 

manually labeling a random sample of the data, and the result of it was that emoticon labeling 

and human labeling agreed on 85% of the cases. 

After relevant and significant features for the problem are selected a machine learning model can 

be trained. However, now the algorithm for it needs to be decided. The most popular algorithms 

in SA are the ones using supervised learning technique, more specifically Support Vector 

Machines (SVMs), and Naïve Bayes (NB)  (Kolchyna et al., 2015; Boiy, Moens, 2009; Rathi, Malik et 

al., 2018; da Silva, Hruschka et al., 2014).   
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3.3 Hybrid approach 

The hybrid approach is being used in sentiment analysis since there is the issue of abundance of 

data and another issue related to that is that class labels do not usually naturally occur in the 

data. Thus, manual labeling is not appropriate, since the size of datasets used in these analyses 

tend to be rather large in number of records, it would be slow and inefficient which in today’s 

world is not enough as information needs to be generated quickly.  Additionally, another 

motivation for use of hybrid approach is that the lexicon based approach usually yields low recall 

but high precision. In other words, in sentiment analysis high precision – low recall case means 

that the classifications which the model makes are correct, but it misclassifies a lot of instances, 

thus the model has strict classification rules what the instance has fulfill in order to get classified 

correctly. This situation can be improved by combining it with machine learning approach (Lalji, 

Deshmukh, 2016, 2889).  

The hybrid approach is not as strictly defined as other approaches, and this can be seen in the 

literature because the term ‘hybrid’ is used rather freely and can be considered to be the 

buzzword in the field of sentiment analysis. Research can be said to be using hybrid approach if it 

uses any combination of algorithms, for instance it can mean combining ML algorithms where 

data is passed through several algorithms and each of those aims to create an output for those 

that previous one could not process, or it can mean that different approaches are combined. 

König and Brill (2006) created a system which objective was to classify document with pattern 

based algorithm, and if no pattern was found it was put into traditional learning classifier. The 

patterns were extracted from pre-labeled training set, also the learning classifier was created with 

that dataset. While Tan et al. (2008) combined lexicon approach with ML approach, where the 

sentiment of the text (negative or positive) was determined by lexicon approach by classifying 

each word and then aggregating those single values into one to get class for the entire text. Then 

that data is used for the ML classifier, which was used to classify the remainder of the data. 

Though we will focus on this paper to the latter definition of the approach, since that is the 

approach being used in this paper as well. The hybrid approach introduced by Tan et al. (2008) 

were also among the firsts of such papers in the literature. 

 

 



 

16 
 

Due to the fact that there is not standardized definition for such approach that combines lexicon 

based approach with machine learning approach, it is required to further define the approach 

which will be used. Therefore, hybrid approach sentiment analysis is done in this thesis by firstly 

labeling training data for machine learning classifiers with a lexicon based approach. Once, the 

first part is completed the classifier is built by using that data. Furthermore, the results will be 

validated with a subsample from the data that has been labeled by humans instead of the 

automated system, because it is needed to establish ground truth.  
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4 Problems of sentiment analysis 

In this section we will go through the different problems that sentiment analysis can be used on. 

Namely, document-level -, sentence-level -, aspect-based -, comparative sentiment analysis and 

acquiring sentiment lexicon (Feldman, 2013).  The problem needs to be defined as well since as 

mentioned data types have their own characteristics, and what does one the achieve with the 

analysis, and obviously each problem is different itself. Also, the issues in the sentiment analysis are 

discussed 

4.1 Document level  

In this level the purpose is to classify the entire given document for example a tweet, a movie 

review, or a complaint. When one conducts analysis at document level, it needs to be taken into 

consideration that it is assumed that the document has sentiment towards only one entity. So, it 

can be useful when data is one of the above mentioned, while texts like blog post do not probably 

follow this assumption. (Liu, 2012, 24-27) 

4.2 Sentence level 

Basic idea in sentence level analysis is the same as in document level, since sentences can be 

considered as smaller documents. Thus, this level analysis will be useful when analyzing 

documents which can assumed to have more than one opinion. since this level assumes that each 

sentence within a document has an opinion. This commonly used when classifying the subjectivity 

so that objective elements can be disregarded (Pawar et al., 2016, 42-44). 

4.3 Aspect level 

Shortcoming of in previous levels is the fact that they consider that opinion holder has only one 

opinion towards the entity in question, in other words overall sentiment of text does not 

necessarily tell that the opinion holder’s sentiment is the same towards every aspect of the text. 

At this level of analysis aspects of document can be extracted and/or  further classify the 

sentiment towards aspect. One of the reasons why this the most difficult task of the three is the 

fact that there are enormous maybe even unlimited number of ways in expressing opinion which 

makes formulation of rules highly complex for the system. (Liu, 2012, 49-50) 

4.4 Comparative sentiment analysis 

Another problem that sentiment analysis is used on is to focus on a part of text where 

comparisons are made. When doing comparative sentiment analysis, the objective is to extract 

opinion which include comparisons for example “Apple phones are much better than Huawei’s” 
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(Feldman, 2013). It has been shown by Jindal and Liu (2006) that sentences that are comparative 

can be identified with rather few keywords since they used 83 keywords and were able to identify 

94% of the comparative sentences. This has been left out from this thesis as it would be outside of 

the scope of this study, but it this needs to be pointed out that this is also an area of research. 

4.5 Generating sentiment lexicon 

Even though this is usually included within the previous problems when reading the literature, it is 

still a problem itself for which there are different approaches. There are three approaches how 

the sentiment lexicon can be generated. In the first one the lexicon is manually created by a 

human. The second one is dictionary-based where given set of words are extended by using other 

resources for example using dictionary to include possible synonyms and antonyms of the given 

words. The last approach is corpus based, and it is similar to dictionary based one, but the set of 

given words are extended by a corpus that includes documents from a corresponding domain. 

(Feldman, 2013) 

4.6 Issues of sentiment analysis 

There are a lot of different issues when it comes to sentiment analysis which underlying causes 

are the ways of expressing opinions, different types of opinion, and unintended or deliberate 

mistakes.  Firstly, there are elements in a language which make it difficult to detect the 

opinionated text, since there are not exact rules which kind of texts have opinion. Sentiment 

words tend to be the indicators of such text, which is why sentiment lexicons are used in 

sentiment analysis, but existence of such words does not guarantee for it to have opinion. On the 

other hand, text may imply an opinion even if there are no sentiment words. Another factor 

which makes the issue more complex is that there are different types of opinions where the 

opinions are expressed directly, or the opinion is indirectly implied. Therefore, using only one 

identifying rule or a method is not usually sufficient but rather  have several. (Liu, 2012, 15)  

Domain specificity is also a big issue in sentiment analysis, since sentiment words can have 

opposite meaning in different domains for instance word ‘long” makes phrase “Laptop’s battery 

life is long” a positive, while in a phrase like “Waiting time at doctor’s office is long ” it has 

negative meaning. Also, the meaning depends on the perspective from which it is looked at, since 

text can have different meaning for reader than it has for author. Additionally, opinion can be 

expressed directly or indirectly, out of the two the indirect or implicit ones are more difficult to 

detect. According to Liu  (2012, 88-89) researches do not focus on detecting the indirect opinions 
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in the papers. Hasan et al. (2018), Bahrainian, Dengel (2013), Mäntylä et al. (2018) support Liu’s 

statement. 

Another issue which makes sentiment analysis a difficult task is those where the actual meaning 

of a text is opposite from what said in the text, this also known as sarcasm. Liu (2012, 44) suggests 

that sarcasm appears most commonly in social media posts, rather than in reviews and blog posts. 

It is important issue because it reverses the sentiment,  and also it is complex since it depends 

very much on the context. The basic idea behind sarcasm is that the underlying meaning of a text 

is the opposite than what is written. 

Then comes the issue of mistakes done by accident, and intentionally false opinions are issues 

that need to be accounted for. Accidental mistakes are such as writing mistakes, while false 

opinion are the ones where the author has ulterior motive, and the objective is to deceive. 

Nowadays the information about opinions is valuable for organizations, but that can also be used 

against the organization in a harmful way. There are agents (individuals, group of individuals or 

organizations) whose goal is to exploit the value of opinion by opinion spamming in order them to 

gain benefit from it (Liu, 2012, 113; Rastogi & Mehrotra, 2017). Reasons behind this kind of 

behavior can be for instance to gain competitive advantage by making the information useless for 

the competitor. Individuals might do it  for fun in order to see if they could influence on an 

organization alone. Group of individuals might have common cause which they want to do it for. 

(Liu, 2012, 113-16)  
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5 Literature review 

This section will focus on different applications of sentiment analysis. Moreover, it is divided into 

three subsections based on the approaches that are relevant to this study’s methodology. Firstly, 

papers that have used lexicon based approach are discussed. Followed by those which use machine 

learning approach. Lastly, the literature review will go through those that have used hybrid approach 

which combines lexicon based approach and machine learning approach. As these are the ones 

which occur commonly in the literature, and because this thesis uses an approach which is 

combination of these two since the original dataset does not include labels. There are also other 

approaches to sentiment analysis like deep learning approach that are also being studied in the field, 

but those models are complex and computationally expensive, and therefore are left outside the 

scope of this study (Ain, Ali, Riaz, Noureen, Kamran, Hayat & Rehman, 2017; Yadav & Vishwakarma, 

2020). Objective of this chapter is to identify researchers research gaps in the sentiment analysis 

process and how sentiment analysis being used by reviewing existing literature, give comprehensive 

picture of studies made on the subject, and provide support for the selection of methods used in this 

paper. 

Sentiment analysis is popular research field both in business and academic world because it can be 

applied to wide range of domains, and it is challenging topic (Liu, 2012, 1). Study done by Mäntylä et 

al. (2018) researched the development of sentiment analysis by investigating the number of  

published scientific papers in Elseviewer’s Scopus -database, they concluded that there were almost 

7000 papers published at the time of the research. Majority of public research have used social 

media as the source of data, most notably Twitter  (Hasan et al., 2018; Kolchyna et al., 2015; Liang & 

Dai, 2013). One of the biggest reasons is that the data is rather easily available, for instance the 

platforms offer application programming interfaces through which social media posts can be 

extracted.  

5.1 Literature on lexicon approach 

Lexicon based approach is being used in literature because it is not as complex as ML algorithms 

therefore it does not require as much computational power. It also does not require training data to 

create the model unlike ML model, therefore it does not require large amounts of data. However, the 

method requires a sentiment lexicon and acquiring it demands extra effort (Kour K., Kour J., Singh, 

2020, 1423) 

Taj, Shaikh, & Meghji  (2019) used lexicon approach to study the sentiment of news articles, where 

they wanted to find out the overall sentiment of different news topic . They had BBC news dataset 
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which has over 2000 news articles (documents) from five different topics. According to their results 

not all topics are similar in terms of sentiment. As they highlight that business and sports articles 

tend to have more positive articles, while entertainment and tech articles have more articles with 

negative sentiment. For the analysis they used tool called Rapid Miner which is a data science 

software. They began by pre-processing the data where each document was tokenized, transformed 

to lower case, stop words were removed, and remaining words were stemmed. After that they 

identified the most important words and assigned weights with TF-IDF method, then Princeton 

University’s WordNet dictionary was used to assign the sentiment score for every word that was 

found from the dictionary  (Miller, 1995). They obtained sentiment for the document by using 

function in software called ‘extract sentiment’ which gives score between -1 (negative) and 1 

(positive). Authors do not offer further explanation how it is derived but apparently it sums up all the 

negative and positive words within the document. Also, the performance has not been evaluated as 

they used data which was not labeled, and they did not do any annotation or use pre-labeled data. 

Therefore, the study needs to be taken with grain of salt due to the undisclosed information. 

Pandey et al. (2019) examine the opinions towards divorce process of Muslims in India called ‘triple 

talaq’ by classifying Arabic tweets into three classes (negative, neutral, positive). The method was 

made illegal by law in India in 2017, it meant that husband could divorce his wife just by stating 

‘talaq’ three times in any way or form. Preprocessing in the study was done by tokenizing tweets into 

words, tagging POS for each word, transforming words into root form by lemmatizing them, removed 

stop words, and translated tweets into English. Lemmatization is similar to stemming but there is one 

added benefit and that is that it can be used to yield only valid words by defining that word matches 

exactly with the index, while stemming is based on rules (Korenius, Laurikkala et al., 2004, 625). 

Pandey et al. (2019) used two lexicons to detect the sentiment of tweets: the first one is the 

aforementioned WordNet, and the second one is Valence Aware Dictionary and sEntiment Reasoner 

(VADER) which has been created by Hutto & Gilbert  (2014, 216-225) specifically for social media 

data. Results showed that WordNet classified large portion of tweets to be neutral (over 66%), while 

VADER was able to detect more sentiments out of the tweets since the percentage of neutral label 

was below 48%. Similarly like in Taj et al. (2019) data that is being used for the analysis is extracted 

from Twitter which does not include any labels, and there is not a mention in the paper how it has 

been done, that would allow the evaluation of the lexicon. 

In the paper by Al-Ayyoub, Alsmadi & Bani (2014) multiclass classification of Arabic tweets was 

conducted. Rather than using existing lexicon as is, they gather dataset of Arabic words in their basic 

form by using existing dataset and extending it with words extracted from news articles. The 
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sentiment scores for these words are then obtained by translating them into English and then 

searching those words from English language sentiment lexicons. Sentiment score of individual words 

in a tweet are aggregated with predicate calculus method. They validated their results with manually 

labeled subsample where there were 900 instances and the distribution among the classes was 

equal. In each class they included only those tweets that had the same length of words and 

characters in order to reduce bias. However, the authors do not disclose method how the equal 

distribution of classes was achieved. The study achieved good accuracy since it reached 86.89%, and 

it outperformed method where the frequency of sentiment words in a tweet determines the overall 

sentiment.    

A comparison study was conducted by Musto et al. (2014), where a performance of different state of 

the art sentiment tools were compared in classifying two different twitter datasets. The first dataset 

was the one which was used in the SemEval 2013 -competition, and the second one was Stanford 

Twitter Sentiment -dataset, and both of these had manually labeled test dataset. They reached 

accuracy of 58.99% and 74.65% for each dataset, respectively. The research was started first by 

splitting the tweets into smaller phrases for which sentiment score was obtained, and then summed 

up to get overall sentiment. The sentiment scores for smaller phrases were obtained through four 

lexical resources: SentiWordNet, Wordnet-Affect, MPQA, and SenticNet.  SentiWordNet gave the 

best accuracy for SemEval data, while Senticnet was the best for Stanford Twitter data. As the 

authors report the descriptive statistics of dataset in the paper, it has to be noted that in SemEval 

dataset the size of test set was approximately 22%, while in Stanford dataset the test set was less 

than 1% and the study randomly sampled only 10 000 instances.  This are the factors that impact on 

the accuracy, thus making model with latter dataset perform better. 

Jurek, Mulvenna & Bi  (2015) introduced a lexicon based approach which instead of simple 

aggregation operator like sum or average, normalizes sentiment by a combination function. They 

created their sentiment lexicon by using dictionary based method where they had SentiWordNet as 

the basis of it. Their proposed approach begins by obtaining sentiment score for each word that 

matches with the lexicon. In the presence of negation and intensifiers, the score changes. In the 

event of negation, the value is reversed. On the other hand, if there is intensifier it impacts the 

weighting of the neighboring sentiment word. Jurek et al. (2015, 4) divide these intensifiers into 

three categories which either decrease the sentiment score of a word by 50%, increase the score by 

50% or 100%. After this score of individual words in a text are used in a combined function to get 

overall sentiment score for the text. They evaluated this approach with Twitter and IMDB (movie) 
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dataset, which are created at Stanford University and are annotated. Their approach yielded 

accuracy of 77.2% with Twitter data, and 74.2% with the IMDB dataset. 

Recently, there was paper done by Wunderlich and Memmert (2020) that validated use of SA tools in 

sports science domain. They extracted 10 000 tweets by using keywords that related to football 

matches. The tweets were annotated both manually by humans and automatically by using different 

lexicon resources. The manual annotation was done by two annotators from whom the data was 

shared equally with, and tweets were labeled into four classes (positive, negative, neutral, and 

nonsense). The human annotators also labeled 200 tweets which were the same for both of them, so 

that the labeling could be evaluated. The agreement percentage of the annotators was 82.5% with all 

the four classes, but considering only the opinion classes (positive, negative) the same percentage 

was 94.5%. In the automated part they used three different resources for the labeling: First of them 

was commercial software called LIWC. The second was pre-made sentiment analysis package which 

uses QDAP dictionary to obtain sentiments. In the third one, they used SenticNet4 as the lexicon for 

extracting the sentiment. Best performing method yielded 63.6% accuracy which was the SA package 

that is based on QDAP dictionary, and when combining the methods by averaging the results 67.4% 

accuracy was achieved. According to them the reason why the SA package based on  QDAP yielded 

the best result was that it is specifically designed for this type of analysis. While LIWC has multiple 

other functionalities, and they simplified the SenticNet4 method which is proposed by Cambria, 

Poria, Bajpai and Schuller (2017) . 

Papers which proof their model’s worth by comparing different methods are also popular in the field 

of SA. Ejazm, Turabee, Rahim, and Khoja (2017) wrote a paper where they extracted sentiment of 

product reviews with three machine learning algorithms, and in the lexicon approach they built the 

sentiment lexicon by using dictionary based method where they extended their seed words by using 

Wordnet to look for synonyms and antonyms. They used the n-gram approach in the lexicon 

approach as well which appears often ML approach. The rather common method in lexicon approach 

was used to obtain the orientation where integer value was assigned for words based on the 

WordNet lexicon, then review’s sentiment was gotten summing each word’s value and assigning the 

class according to the value. The lexicon approach outperformed the ML by reaching almost 90% 

accuracy, since they determined initial set of words with sentiment and extended it by using 

WordNet. Though we need to be careful with generalizations in the absence of details because the 

used data was mainly opinionated since only 17% of the data was neutral, and they used only 1% of 

original data.  
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Sonawane and Kulkarni  (2017) conducted SA of product reviews obtained from Amazon by using 

lexicon approach that achieved accuracy of 79%. They conducted it slightly different than other 

studies which analyzes product review data, since they obtained 30-50 reviews for specific product 

categories and used the approach for each category individually. First, they did the  part of speech 

(POS) tagging, which allows disregarding the sentences which do not express sentiment, and then the 

sentiment for document is determined by obtaining individual word’s sentiment in the sentence by 

using SentiWordNet. Again, we have to be careful if wanting to do generalizations since this data has 

been only validated with such low number of instances. 

Bhoir and Kolte (2016) proposed an approach for SA which extracts the features of opinions and 

classifies movie reviews that include only subjective sentences. Firstly, in preprocessing part of 

speech tagging is done. Then, in the second step only subjective sentences of a document are 

included and this is done by using  both ML and lexicon methods. In the next phase they extract the 

opinion words and then the sentiment class is assigned based on the opinion word’s sentiment. The 

subjectivity/objectivity score is based on the average of adjectives occurring in sentence since their 

assumption is that adjective indicates sentence being subjective (Liu, 2012, 41-42). In the lexicon 

approach Bhoir and Kolte (2016, 3) first they consider adjectives, and  in the second one they 

consider verbs and adverbs in addition to adjectives while holding on to the assumption about 

adjectives by giving higher weighting to adjectives. Then the sentiment is determined by comparing 

the extracted sentences to SentiWordNet and assigning score accordingly. Authors validate the data 

by manually processing the reviews. The subjectivity classification reached  F1 score of 75% with ML 

method and system as whole achieved F1 score around 62-76% depending on the feature (movie). 

Not every paper is solely focusing on sentiment analysis, but it can be used as an additional to tool 

further analyzing an issue. Kinyua, Mutigwe, Cushing & Poggi  (2020) did such that, when they 

studied the impact of President Trump’s tweets on market indices. In the study they scored each 

tweet with VADER lexicon, and assigned one of seven labels based on the score. Then they looked at 

the change of the index before and after the tweet. The results of the paper indicate that  whenever 

Trump tweets unless it expresses extreme sentiment the market will react negatively. 

All in all, it can be said that lexicon approach is being used because it is common not to have labeled 

data available. Lexicon approach tends to yield high precision and low recall (Lalji, Deshmukh 2016, 

2887). Results depend on the lexicon, which means in order to have accurate result it needs to be 

domain specific  (Bahrainian, Dengel, 2013, 27). Due to the fact that SentiWordNet is commonly used 

in the literature, it will be used in this paper as well  (Musto et al., 2014; Jurek, Mulvenna et al., 2015; 
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Sonawane, Kulkarni, 2017; Bhoir, Kolte, 2016). Although it would be convenient to use VADER and 

TextBlob since those would be rather simple to use. There is a risk that it will not be suitable for this 

data as those are mainly used with social media data, and financial complaints are different in 

nature, for instance they tend to be longer than social media posts. 

All the papers reviewed for this section are highlighted in table 1, where the dataset and sentiment 

lexicon that were used in the paper are described alongside the performance measure of the 

respective paper. These papers were found by using keywords such as “sentiment analysis”, and 

“sentiment analysis AND lexicon approach”. Studies which focused on identifying the sentiment of 

data by using a sentiment lexicon were selected to be used in this review. 
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Table 1: Papers on lexicon-based approach 

Researcher(s) Context Data Lexicon Performance 

Taj et al. (2019) Uses lexicon approach to 

find out the sentiment of 

different news article 

topics 

BBC news dataset 

(Articles about 

business, sports, 

politics, 

entertainment, and 

tech)  

WordNet Only sentiment class counts 

reported: Either positive or 

negative depending on the 

topic, while only few data 

points with neutral 

sentiment 

Pandey et.al 

(2019) 

Analyzes sentiments 

towards divorce process 

of Muslims in India, and 

the level of intensity of 

each sentiment 

Tweets about divorce 

(Keyword: #talaq) 

TextBlob, 

SpaCy 

Only sentiment class counts 

reported: Most of data 

points have neutral 

sentiment 

Al-Ayyoub et.al. 

(2014) 

Constructs a sentiment 

lexicon and lexicon 

based sentiment analysis 

tool for Arabic tweets 

Tweets (Keywords: 

#Gaza, #Palestine) 

Own lexicon Accuracy: 86.89% 

Musto et.al. 

(2014) 

Studies the performance 

of different lexical 

resources for classifying 

tweet sentiments 

Twitter data SWN, MPQA Accuracy: ~58% 

Jurek et.al 

(2015) 

Presents an algorithm 

that classifies tweet 

based on the sentiment 

in real time data. 

Twitter & movie 

review data 

SentiWordNet Accuracy: 74,2% 

Wunderlich & 

Memmert 

(2020) 

Studies if sentiment 

analysis can be used in 

sports science 

Tweets about a 

football match 

(keyword: #LIVTOT)  

QDAP, 

SenticNet4 

Accuracy: 63.6% 

Ejazm, Turabee 

et al. (2017) 

Predicts sentiment of 

products reviews by 

using sentiment lexicon 

and compares it to 

machine learning 

algorithms 

Product reviews from 

Amazon 

WordNet Accuracy 86.9% 
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Sonawane, 

Kulkarni (2017) 

Classifying product 

reviews based on the 

sentiment 

Product reviews of 

three product classes 

SentiWordNet Accuracy: 79% 

Bhoir, Kolte 

(2016) 

Creates aspect based 

sentiment analysis: 

Determines the 

sentiment of a review 

and finding out the 

targets of the sentiment 

Movie reviews SentiWordNet F-Score: 62-76% 

 

5.2 Literature on machine learning approach 

As mentioned in the beginning of previous part, machine learning approach is being used to classify 

the sentiments of documents because it can handle large amount information, and such models are  

flexible, and performance can improve over time as new data is received.  

Liang & Dai (2013) created in their paper a complete system for classifying tweets with different 

topics in which they used tweets about cameras, phones, and movies as the topics. Their system 

starts by doing the typical preprocessing of tweets by eliminating tweets which are not in  

English, have too few words or have only hyperlink in them, and also removing words that do not add 

value in recognizing the sentiment. After preprocessing they use Naive Bayes to extract only 

opinionated tweets. Once opinions are obtained, features are created by generating unigram model, 

and the dimensionality of it is reduced based on mutual information (MI) by including N features 

with highest MI value. Then dataset is split based on the topic, and each topic is fed into Naïve Bayes 

algorithm separately in order to reduce the impact of domain specificity. They compare results with a 

unigram model  where the features extracted are frequencies of the unigrams. Their model’s overall 

accuracy is 70%, and it outperforms the benchmark model by about 3%.   

da Silva, Hruschka Ed. & Hruschka Est.  (2014) wrote a paper where they created a model by 

combining classifiers which are trained with different training data and the results of them are then 

merged with various methods, this method is also known as ensemble of classifiers. They used 

following classifiers multinomial bayes, support vector machine, random forest, and logistic 

regression. The results were reported for each classifier as individually and as an ensemble. They use 

two different feature engineering methods, first of which is bag-of-words, and the second is hashing. 

The hashing means that the features are inserted into hashing function which gives the sum of ASCII 

values of the characters as an output. They also used opinion lexicon and emoticons to have the 
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information about the number of positive and negative terms in a document. The paper does 

thorough job as they use four different datasets which they have annotated differently for same 

classifiers. Two out of datasets are pre-existing dataset which are labeled by those who collected it. 

The last two datasets were labeled by using Amazon’s Mechanical Turk Service, and manually by the 

authors, respectively. The results of the paper show that ensemble of classifiers perform better than 

individual classifier, since those are closest to the best result in literature. When the features were 

extracted with bag of words, the performance was better as the accuracy was 76-87%, while features 

created with hashing yielded only 70-79%. 

Boiy & Moens  (2009) examined classification of sentiment of blog, review, and forum posts in 

different languages by combining several classifiers. They used an approach where the text passed 

through 3 levels of classifiers, each of which can use one or several classifiers together, in order to 

reach highest possible accuracy. In the first level the sentiment is detected, so the purpose is to 

remove text that is not informative.  In the second layer the instances that express sentiment are 

classified when the certainty of it exceeds a threshold. Those instances which cannot be classified 

with the determined certainty proceed to third layer, but before classification of the third layer, text 

is parsed and if it is not possible the result of second layer is the final result, this tend to be the case 

with such text that the first layer missed. In the final layer the remainder of the text that did not 

fulfill the classification criteria in second layer are then classified. Boiy & Moens (2009, 538-539) used 

accuracy, precision, recall and F-measure to report the performance of their model, their model 

yielded performed well as the accuracy reached  was over 86% with SVM and MNB algorithms of 

which MNB was used with English. They compare results by having different feature sets, it shows 

that by excluding non-sentiment texts and using unigrams as features yield the highest results. 

Authors have used bigrams as feature for comparison, and the difference between it and unigram is 

negligible which is in align with assumption made by Sebastiani (2002, 12). 

Rathi, Malik Varshney, Sharma & Mendiratta  (2018) used pre-existing tweet datasets for which they 

created a framework which uses combination Support Vector Machines, Adaboost Decision Tree, and 

Decision Tree. Goal of the paper is to show that the combination of methods improves the 

performance. TF-IDF technique is used to generate the numerical features for the algorithms. The 

features are then given as input to SVM and Adaboost Decision Tree, and output of those models are 

used as an input for the final Decision Tree (DT) model. This combination of algorithms increases the 

performance of the model, compared when used SVM or Adaboosted Decision Tree alone, though 

reported increase in accuracy is only two percentages. 
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As the sentiment analysis is common nowadays, it is not uncommon to see papers which investigate 

use of single classifier more thoroughly. Ramasamy, Kadry, Nam & Meqdad  (2021) number 

examined how the used kernel function in SVM impacts the performance. Therefore, they created 

SVM models with linear and radial basis functions (RBF) with and without optimized cost parameter 

for misclassifications. Results in the paper reported by presenting confusion matrix and calculating 

accuracy, sensitivity, specificity, and positive and negative predive values. Linear SVM without 

optimization works poorly, only giving 15% accuracy, while unoptimized RBF and optimized linear 

and RBF yield similar results. Optimizing the cost parameter for RBF does not yield significant 

improvement since accuracy for optimized is 84.9% and for unoptimized its 84.2%. While the 

optimized linear SVM yields the best result with accuracy of 89.4% 

Not all papers on sentiment analysis examine social media data, Greaves, Ramirez-Cano, Millett, 

Darzi, & Donaldson (2013) conducted SA on comments made by hospital patients, in order to gain 

information about the care offered by the hospitals for three different domains. They used bag-of-

words approach to engineer features where unigrams and bigrams were included. They added to 

those prior polarities of 1000 most common one and two word phrases for each domain which was 

useful for capturing negation and reducing the impact of writing is not common for the language. 

Objective of the study was to find algorithm which runs the fastest and yields the most accurate 

results. They used four classifiers: Multinomial Naïve Bayes (MNB), DT, bagging where the base 

classifier is decision tree, and SVM with RBF kernel. Authors evaluated the results by reporting, 

accuracy, F-measure, Receiver Operating Characteristic, and the time that it took for the model to 

complete the task. All the models had similarly high values when it comes to the classification 

performance, but MNB performed the computation significantly faster than other models.  

Neethu & Rajasree  (2013) studied tweets about electronic products and manually annotates that in 

order to use ML approach. For the ML model in addition to the typical  linguistic features like count 

of positive and negative words, part-speech tags, they also consider aspects that are common for 

twitter data like emoticons which are assigned with weight of 1 or -1 depending on its orientations, 

and number of positive and negative hashtags are counted. As a classification algorithm they use NB, 

SVM, Maximum Entropy (ME), and ensemble of these. In the ensemble they use majority rule to 

aggregate the output. Authors report accuracy, precision and recall measures, and all of the above 

mentioned have rather high results. The classifiers perform similarly as the accuracy is approximately 

90% with every classifier, which tells that the features they selected have impact on the sentiment, 

though there is no explanation where the selection of the features is based on. 
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Many papers focus on dealing with a data that is domain specific which is done by defining search 

queries, but Troussas, Virvou, Espinosa, Llaguno & Caro  (2013) conducted a sentence level SA where 

they collected stream of Facebook posts which they manually annotated into positive and negative 

class and used NB classifier to create the automated system. They found out after manually 

annotating the data that majority of the posts were negative, so they took smaller sample out of the 

population, so that they could have dataset where the classes where evenly distributed, and then 

randomly selecting equal sized training and testing set. Originally, they collected 7000 posts, but due 

to aforementioned reasons it was reduced it to approximately 4500 in order to get the distribution of 

negative and positive posts to be 50-50.  For comparison they used Rocchio and Perceptron classifier 

to get benchmark result which the NB is compared with. Rocchio and NB models perform similarly, 

but former having slightly higher recall and F-score and latter one has F-score of 0.72 , while 

performance of Perceptron classifier is clearly the worst.  

In brief, there are various ways how sentiment analysis is conducted within the machine learning 

approach. In the literature, the problem of classification is most commonly defined to be as binary or 

ternary classification problems, which either includes or disregards the neutral class. It is common in 

the studies using ML approach to include ensembles of classifiers or using same classifier several 

times as it is shown that including more classifier tends to improve accuracy, obviously it is not 

automatic and requires the data to be good and have relevant information. As can be seen in these 

studies which are mentioned in this section,  the typical framework for SA using ML approach after 

preprocessing is to extract texts that express sentiment, which can be done based on rules or 

classifier. Then using classifier algorithm to generate the model. The use of classification algorithms is 

focused on specific classifiers. More often than not, Naïve Bayes and Support Vector Machines with 

different optimized parameters are used, but also Decision Tree, Random Forest and Logistic 

Regression occur. As it can be seen, most of the studies use pre-labeled datasets or they do it 

manually, and lack of labels is and sampling such data is often disregarded. However, lack of labels is 

often the case, which is why this paper consider that.  Since in the literature models that tend to 

perform well, tend to use same features such as unigrams, POS tags, and frequencies of sentiment 

words, therefore this study will also use them.  

Once again the selected studies in this machine learning section have been summarized in table 2, 

where the purpose of each paper is shortly described, what kind of data and algorithms it used, and 

what was the resulting performance. These were found by using key phrases like “statistical 

sentiment analysis”, “sentiment analysis AND machine learning approach”, and those which focused 

on training a machine learning classifier with textual data were selected.  
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Table 2: Papers on machine learning approach 

Researcher(s) Context Data Algorithm Result 

Liang & Dai (2013) Framework which 

considers the structure of 

Tweet. 

Tweets about cameras, mobile 

phones and movies  

NB Accuracy: 

70% 

da Silva et.al (2014) Combining classifiers can 

be used to obtain 

accurate results 

Four Twitter datasets: political 

tweet dataset, Stanford’s 

Twitter dataset, dataset for 

keywords @Apple, #Google, 

“Microsoft”, #Twitter, and 

dataset for keword #hcr 

(health-care reform) 

MNB, SVM, 

RF, LR 

Accuracy: 

80% 

Boiy & Moens (2009) Finding out feelings 

expressed about 

consumer products in 

blog, review and forum 

posts.  

Blog, review, news data (several 

different sources like amazon, 

blogspot etc)  

SVM, MNB, 

ME 

Accuracy: 

85-87%  

Rathi et al. (2018) Shows the combining 

classifiers improves 

efficiency and reliability 

Stanford’s Sentiment140 -

dataset, movie reviews, and 

social media sentences 

(University of Michigan) 

SVM, DT, 

Adaboosted 

DT -

combination 

Accuracy: 

84%  

Ramasamy, Kadry, Nam 

& Meqdad (2021) 

Studies the performance 

of various SVM kernel 

functions 

Tweets (details are not 

disclosed) 

SVM Accuracy: 

89% 

Greaves et al. (2013) Analyzes patient 

comments to predict 

whether a hospital will be 

recommended 

Patient comments on UK 

hospitals in the English National 

Health Service website 

NB, DT, 

Bagging, SVM 

Accuracy: 

88% 

Neethu & Rajasree 

(2013) 

Domain specific sentiment 

analysis (electronic 

products) 

Tweets about electronic 

products 

NB, SVM, ME 

+ ensemble 

 Accuracy: 

~90% 

Troussas, Virvou et al. 

(2013) 

Creating model which 

classifies facebook user’s 

status updates based on 

the sentiment 

Facebook user’s status updates NB F-Score: 

0.72 
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5.3 Literature on hybrid approach 

Hybrid approach is being used in order to create robust model, which is capable of handling large 

amount of data, but it is acknowledged in the approach that it is challenging to obtain labeled 

data, and manual labeling it tedious and labor intensive task which is not really appropriate when 

information needs to be extracted fast in order to be able to react quickly to different situations. 

As with the other approaches, hybrid is also used in various different ways.  It is common to see 

studies using the hybrid methodology to do SA on non-English texts but use framework of English 

language. Aldayel & Azmi (2016) performed SA in such way, they used SentiWordNet as a base for 

their lexicon which is in English, and translated to Arabic, and enriched the lexicon by adding list 

of words that the authors deemed essential. They chose to use n-gram model as their feature, 

they included unigrams, bigrams, and trigrams, and each set was weighted by using TF-IDF which 

was used to determine the relevant features. The study uses precision, recall, accuracy, and f-

score to evaluate the performance of the classifier used which in this case was SVM. Even though 

they emphasize their lexicon approach being unsupervised, they used three humans to annotate 

tweets and they after preprocessing the lexicon gives accuracy of 67.6%. The addition of SVM 

increases the accuracy of the system to around 84%. Among the feature sets the performance is 

rather similar, where the largest difference is that trigram model yields slightly higher precision 

and recall. One interesting fact that needs to be pointed out is the label distribution of the 

dataset, authors mention that before manual labeling, they manually filtered out tweets that 

were sarcastic, news or spam from the initial dataset. Most likely case is that the during manual 

labeling, the dataset was distributed in a way that it is close to even. Also, the amount of effort 

that the research required was large and size of the corpus was significantly smaller compared to 

initial dataset. Manual filtering and labeling reduced the size of corpus from 50 000 tweets to 

1103 tweets. 

Zhang, Ghosh, Dekhil, Hsu, Bing (2011) conducted entity level sentiment analysis for twitter data. 

Their framework consisted of three main phases. Firstly, they detected opinionated sentences, by  

excluding those where there is auxiliary verb and the final character is question mark, thus they 

excluded interrogative sentences. Secondly, for the sentiment detection they used opinion lexicon 

created by Ding et al. (2008) number to which they added their own list of hashtags with 

sentiment orientation. They also do second opinion extraction by including only those sentences 

which have opinion indicators in them, since opinions are not restricted to specific type of 

sentences (Liu, 2012, 43). Finally, they use unigrams, emoticons, and hashtag with binary values in 

addition to the label as the features for the SVM classifier. Their model outperforms the 
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benchmark models significantly with 85.4% accuracy. They also manually evaluated the results by 

checking the labels of each tweet. 

Not only short texts are examined in SA, Keith, Fuentes & Meneses (2017) uses hybrid approach 

to analyze reviews of scientific papers. In the framework sentiment lexicon enriched by authors 

and syntactic structure of a sentence are combined to get labels for the reviews, and then SVM 

algorithm for the classification. They provide in depth analysis as they perform orientation and 

classification for different number of categories (binary -, ternary -and 5-point scale) and use 

standalone models as benchmarks. Accuracy of the orientation determination is 79% at best 

when having only positive and negative labels, and it decreases when complexity is increased. 

While classifier’s accuracy is 71% when having only two classes. It can be observed that the 

classification of long texts is more difficult as the accuracy of best performing model is lower than 

those which classify shorter texts. Also, the paper shows that with longer texts the complexity in 

class labels should be minimized as the accuracy decreases more there are distinct labels. Since 

the original data included numerical review on a 5-point scale they were able to derive class labels 

for each case, and they validate their model with the it. 

Lalji & Deshmukh (2016) emphasizes the impact of training dataset size on accuracy in hybrid 

approach, therefore the paper does not consider other evaluation measures or focus on the 

technical details of SA. Authors also wanted to improve performance of lexicon based approach, 

since as a standalone approach it tends to have low recall. Their framework is rather simple, 

where first after preprocessing they extract subjective tweets that contain adjectives and exclude 

objective tweets by using MPQA lexicon. The same lexicon includes sentiments, so it is used for 

polarity detection as well. Once again SVM is used as the classifier and they use unigram, bigram, 

and trigrams as features, though authors do not offer reason why these are selected the likeliest 

reason is probably their prevalence in the literature. Results of the paper are rather unsurprising 

as the model having the simplest feature performs the best, and the accuracy increases when 

more training data is introduced. Overall accuracy being 63.23%. 

Filho & Pardo (2013) created a framework for classifying tweets for Semantic Evaluation 

(SemEval) 2013 task 2. Their purpose is to show that by using approaches sequentially to 

recognize the sentiment which the classifier of previous approach did not, performs betters than 

individually. The hybrid approach which they built consisted of rule -, lexicon -and ML -based 

approaches. In rule-based part the sentiment was determined based on the emoticon it had. 

Then, those tweets which did not include emoticons and labeling was not possible were sent to 
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lexicon approach part, were SentiStrength lexicon was used to compute polarity score for each 

tweet by summing up individual word polarities of a tweet. Tweets which polarity score were 

furthest away from zero were labeled as positive or negative, depending on the sign. Then those 

closer to zero were inserted into SVM classifier to get the labels for remaining tweets, the 

classifier was trained based on labels made by rule-based -and lexicon-based classifiers. Features 

which they used for ML were bag-of-words, part-of-speech tags, and existence of negation. The 

overall F-score is barely over 50%, but it significantly outperforms individual approaches, so if 

more complex methods are used in the classifier could yield even better results. Datasets used in 

the paper were labeled by the organizers of SemEval 2013, which they were able use for 

validating their results. 

Bahrainian & Dengel (2013) are comparing their hybrid model to a most commonly used classifier 

in the literature: SVM, ME, NB. They obtained sentiment for tweets by using SentiStrength -

lexicon. For the linear SVM, they use 14 features which take into account the sentiment words in 

a tweet and  near the vicinity of the words like negation and so forth. They chose the benchmark 

model by investigating the impact of emoticons and stop words in the feature set. It was done by 

creating four possible combinations based on the existence of emoticons and stop word for each 

classifier and using 10-fold cross validation. Out of the three classifier SVM gave the highest 

accuracy in each combination, and the best one was where emoticons and stop words were 

included with 86.7% accuracy. Whilst the hybrid model gave accuracy of 89.13%, thus 

outperforming it. They validated the model also by manual labeling which was done by 22 human 

annotators in manner where each tweet was annotated by three persons, in order to settle 

disagreement and in the case of complete disagreement the tweet was removed. 

Kolchyna et al. (2015) wrote a paper where they used all the three approaches for finding out the 

sentiment orientation and creating classification model for tweets. They showed that 

combination of these approaches will perform better than the approaches individually. They used 

three different combinations of lexicons to determine the sentiment score of tweets. Then they 

used the best performing combination as one of the input variables in the ML classifier.  Total of 

528 features out of 1826 were selected for the classifier Before they trained NB and SVM models, 

they selected 528. Features were selected based on information gain and ‘Ranker ’method which 

was provided by the software they used (WEKA). They validated their results with annotated 

tweet dataset that was used in SemEval – 2013 Competition. Accuracy of their hybrid approach 

was 5% better than the individual approaches. 
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Mukwazvure & Supreethi (2015) extract comments of news articles  for three different topics 

(technology, business, politics), which are then used get sentiment for the comments and also for 

the article itself. They focus with this on tackling the SA’s issue of domain specificity by using 

articles from different topics and creating corpus for each of them which are then classified by the 

same classifier. The overall process here follows similar process used in the literature where the 

sentiments for documents (the comments in this case) are obtained by summing up the polarity 

score of each individual sentiment word in a document, and that was weighted with the total 

number of the documents for that corpus, the lexicon here use was AFINN  (Nielsen, 2011). Then, 

the articles’ sentiment is obtained by summing the polarity score of each comment under it. 

Interesting data point is that most of the articles had clear sentiments as only small portion was 

labeled as neutral, though it can be explained by the fact that they have strict rule when the 

sentiment is classified as neutral. Authors of the paper use SVM and Knn algorithms in the 

classification for which input features were selected based on weighting methods such as TF-IDF 

and Chi-Square. SVM outperforms the Knn, which is not surprising as it has been seen to be one of 

the best algorithms for text classification. The accuracy of it for each topic was between 58-73%. 

This shows the domain specificity and in order to improve that more complex sentiment lexicon 

should be used, it could be done by building a large specific lexicon or combination of existing 

ones. It is worth mentioning that it is not mentioned in the paper how the validation is done, so 

we can assume that they have taken sentiment score assigned by the lexicon approach as the 

‘truth’. 

In the hybrid model created by Rajeswari, Mahalakshmi, Nithyashree & Nalini (2020) impact of 

different feature extraction methods are observed. Compared to other evaluation measures used 

in the literature, authors use ROC-curve as main metric to evaluate its performance. Data which in 

this study is pre-labeled, so they are able to detect the polarity of training set while having valid 

test dataset for evaluation. Another interesting fact is that the original data has only 2 classes, and 

this system extends it to three. SentiWordNet  (Esuli, Sebastiani, 2006) is used as the lexicon for 

detecting the polarity, and NB, SVM, Logistic Regression (LR), and DT classifiers are used in 

machine learning approach to find out one that fits the best.  For feature extraction they use bag-

of-words (BoW) model, n-grams and TF-IDF. BoW only considers the frequency of individual 

words, n-grams the neighboring words are considered for instance negation and intensifier etc.TF-

IDF on the other increases words importance more it occurs within a document but penalizes if it 

occurs elsewhere in corpus. Out of the four classifiers the LR performs the best since it has 
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accuracy of 81% and AUC is 89%. Also, the inclusion of lexicon approach improves the accuracy 

the classifiers by 6-10% on average. 

Chaithra (2019) examines comments of YouTube videos in order to get what kind emotions the 

viewers have towards the video. It follows the typical framework by first using lexicon to label the 

data which in this case is Valence Aware Dictionary and sEntiment Reasoner dictionary (VADER) 

(Hutto, Gilbert, 2014). Then NB classification algorithm is used for ML approach. There are some 

peculiarities in this paper: Firstly, unlike other researches using VADER dictionary (Elbagir, Yang, 

2019, 12-16; Ramteke, Shah et al., 2016) it preprocesses the data after the polarity has been 

detected with lexicon approach. Secondly, comments labeled as neutral are instantly regarded as 

non-opinionated thus excluded from the dataset. Author reports confusion matrix from which the 

accuracy is computed, and performance is evaluated, which in this case is 79.78%. The paper does 

not mention how the validation is done, so it apparently there is not evaluation of the labels. Also, 

VADER might not be the most suitable lexicon at least as out-of-the-box dictionary. Hutto & 

Gilbert (2014) optimized the VADER for social media texts, but their results indicate that it works 

best with short texts like tweets and with longer texts the performance with their dictionary 

decreases. Also, the nature of the comments in YouTube are slightly different than tweets which 

also raises the questions about the suitability. Overall, Chaithra (2019) simplifies problem at hand 

rather much. 

In the end, as it can be observed from the literature, the overall framework is quite similar among 

them with some changes to the details separating them, but the hybrid approach is being used in 

the absence of pre-determined class labels. These papers show that the accuracy of sentiment 

analysis can be improved by using hybrid approach instead of single approach, where opinions are 

extracted, and  the data is labeled with lexicon approach and classified with machine learning 

algorithms like SVM and NB. Even though papers using machine learning approach seem to 

perform better when comparing the performance metrics  in table 2 and table 3, due to the lack 

pre-determined labels this paper will use the same similar approach to this where the extracted 

data is filtered and cleaned before any analysis. Then, with lexicon approach the opinionated 

complaints are extracted, and assigned the polarity. The NB and SVM algorithms are then trained 

with the data that was labeled in the lexicon approach. In the literature, the validation was mainly 

done when some pre-labeled dataset was used. Some validated it with manual annotation, which 

was done for the entire dataset, whilst others did not even mention it. As mentioned earlier in the 

paper, the manual annotation is labor intensive, therefore results are not produced fast enough 

to offer advantages for interested parties of the analysis. Therefore, this paper will tackle it by 
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having subsample of the data be annotated by humans, where the amount of work if smaller than 

annotating entire dataset. 

Studies which were discussed in this section about hybrid approach are summarized in respective 

order in table 3. There, the idea of the paper is given briefly, while also having the details of the 

dataset used. Then finally it also shows the algorithms which were used, and the best results 

achieved by the paper. These studies were searched by using keywords and -phrases like “hybrid 

approach + sentiment analysis”,  “hybrid sentiment analysis”, and “hybrid opinion mining”. Those 

papers which did a sentiment analysis by obtaining labels for training with lexicon approach, and 

then trained a machine learning classifier were selected to be used. 

 

 

Table 3: Papers on hybrid approach 

Researcher(s) Context Data Classifier Result 

Aldayel & Azmi (2016) Uses existing sentiment lexicon  

to label the training data for  SVM 

classifier. The lexicon is translated 

from English to Arabic and they 

extended it with their Arabic 

sentiment words´. 

Arabic tweets SVM Accuracy: 

84.01% 

Zhang et.al. (2011) Entity level sentiment analysis 

where it identifies the aspect and  

sentiment of  it with lexicon 

approach and uses that to train 

machine learning classifier. 

Tweets that 

have keyword: 

“Obama”, 

“Harry 

Potter”, 

“Tangled”, 

“Ipad”, and 

“Packers” 

SVM Accuracy: 

85.4%   

Keith et.al (2017) Examines reviews of scientific 

articles and classifies them based 

on the sentiment and comparing 

it to review given by the 

evaluator. 

Reviews of 

scientific 

papers in 

Spanish 

NB, SVM Accuracy: 

71% 
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Lalji & Deshmukh (2016) Determines the sentiment of a 

tweet based on the sentiment 

words occurring the text. Then 

training machine learning 

algorithm with that data 

Tweets 

containing a 

word “car” 

SVM Accuracy: 

63.23% 

Filho & Pardo (2013) Done for the SemEval2013 

competition where they have 

hybrid sentiment analysis process 

which combines rule-based, 

lexicon-based and machine 

learning approaches. 

SemEval2013 

data  

SVM F-score: 0.5  

Bahrainian & Dengel 

(2013) 

Labels training data and builds 

classifier for informal text for 

which tweets are used. 

Tweets 

containing a 

word “iPhone”  

SVM, ME, 

NB 

Accuracy: 

89.13% 

Kolchyna et.al. (2015) Their method Is to obtain 

sentiment score by using lexicon 

approach, and use that as a input 

feature for the machine learning 

approach 

Twitter 

dataset 

provided 

SemEval2013 

organizers  

NB, SVM Accuracy: 

70% 

Mukwazvure & 

Supreethi  (2015) 

Examines comments news article 

comments  and uses sentiment 

lexicon to determine the 

sentiment. Then those sentiment 

are used as target variable in 

machine learning approach 

Comments of 

news articles 

from the 

Guardian -

webiste 

SVM, Knn Accuracy: 

58-73% 

Rajeswari, Mahalakshmi 

et al. (2020) 

Uses three different datasets for 

classifying data points to have 

one of three sentiment classes by 

combining lexicon and machine 

learning approach 

Product, 

movie, and 

twitter data 

NB, SVM, 

LR, DT 

Accuracy: 

81%  

Chaithra (2019) Analyzes Youtube video 

comments in order to label them 

with sentiment lexicon and then 

building a Naïve Bayes  classifier 

Comments in 

Youtube 

videos about 

unboxing a 

mobile phone 

NB Accuracy: 

79.78% 
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6 Methodology / Framework 

In this section, the framework which will be used for the sentiment analysis in this thesis is explained 

and discussed in detail. The first phase is to extract the data to be used in the analysis, thus in that 

section the dataset which is used in this paper will be described. The second step is the cleansing and 

normalization of the dataset, here we will discuss the about the steps undertaken. The third step is 

to detect the complaints that are opinionated, and label those depending on the sentiment, so this 

subsection is about the lexicon approach part of the hybrid system. The fourth step is about 

preparing the data for the machine learning classifiers, thus here the method used to extract 

features for the classifier will be discussed. In the fifth step, the classifiers are trained and validated 

with the labeled data, in other words these last two steps are the machine learning approach part of 

the system. Before evaluating the performance of the model, the classifiers are tested with manually 

annotated data, and details and specifics of the annotation process are given. Finally, in the 

evaluation phase the performance of the system will be evaluated with specific measures like 

confusion matrix and metrics computed from it. In figure 2, the framework is represented visually. 

 

Figure 2: Framework of sentiment analysis system 
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6.1 Dataset 

The data used in this research are complaints made by consumers about products and services of 

financial institutions in the United States. The dataset in question is secondary data obtained from 

Consumer Financial Protection Bureau’s (2021) consumer complaint database. It is updated and 

maintained by CFPB, which governs the consumer financial markets in U.S. In general, CFPB is the 

conciliator between consumers and financial companies,  and they save these interactions to a 

database. Basically, similar tasks what Finnish Competition and Consumer Authority (KKV) does 

but operates only in financial sector. 

CFPB was founded in 2010 to govern the financial product and service markets that belong under 

federal laws, which is done by creating rules and enforcing them. As mentioned above, CFPB is 

the middleman whom consumers can contact, in the event they have issue with a company. CFPB 

will help the consumer to get a response from that company. Their objective is to offer 

information for consumers based on which consumers can then make well informed decisions on 

those financial products and services. (Consumer Financial Protection Bureau, 2012, 76630)   

The data in question is obtained and saved by CFPB themselves which they receive directly from 

the consumers. The complaints are sent via their website, which CFPB sends to the company, and 

they will be part of the communication until the issue is resolved and will take enforcement 

actions, if necessary, for instance sending warning letter or taking an issue to court.   

Dataset is updated daily since the end of 2011, and a complaint is added to the dataset two weeks 

after complaint has been sent to the company, and during this two week period companies have 

time to respond to the complaint. Complaints are then published in the database, but if the 

customer relationship between the customer who sent the complaint and the company which is 

the target of the complaint cannot be verified the complaint will not be published in the database. 

The dataset includes 18 variables (Appendix 1), though this study is focused on the one which has 

the consumer’s description of the issue since the objective is identify and classify the sentiment 

behind the description. In the context of sentiment analysis, we will be considering negative 

complaints which are written in impolite and rude manner. The positive complaints are the 

opposite of that, furthermore where the used language is polite and constructive. The neutral 

complaints are those which are not clearly neither polite nor impolite. 
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Currently, the original dataset has in total data from 2011 to 2021 for which there are over 2 

million records, but since in text analytics the data is highly dimensional and it requires a lot of 

computation power to process that, it was decided by the author to reduce the number of 

complaints to be included.  Therefore, due to the size dataset it was decided to include 

complaints only from last full calendar year, which in this case is year 2020. This reduced the 

number of complaints to approximately 174 000 and made processing of data more manageable. 

This choice obviously limits the generalizability of the results, and we cannot say that the results 

would be same or similar if used with data that is from another year or includes multiple years. 

6.2 Preprocessing 

As in other data mining projects, also in sentiment analysis cleaning and normalizing of data plays 

an important part in obtaining a system that gives good results. Therefore, the first part after data 

has been obtained is the normalization, before proceeding any further into the sentiment 

analysis.  

 

Figure 3: Phases of preprocessing  

Firstly, before going into more complex normalizations, it was observed that the text included line 

breaks and empty lines which make the field messy and computationally complex to deal with 

since not every field had the same line breaks, therefore those were removed in order to have 

same structure for every complaint. Another important aspect is that the words need to be 

represented in a manner that computer can process them. Therefore, the data needs to be 

tokenized, where each word is one token.   
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Then, there tends to be in words used in English language that have characters which are 

accented like é which usually occur with loan words for example “café , and those cannot be used 

in natural language processing as such. Therefore, those need to be transformed into normal 

English language. When it comes to informal texts it is common that words are shortened, also 

known as the contractions which are common in negation words for instance “don’t”. These will 

especially create issues further down the road when handling the data, because those will 

increase the number of features, and that is why those need to be dealt with. 

Words can appear in many different forms, so in order to reduce the complexity, those different 

forms of same word need to be transformed into same basic form. There are two common 

methods to achieve this, either by stemming or lemmatizing. Stemming is the more crude and less 

sophisticated method of the two, and the basic idea behind is to obtain the basic form of a word 

(stem), by stripping the prefixes and suffixes. This is also the issue of stemming since it is highly 

prone to create words which are not correct because not every word follows this simple rule. In 

the case of SA this is really important since it may transform a word that expresses sentiment to 

such that it is no longer recognized as a sentiment word. Whereas in lemmatization the basic idea 

in obtaining the basic form (lemma) is similar to stemming, but it is more complex as it transforms 

the word into a lemma only if it can be found from a dictionary. Obviously, this overcomes the 

issue of transforming words into incorrect ones, but on the flip side it is computationally more 

demanding. (Sarkar, 2019) Moreover, due to the volume of data and computational limitations 

we will use the stemming, more specifically Porter’s stemmer algorithm which is one of the most 

commonly used stemming algorithms used in text analytics (Chaithra, 2019, 4452-4456; Lin, He, 

2009, 379). 

Another additional method how the noise is reduced in the data are converting all words in 

lowercases instead of having both types in which case there would be multiple values for same 

word. Written text also includes words that occur very frequently and have little to no importance 

like “a”, “have”, and “that”. These are known as the stop words, which are removed to further 

clean the data. 

As the data is from financial domain it contains numbers, and those are about individual 

consumer issues there are parts of texts which are depersonalized.  These add unwanted noise to 

the data since they do not offer information regarding the sentiment, so those are eliminated by 

excluding numerical digits. In addition, all the punctuation and special characters like ‘!’, and ‘?’ 

are removed. CFPB depersonalizes the data by replacing sensitive information like dates, names 
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etc. with X’s, and these do not provide information about the sentiment of a complaint which is 

why those are also removed.  

In the area of sentiment analysis, a word may have positive or negative meaning depending on 

the context for instance in “Team’s offensive play was really good last night” the word “offensive” 

in this case has positive connotation , while in “Your words were really offensive” it is the 

opposite. In order to capture this the words are tagged with POS tag, which means categorizing 

the words within the corpus. In our case once the POS tags are obtained, the algorithm looks for 

the set of possible synonyms (synset) from a dictionary based on the given word and POS tag. Full 

script for preprocessing phase can be seen at Appendix 4. The script is built from individual 

functions which are then combined into create complete preprocessing function where the entire 

corpus consisting of the complaints can be inserted.  Firstly, it looks for a depersonalized 

character, a newline, or accented character and if it finds any it removes them. Then it proceeds 

to expanding contractions if document has any, after which the tokens are stemmed. There has 

been included a possibility for lemmatization within the script, which can be used instead of 

stemming if needed. Then it eliminates where special characters, redundant whitespace, and stop 

words if found. Lastly, it transforms all capital letters into lower cases before returning the 

processed corpus. 

6.3 Sentiment detection 

After all the preprocessing steps, the next course of action is to assign labels to each complaint by 

using SentiWordNet lexicon. Though it can be seen from results in the literature that those studies 

which created their own lexicon outperformed those studies that used lexicons which were made 

by other than the author of a paper. Using SentiWordNet as a sentiment lexicon has been shown 

to yield decent results, and it is rather common in the literature ( Sonawane, Kulkarni, 2017; 

Bhoir, Kolte, 2016; Jurek et al., 2015; Musto et al., 2014). SentiWordNet was created by Esuli & 

Sebastiani (2006) to have a resource for research purposes which can be used without a cost. It 

extends the lexical database called WordNet to include sentiment labels for the words in the 

database. However, before proceeding to the sentiment detection the dataset includes 

information that is not informative and has documents which do not express opinion. Such 

complaints can be for example those which only include a couple of words, which also makes it 

difficult or even impossible to understand. Therefore, we will include only documents that have 

adjectives. This is done because there are a lot of shorter complaints that do not express opinion, 

with this action we will get rid of the most obvious non-opinionated complaints. 



 

44 
 

Now that that the opinionated documents are extracted, the next step in this phase is to assign 

the labels to documents. The algorithm used here, takes in the document which is tokenized and 

POS-tagged. Then, it looks every token in the given document and corresponding POS-tag. 

Technically speaking, the algorithm goes through the document and looks if a token is found from 

sentiment lexicon, and if the token is found in the lexicon it gets assigned a polarity score which 

has been determined by the creators of the lexicon. It does this for every token in the document, 

and if it does not find a match it disregards that token. Once the scores for every possible token in 

document are obtained, the algorithm aggregates by summing up all the scores of individual 

tokens of a document in order to get the overall sentiment for the document. In our case we will 

use sentiment lexicon called SentiWordNet (SWN), since it is widely used in the literature and it 

has yielded decent results in those papers (Sonawane, Kulkarni, 2017; Rajeswari et al., 2020; 

Aldayel, Azmi, 2016; Jurek et al., 2015; Musto et al., 2014). The script used for the lexicon 

approach part is included in Appendix 5. It can be seen in there that firstly the script transforms 

the inserted complaint into tokens and assigns POS-tag. Then it looks token’s POS-tag and obtains 

the score from a corresponding word list from SentiWordNet, and it does this for every token in a 

complaint and gives total positive and negative scores for the whole complaint. Once the total 

scores for both are obtained the script normalizes scores based on the number of tokens if the 

final score is non-zero. Finally, the labels are assigned based on the sign of normalized score, thus 

if it is positive the label will be positive and vice versa. 

6.4 Feature extraction  

Before the machine learning classifier can be trained, features need to be engineered because 

text as such cannot be used as the input as the algorithms do not recognize it. Most commonly in 

text classification this is done by transforming each document into a numeric vector where each 

value is based on a word/term (feature). The typical approach to feature engineering in this kind 

of cases is bag of words approach where usually feature is assigned value based on its occurrence, 

frequency, or weighting (Sarkar, 2019, 208). The term frequency approach for representing the 

data would be too simplistic, since each word is assigned a value based on frequency in a 

document. Not only is there a high possibility of it suppressing important features, but also since 

the corpus is enormous, the feature matrix would be sparse which increases the dimensionality of 

input data. Due to those reasons term frequency – inverse document frequency will be used as 

the method for extracting the features. With this method common words that occur often in 

different complaints are penalized, so in the event that there occurs a same word in complaints 
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which belong to same class, this would be dominating feature as the classifier would always 

classify a complaint to that class if the word occurred in the complaint. (Sarkar, 2019, 211-213) 

TF-IDF considers both the terms occurrence in a document and term occurrence in entire corpus. 

It is computed by multiplying the term frequency and inverse document frequency. Where TF is 

the frequency of a term in a document which can be weighted differently, and IDF the is inverse 

of term’s document frequency which can be represented as:  

 
𝐼𝐷𝐹(𝑤, 𝐷) = 1 + 𝑙𝑜𝑔

𝑁

1 + 𝑑𝑓(𝑤)
 

 

(1) 

The N is the total number of complaints, and df is the document frequency. Thus, df(w) is number 

of complaints that include the word w. (Sarkar, 2019, 212) 

In addition to representing data in numerical form, another important aspect is including only 

those words which have significant impact on determining the sentiment, since it is common to 

have large amounts of data and using every single bit of it would computationally demanding, and 

it will make the generalization of the model easier (Dash, Liu, 1997, 131-132). There already has 

been some feature selection that has occurred in previous phases like stemming, removing the 

stop words and punctuation. The feature selection in the case of text data is important since 

number features can grow into enormous sizes, for instance with this paper if there would not be 

any additional feature selection besides those actions done earlier, there would be over 40 000 

input features for classification algorithms. Thus, having fewer features will decrease the 

dimensionality, which will improve the performance of the classifier for instance increasing 

accuracy as noisy non-informative features are removed, time needed for training classification 

algorithm is decreased, and it will lessen the possibility of overfitting. (Aggarwal, Zhai, 2012a, 3-4; 

Dash, Liu, 1997, 131-132) 

In this paper feature selection is done based on the feature importance and selecting those 

features which importance was higher than given threshold, more specifically in Random Forest 

(RF) framework, since it can be used to reduce dimensionality and improve accuracy (Rogers, 

Gunn, 2006, 173-174). This random forest framework was first presented by Breiman (2001), and 

the idea behind it is to build a lot of decision trees which use random number of input records and 

features, and then the split in the nodes is determined based on information gain. Then those 

features which importance is above a threshold are selected to be kept for later algorithm 

training. 
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Lastly, the data will be split into three different datasets. Firstly, random sample for the 

annotation task will be selected, which size is 80 complaints, and it will be manually annotated by 

humans since the original dataset did not have class labels in it, but more about the annotation 

and its details in the 6.6 subsection. The remainder of data will be used to train machine learning 

classifiers by randomly splitting it into five equal size portions out of which 80% will be used to 

train classifier, and the 20% will be used for testing the classifier. This method is also known as k-

fold cross-validation, 5-fold to be exact in this case. The data points which will be used for training 

and testing will not be the same across the portions as the split is random for each fold. So, in the 

context of this paper we will train each classifier with five different training and testing sets. Thus, 

performance of 5 models is obtained which are then aggregated by computing arithmetic average 

to be able to present results.  

6.5 Sentiment classification 

Classification is a data mining task which intends to detect patterns from a labeled data in order 

to be able to predict classes of new instances given in the future (Herrera, Charte et al., 2016). In 

sentiment classification task where hybrid approach is used, the framework is to build a classifier 

model by using the text data that has been labeled by the method in lexicon approach, and then it 

classifies the sentiment of new unseen instance based on the given text.  

Thus, to put this in the context of this research, the goal of the system is that when given a new 

complaint that model has never seen before, it will perform multiclass classification based on the 

complaint. Here the three different classifier algorithms are built in order to find out the best 

performing one, namely Support Vector Machine, Naïve Bayes, and Decision Tree. It was decided 

to use different algorithms to be able to compare them and select the best performing one, as the 

algorithms do not necessarily yield same or similar results. These algorithms are selected as those 

found to be the most used ones and seemed to be the best performing ones in text classification 

literature (Neethu & Rajasree, 2013; Ramasamy et al., 2021; Greaves et al., 2013; Boiy & Moens, 

2009; da Silva et al. 2014). Most likely one of the biggest reasons why these classifiers perform 

best on text classification tasks due to their robustness to deal with higher dimensional data. The 

detailed script how this was constructed can be found from Appendix 6. In the beginning, the 

variable is created for the 5-fold validation in order to make script clearer, since the variable can 

be used instead writing the longer piece of code. Then, for each classifier a loop is built and run 

separately. When the script is run it firstly obtains indices of training and testing sets for each fold. 

The loop goes through each fold, and it obtains input features and target variables for training 

and test sets based on the indices. Then the script transforms the input features into machine 



 

47 
 

learning readable format with TFIDF vectorizer. Then the classifiers are fitted with training data 

and scores are obtained for  both testing and annotated dataset.  

Each of the classifiers are discussed more in the following subsection. 

6.5.1 Naive Bayes algorithm 

Naïve Bayes (NB) algorithms which belong to probabilistic classifiers are commonly used in the 

text classification literature. The basic idea is to compute the probability of case belonging to a 

class, and then assigning it to a class with the highest probability (Keith, Fuentes et al., 2017, 1-

10; Rajeswari, Mahalakshmi et al., 2020, 200-205; Chaithra, 2019, 4452-4459). It is based on 

Bayes Theorem which is defined as (Lewis, 1998): 

 
𝑃(𝐴|𝐵) =

𝑃(𝐵|𝐴)𝑃(𝐴)

𝑃(𝐵)
 

 

(1) 

 

Where the 𝑃(𝐴|𝐵) is the probability of event A happening when event B has happened, and 

𝑃(𝐵|𝐴) is the opposite which means the probability of event B when even A has happened. 

Then 𝑃(𝐴) and 𝑃(𝐵) are the probabilities of the event individually. Based on the equation (1) 

above, the theorem can be applied for estimating the probability of complaint belonging to a 

class in our case in a following manner:  

 𝑃(𝑐|𝐹) = 𝑃(𝐹1|𝑐) × … × 𝑃(𝐹𝑛|𝑐) × 𝑃(𝑐) 

 

(2) 

 

Where F is the feature vector, and c is the class (negative, neutral, positive). So, the posterior 

probability of class c for given a feature vector is calculated by multiplying likelihood of given 

feature belonging to given class, with the probability of the given class. Probabilities for the 

feature vector are obtained by considering the term count in the class s. Probabilities for 

individual class is obtained by considering its share out of all the classes. This is done for 

every complaint, for each of the three classes, and then the given complaint is assigned to 

class with the highest probability (Lewis, 1998). 

6.5.2 Decision Tree 

The second classifier algorithm will be decision tree algorithm (DT). It is widely used technique 

for classification, but it can also be used for regression. It is a multistage approach which splits 

the data space into portions recursively until these portions include records of mostly one 

class. Practically speaking, DT begins from a root node which is split into two or more children 

nodes based on a value of a feature that maximizes the homogeneity of a class in the nodes, 
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which is also known as the purity. Once the threshold which maximizes purity in the first child 

nodes has been found, the algorithm continues to split the data hierarchically until nodes fulfill 

specified threshold or condition. The model consists of decision nodes and leaf nodes, where 

decision node includes condition that splits the data, and leaf node is the one which assigns 

the class based on the previous decision node. Example of simplified decision tree can be seen 

in figure 3. (Quinlan, 1986, 81-83) 

 

Figure 4: Example of decision tree structure (Inspired by Quinlan, J.R. 1986) 

Reasons for the popularity of DT are that it works well with large datasets, it is intuitive, and it 

can be conveniently presented in tree like form which makes is it easy to understand even for 

people not familiar with machine learning and its concepts. 
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6.5.3 Support Vector Machine algorithm 

The third classifier algorithm to be used is  the Support Vector Machine (SVM) algorithm. The 

idea behind SVM is to find out the best function for hyperplane that separates the classes of 

given data.  It is done by looking at the classes in question and fitting a function that maximizes 

the margin between the classes, that function will be the decision boundary. (Aggarwal, Zhai, 

2012b, 194-195) 

 

Figure 5: Representation of linear SVM (Inspired by Aggarwal & Zhai 2012b) 

SVM can be used with different kind of data, so it can model both linear and non-linear data. 

Example of linear SVM is presented in figure 5 above, for illustration purposes it is presented in 

two-dimensional feature space with two classes. The instances are mapped based on feature 1 

and 2, then SVM searches for the optimal hyperplane (solid blue line) which maximizes the 

margin (orange line) between support vectors (dashed blue lines). The idea remains the same 

when using it as non-linear classifier, but the optimal hyperplane in those cases is not a 

straight line, and the underlying function is not linear.  

Reason why SVM is commonly used in text classification tasks is because it performs well with 

high dimensional data. Since it determines the best discriminant function in the feature space 

by considering different combination of features. This makes it especially useful for text data 

since the it is high dimensional by nature, papers by Vijayan et al. (2017) and Aggarwal & Zhai 

(2012b) support this statement, that being said there is a clear downfall and that is the 

requirement of computational power. When it comes to SVM, as mentioned earlier it is 

possible to use it to classify nonlinear data by determining correct hyperparameters, however 

in text categorization the linear kernel is the most common probably due to the reason that it 

is the simplest one, and its ability to deal with high dimensional data and yield good results 
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(Boiy, Moens, 2009,7; Ramasamy, Kadry et al., 2021,2277-2278; Neethu, Rajasree, 2013, 4; 

Aggarwal, Zhai, 2012b, 194-195). 

6.6 Annotation 

The classification models which have been built with data that has been labeled by using 

unsupervised process like lexicon approach, manual labeling should be done in order to be able to 

validate the results. Reason for this is that otherwise we do not have any ground truth where to 

compare the results, and reliability and validity is difficult to assess. Therefore, it was decided that 

manual annotation of subsample of the data was necessary. Furthermore, as mentioned earlier, 

literature lacks such hybrid sentiment analysis papers which use manually annotated data for 

testing of the model. One could argue that machine learning approach is much more effective in 

the eyes of performance when comparing the results of reviewed papers in table 2 and table 3 

mentioned in section 5, and that is why hybrid approach is unnecessary. However, as mentioned 

before it is common to have data that does not have class labels which are required for the 

supervised algorithms, and also it would  be restricting to consider only one approach when new 

ones could be created or developing existing ones.  

Now the annotation task and process behind it are discussed, as well as some limitations caused 

by the author’s current position. Purpose of the annotation is to provide a data that has been 

labeled by humans, so that the system which is created can be validated because the original data 

does not include them. Also, as this is used for the validation of the system, it needs to be 

illustrated that the annotated data is reliable.  Usually this is done by measuring the accuracy, but 

since there is not pre-annotated data available which could be used as a reference for the 

accuracy measure, instead the performance of annotators can be compared which gives the 

reliability of annotation (Artstein, 2017, 297-298). 

Overall, in the annotation task three different annotators were used to categorize 80 complaints 

either as negative, neutral, or positive. Number of annotators to be used was three, in order to 

reduce the bias which is caused by the individual factors of annotators (Artstein, Poesio, 2005, 

139; Artstein, Poesio, 2008, 555). Annotators were instructed to carefully read the given 

complaints and then classify such complaints as ‘negative’ if the underlying tone is negative. 

Those complaints which did not have clear sentiment or had mixed sentiment which had both 

negative and positive feelings were instructed to label as neutral. In the case the complaint 

expressed positive sentiment at some level, or it was polite, complaint was instructed to be 

labelled as ‘positive’. After annotation, the final sentiment will be aggregated based on the labels 
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given by the annotators. In the event of contradicting labels, the complaint was assigned a label 

based on majority voting, or if all three labels were different the complaint were not used in the 

validation of the model as the label could not be reliably determined. Therefore, having multiple 

annotators in the event that there is complaint which is difficult to interpret is highly beneficial. In 

table 4 below you will see example complaint for each sentiment class that were given in the 

annotator instructions. The annotated data is then used to evaluate the performance of the 

model by calculating the overall error rate. 

 

Table 4: Example for each sentiment label given to annotators. 

Negative Neutral Positive 

MoneyLion will not allow 

me to transfer XXXX dollars 

to my XXXX because they 

have XXXX extra balance 

requirement which is 

wrong! 

I dont know the exact dates 

amounts were paid and I would 

have to get the information from 

the company but the last amount 

I paid was maybe {$500.00} some 

or so. 

Good afternoon, I am requesting 

clear legible copies of all checks 

payable to XXXX XXXX XXXX from 

XXXX XXXX, 2019 - XXXX XXXX, 2019. 

Preferably scanned and hard copies. 

Thank you 

 

There are aspects that need to be taken into consideration when conducting data annotation in 

order for it to be useful for evaluation purposes. Firstly, as with any research, the data collection 

is important part in order to avoid errors and bias. It is done to make sure that the data is 

representative of the population. Thus, random -and systematic errors need to be considered, 

though it is difficult to counter systematic error, the remedy for the random error is having large 

enough sample (Lee, Lee et al., 2013, 18-20).  Therefore, when having large sample with 

properties of simple random sampling where each record has an equal chance to be included in 

the sample without replacement will yield us rather good estimate of the dataset. (McEvoy, 2018, 

12-13) However, it has to be stated that the size of the annotation dataset in this study is small 

because of the author had limited time to complete the thesis and monetary investment was not 

possible, therefore there is a chance that it is not good representation of the population.  

The second factor to consider is selection of annotators to be used in the annotation task. In order 

to obtain reliable data, it is important that the persons used in the project are the experts of that 

field which the data is from, so in the case of this thesis the annotators should experts in financial 

domain and also in customer service. There are several issues which to consider which depend on 
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the type of annotation task but let us focus on sentiment annotation. First of all, the annotators 

should have the same native language as the data. This is because native speaker will more 

reliably classify the instances compared to someone for whom the language is second language. 

Also, those who are selected for doing the annotation should also be knowledgeable about the 

subject, in other words they should be experts through experience. By being experts on the 

subject, the content of the text is easily understood, and annotator can focus on the subtleties of 

the text. (Tseng, Stent & Maida, 2020) 

Lastly, as humans are individuals it will make annotations differ from one another, and this needs 

to be taken into an account. This is supported by Artstein (2017, 298) in which it is stated that 

there is variation in how annotators perform. Therefore, we evaluate the consistency of the 

annotators which will be measured through the reliability of the annotations by assuming that 

data is considered to be reliable if annotators agree on the labels of instances. In order to 

concretize its performance, free-marginal multirater kappa will be calculated which is suggested 

by Randolph (2005). It is based on a Fleiss’s Kappa (1971) which extends Cohen’s Kappa (1960) for 

more than two annotators, but unlike Fleiss, Randolph (2005) suggests it to be used when the 

number of instances in each class is unknown for the annotators, he supports this argument by 

citing Brennan and Prediger (1981) who suggests that free-marginal kappa should be used when 

the total number of instances for the categories are not determined. The equation for obtaining 

the Kappa is defined as: 

 
𝜅 =

𝑃𝑜 − 𝑃𝑒

1 − 𝑃𝑒
 

 

(3) 

Where 𝑃𝑜 is obtained by first calculating the portion of cases where all of the annotators agree on 

out of all the labeled complaints for every case, and then taking the average of every complaint. 

This is computed the same way for both free -and fixed marginal multirater kappa. The difference 

comes, when the disturbance term, 𝑃𝑒 is calculated. In the fixed marginal, the number of 

instances in each class are considered, but with free marginal kappa each class is equally likely to 

occur since we do not know the label beforehand. All in all, 𝑃𝑜 − 𝑃𝑒  is the actual degree of 

agreement, and 1 − 𝑃𝑒 degree of agreement in the presence of randomness. When it comes to 

interpreting the kappa value, there are several interpretations given in the literature related to 

kappa, though there seems to be some sort of agreement that 0.8 or higher Kappa value is 

considered to be the desirable threshold (Cohen, 1960, 41-45; Landis & Koch, 1977, 165; Green 
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1997, 5). Landis & Koch (1977) offers an extended interpretation for different Kappa values. 

Moreover, it is a six point scale at for interpreting Kappa values, and it is as following: 

Table 5: Interpretation of Kappa (Landis & Koch, 1977) 

Kappa Strength of Agreement 

< 0.00 Poor 

0.00 – 0.20 Slight 

0.21 – 0.40 Fair 

0.41 – 0.60 Moderate 

0.61 – 0.80 Substantial 

0.81 – 1.00 Almost perfect 

 

6.7 Evaluation 

Evaluating the model is important part as it gives information on the performance of the system, 

and furthermore it gives the basis for decision making whether the created system is good 

enough and which model to choose from. There are two common ways for evaluating the model, 

one is the holdout method where you train the model with most of the data, tune the model 

parameters with validation data, and lastly test the performance with a data the model has not 

seen. The second option is cross-validation and its variations, where the basic idea is that dataset 

is split into predetermined number of subsets, then iterative process follows where model is 

trained with every subset except one which is left out for validation, and this is repeated until 

every subset has been used as the validation data for the model (Witten, Frank et al., 2011, 152-

153). Also, when it comes to reporting the performance, in the literature the papers which deal 

with sentiment analysis and text classification the most common method for evaluating the 

performance of a system is to report confusion matrix in some form where one can see the 

proportion of correctly and incorrectly classified instances. It is also to very common to report 

metrics which can be derived through the confusion matrix like precision, recall, and accuracy. 
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As mentioned before in this thesis we will be using 5-fold cross-validation for evaluating the 

model, which among other things minimizes the risk of having significantly different training and 

testing datasets. The dataset that will be used for the cross-validation does not include those 80 

complaints which are annotated by humans, so that we will have reliable results when comparing 

the performance. It will happen by randomly splitting the data into five equal size portions out of 

which 80% will be used to train a classifier, and 20% will be used for testing the classifier. The use 

of this method will give five models for each classifier, and to be able clearly present the results 

we will compute arithmetic average for all of the five folds.  
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7 Results 

Let us now go through the results. This section will be divided into four subsections which are based 

on the phases of the system. Thus, firstly initial descriptive results after preprocessing will be 

presented, where it is highlighted how the actions taken impact the data. The next part will entail the 

details from the sentiment detection of the data, and it will show how the system labels the 

validation data and testing data. The third section presents the results of how well the annotators 

agreed on the labels by showing the annotator agreement rates and computing the Fleiss’s kappa. 

While the second to last section will have the results of the sentiment classification which are 

presented by reporting the performance of classifier on the validation data set for each of the three 

classifier algorithms used. In the last section all these results are put together, which allows the 

evaluation of the performance of the sentiment analysis system.  

7.1 Data collection and processing 

Table 6 depicts the change in the size of the dataset after each phase. When data was extracted 

through CFPB, the database had 2 058 425 data points which has been growing for almost 10 

years. Though during the first years of operation CFPB did not report complete information, 

moreover the actual customer complaint was not included. Thus, the aforementioned amount 

included 703 413 data points that had a non-empty complaint message field. Further investigation 

showed that before 2015 the message was not recorded into the database, and in 2015 the data 

points began to have the complaint messages.  

As mentioned in the methodology section, due computational limitations it was decided to focus 

on the most recent complete calendar year’s data, which in this case is 2020. In total there were 

444 380 data points in 2020, and out of them 174 339 were non-empty, in other words those that 

were valid to be used in the sentiment analysis system. Then outlier removal based on the word 

count of complaints was performed by using interquartile range method. Here it meant those 

data points which had more than 462 words in the complaint were removed. This number is 

based on the third quartile value which is computed by multiplying 1,5 with interquartile range 

which is then subtracted from upper quartile’s value. Outliers were decided to be removed since 

it would lower the dimensionality, and disregard long complaints which sentiments are difficult to 

detect because the length in those cases will be over three quarters of a page. After outliers and 

non-empty fields were removed the dataset had 161 529 data points. Lastly, final reduction to 

data was made after preprocessing where those complaints were removed which did not include 

adjectives because adjectives can be considered as indication of opinionated text (Liu, 2012), this 
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also enables us to get rid of those extremely short complaints that have only a couple of words in 

them, and sentiment cannot be derived from those. This brought the final total number data 

points to be 149 067, which are used in the sentiment analysis system, and the average length of 

those complaints is 143 words.  

Table 6: Complaint counts 

Complaint count  

Complaints (in total)        2 058 425  

Complaints in year 2020           444 380  

Complaints after initial cleansing          161 529  

Complaints to be used in the system           149 067  

 

In figure 6 below it is demonstrated how these aforementioned actions impacted the distribution 

of the complaints based on their length. As it can be seen in the first graph on the right that the 

raw data had some instances which were rather long, while the vast majority of instances had 

clearly less than 1000 words in them. The second graph on the right illustrates how the 

aforementioned actions impacted, and as it can be seen distribution is more condensed, though 

there is some skewness, but it is expected with real life data. 

 

 

Figure 6: Distribution of complaint length 
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After all the preprocessing steps, table 7 below presents an example how it transforms a given 

complaint. As you can see numbers and non-words are removed, capital letters are transformed to 

lower cases, and stop words are moved, but transformation into root form is not perfect which is 

caused by the use of a stemming algorithm. This due to the fact that stemming algorithms are rather 

simplistic as those assume that root form can be obtained always by removing suffixes and prefixes, 

which is not the case every time while with lemmatization algorithm finds real word by using 

dictionary.   

Table 7: Example of preprocessed complaint 

Raw complaint Normalized and POS tagged complaint Score 

I pulled my credit to myself for the first 

time in 2 years and I have derogatory 

items that are not mine including two 

bankruptcies. These accounts are 

fraudulent and need to be deleted. Please 

remove these unknown accounts from 

my name. XXXX XXXX {$400.00} XXXX 

XXXX XXXX {$2200.00} XXXX   XXXX 

{$630.00} XXXX  XXXX {$2600.00} XXXX   

XXXX  XXXX $ XXXX XXXX XXXX  XXXX 

{$1000.00} 

('pull', 'VB'),"('credit', 'NN')","('first', 

'JJ')","('time', 'NN')","('year', 

'NN')","('derogatori', 'NN')","('item', 

'NN')","('not', 'RB')","('mine', 'NN')","('includ', 

'VBD')","('two', 'CD')","('bankruptcies', 

'NNS')","('account', 'VBP')","('fraudul', 

'NN')","('need', 'MD')","('deleted', 

'VBN')","('pleas', 'NNS')","('remov', 

'NN')","('unknown', 'JJ')","('account', 

'NN')","('name', 'NN')" 

 

 

 

 

 

-0.07 

 

7.2 Labeling by lexicon-based approach 

The idea behind this process is to label data by using SentiWordNet, where each individual token 

of complaints with their POS-tag are taken, and each token’s set of synonyms are searched from 

WordNet and then that synonym set is matched with positive and negative sentiment value from 

SentiWordNet. Then negative and positive values are calculated for every complaint, and each 

gets positive and negative scores, and by combining the scores the overall sentiment is obtained. 

The overall sentiment of complaint is assigned to be positive if the total positive score is higher 

than total negative score, and it is determined to be negative if the total positive score is lower 

than the total negative score, and in the case total positive and negative scores are equal the 

sentiment will be neutral. In total 148 987 complaints were labeled by using the lexicon approach, 

which was also the number of complaints to be used for training the classifiers. Majority of the 
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instances were labeled as negative with 100 719 cases, which accounts for nearly 68% of the data. 

Number of complaints labeled as neutral were 14 429 which accounts for almost 23%. Then, the 

remaining 33 839 complaints were labeled as positive which portion of the data is close to 10%. 

The dataset, which was annotated by humans follows similar pattern, where most of the 

instances were labeled as negative which accounted for 66% of complaints, whilst the number of 

neutral and positive instances were significantly lower since those two labels had 34% of the 

labels. Table 8 shows the label counts done by the lexicon approach, and by human annotation. 

Figure 7 presents the numbers mentioned in table 8 graphically in order to provided further 

illustration.  

Table 8: Complaint counts per class. 

Labeled by lexicon  Negative Neutral Positive 

Count 100 719 14 429 33 839 

Percentage 67.60% 22.71% 9.68% 

Labeled by human Negative Neutral Positive 

Count 48 23 2 

Percentage 65.75% 31.51% 2.74% 

 

When comparing the two datasets by looking at the figure 7, it can be seen that the portion of 

negative labels is approximately equal between the two datasets. Human annotators were more 

inclined to give neutral label for a non-negative complaint, while the lexicon approach labeled 

larger portion of instances as positive.  

There is discrepancy in neutral and positive classes between the datasets as lexicon approach 

labels complaints more often to be positive, whilst humans tend to label more as neutral. More 

specifically, the system labels 23% as neutral, and 10% as positive, but humans label them 

differently as 32% are neutral and only 3% are positive. 
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        Figure 7: Label distribution of the datasets 

7.3 Manual annotation 

As one of this paper’s contribution is the use of data labeled by experts to validate the sentiment 

analysis model. As mentioned earlier, the labels by three annotators were aggregated into single 

label by rule of majority, so when at least two annotators gave same sentiment to an instance, 

that was the final sentiment for that instance. Table 9 shows the agreement rates at different 

levels, so that full picture of the annotation result itself can be given. Those levels are unanimous, 

majority, and disagreement, respectively. In unanimous level all the annotators had to agree on 

the sentiment. At majority level two thirds of the annotators agreed on the sentiment. At 

disagreement none of the annotators agreed on the sentiment. All of the annotators had assigned 

same label to 35% of the cases, and in most of the cases (56% ) the label was assigned based on 

the fact that two annotators agreed. Then in 9% of the cases there were complete disagreement, 

which were then disregarded from the dataset and were not used in the rest of the analysis. 

Obviously, this is not optimal since it decreases the size of already small sample even more but 

including those complaints would reduce the reliability of the data if author would have assigned 

those labels. Therefore, out of the 80 annotated complaints it was decided that 73 complaints will 

be used for validating sentiment analysis system. 

 

 

 



 

60 
 

       Table 9: Annotator agreement rates 

Agreement level Count Percentage 

Unanimous 28 35.00% 

Majority 45 56.25% 

Disagreement 7 8.75% 

 

Further analysis on the labels (table 10) shows that there were eight different label combinations 

made by the annotators. Interestingly, when looking at the unanimous level none of them were 

on the positive class, so when the annotators agreed completely the sentiment was either 

negative or neutral. In other words, neither one of the two positively labeled complaints in the 

dataset were unanimously agreed, but only two annotators agreed on, and the third annotator 

had labeled them as neutral. There were also some complaints where the labels were 

contradicting, for instance there where those that two annotators labeled as negative and the 

third one labeled as positive. All in all, these alongside the fact that annotators agreed mostly on 

majority level suggest that annotators have interpreted the labels differently, which can be 

caused by individual factors of annotators like level of fatigue at the time of labeling, or the 

guidelines were not thorough enough which would have given clear rules for labeling, so the 

annotators would have understood the labels similarly. 

Table 10: All label combinations of annotators 

Labels (agreement level) Count 

NEG-NEG-NEG (Unanimous) 24 

NEUT-NEUT-NEUT (Unanimous) 4 

NEG-NEG-POS (Majority) 9 

NEG-NEG-NEUT (Majority) 15 

NEG-NEUT-NEUT (Majority) 11 

NEUT-POS-POS (Majority) 2 

NEUT-NEUT-POS (Majority) 8 

NEG-NEUT-POS (Disagreement) 7 

 

In order to be able to calculate the kappa of the annotator agreement by using the equation 3 

mentioned in section 6.6, it is necessary to compute individual values for the complaints. So, first 
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of all, the degree which annotators agree is computed for every complaint. Equation 4 introduced 

by Fleiss (1971, 378-382) below shows a formula for computing the agreement for complaints. 

Where the n is the total number of complaints, and cij is the number of annotators who assigned 

the complaint i to class j:  

 

𝑃𝑖 =
1

𝑛 × (𝑛 − 1)
× (∑ 𝑐𝑖𝑗

2

𝑘

𝑗=1

−  𝑛) 

 (4) 

 

Once this value is calculated for every complaint, then with arithmetic mean, value for 𝑃𝑜 will be 

obtained. Then, unlike fixed-marginal kappa, where the total number of each class matters, in 

free-marginal kappa the disturbance term is calculated by simply considering the random effect as 

a complaint having equal probability for belonging to any of the classes, thus one divided by the 

number of classes (Randolph, 2005). In table 11 below is illustrated the shortened version of the 

full data table which has labels for total of 80 complaints made by three annotators per 

complaint, in order to give an example how the calculations are made (complete table in appendix 

2).  

Table 11: Example for Kappa calculation 

Complaint Negative Neutral Positive 𝑷𝑖  

1 2 0 1 0.333 

2 3 0 0 1 

. 

. 

. 

. 

. 

. 

. 

. 

. 

80 3 0 0 1 

Total 138 74 28  

 

For example 𝑷1 is obtained by with a following formula ((22 + 02 + 12) − 3)/(3 × 2) and the rest 

will be done similarly. Then all of those values for individual complaint are then aggregated by 

arithmetic mean to obtain 𝑃𝑜value. Then accounting for the randomness, 𝑃𝑒 is the equal 

probability of complaint belonging any of the tree classes by chance. Thus, the total average of 

agreement rate is 0.5375, and 𝑃𝑒 =
1

3
= 0.33. Therefore, the reliability of the annotations, the 

kappa is: 
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𝜅 =

𝑃𝑜 − 𝑃𝑒

1 − 𝑃𝑒
→

0.5375 − 0.33

1 − 0.33
= 0.31 

 

(5) 

 

There are several different interpretation scales for kappa value, though based on Cohen (1960, 

41-45), Landis & Koch (1977, 165), and Green (1997, 5) it can be observed that agreement can 

determined to be at good level when Kappa is 0.8 or higher, this observation is supported by 

statement made by Artstein and Poesio (2008, 591) where they state that if one is forced to set a 

threshold for the kappa value, then it should be 0.8 or above yield since it will make sure that the 

quality of the annotation is reasonable. As calculated in equation 5, the kappa of our annotation 

data is 0.31 which is not close to the 0.8 threshold, and the strength of agreement is only “fair” 

according to Landis & Koch (1977, 165) which is the third lowest scale, and its confidence interval 

is [0.19, 0.42] at 95% confidence level. This supports the analysis of labels in tables 9 and 10 as the 

largest agreement level was majority, and there were clearly less complaints where the 

annotators agreed unanimously. Some reason for this were discussed above, but the best way to 

ensure the annotation process would give detailed and through guidelines which would decrease 

the impact of individual factors and annotators would understand the description of the labels the 

same way.  
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7.4 Classification of complaints 

The results of the classification results are presented in a following manner. At first, each classifier 

will be looked at individually and its predictions are compared to the annotated labels. Then, the 

results of each classifier are combined by taking the simple average of all the classifiers which 

were created by 5-fold cross-validation, and final error rates are reported. Before going any 

further, it is important to make clear distinctions between the datasets that will be used in order 

to avoid any confusion. We will be discussing about three datasets in this section. First one is the 

training set which is used for training the classifiers, and it will include 119 190 complaints. The 

second one is the test set which is used to test the trained classifier and obtain performance 

measure, and it will contain 29 797 complaints. The third and last dataset is the validation data 

where there are the 73 complaints annotated by humans, which will be used to evaluate the 

classifiers on a data and comparing the performance between test and validation data. 

Furthermore, as 5-fold cross-validation was used it generated results for five models for each 

classifier, so in order to simplify and present results clearly, we will take the average out of those 

five different results. 

The first classification algorithm used was Naïve Bayes. In table 12 is presented the confusion 

matrix, when running the algorithm on the validation dataset which is randomly sampled data 

which has been annotated by humans. The values in the table are the average calculated from 

each of resulting models created by the five folds. When running the algorithm, we obtain results 

for five models, since we are using 5-fold cross-validation, and to simplify those we take an 

average of them so that we will get one single table for the results, which are shown in table 12. 

As it can be seen, total of 25 out of 73 valid complaints which accounts for about 34%, have been 

labeled differently than what annotators did. It does not recognize the neutral complaints as it 

predicts only one complaint to that category but the two complaints which humans annotated 

positive are recognized. The algorithm classifies majority of the complaints to have negative 

sentiment, while only one is considered to have neutral sentiment, and five complaints have 

positive sentiment. All of the folds classify complaints similarly, and that is why there is zero digits 

after the decimal point. 
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Table 12: Average confusion matrix of Naïve Bayes on the validation dataset 

Naïve Bayes Classifier Predicted 

Negative (average) 

Classifier  Predicted 

Neutral (average) 

 

Classifier  

Predicted Positive 

(average) 

Expert Annotated Negative 46.0 1.0 1.0 

Expert Annotated Neutral 21.0 0.0 2.0 

Expert Annotated Positive 0.0 0.0 2.0 

 

The second classification algorithm is Decision Tree. The performance with annotation data is 

presented in table 13 which shows the average of all the five confusion matrices created by the 

five folds. Decision Tree classifies 31 complaints differently than the annotators, which makes the 

total error rate to be 42%. When looking at neutral prediction, it classifies and recognizes more 

neutral complaints than NB, but it does not recognize as well the positive complaints. Compared 

to Naïve Bayes it detects more positive and neutral sentiments.  

Table 13: Average confusion matrix of Decision Tree on the validation dataset 

Decision Tree Classifier Predicted 

Negative (average) 

Classifier  Predicted 

Neutral (average) 

 

Classifier  Predicted 

Positive (average) 

Expert Annotated Negative 35.6 4 8.4 

Expert Annotated Neutral 13.8 2.8 6.4 

Expert Annotated Positive 1 0 1 

 

The final classifier that was built was Support Vector Machine (SVM). When comparing the 

predicted labels with the annotated labels, the rate of differently classified is increased to 45%, 

which can be seen from table 14 which shows the average confusion matrix of all the five models 

that are created by the five folds.. As it can be seen, 33 complaints were not assigned the same 

label which humans did. Furthermore, it can be seen that SVM classifies same complaints to be 

positive as annotators but at the same it classifies more complaints to have positive sentiment. It 

also does not recognize neutral complaints since it classifies only two as neutral.  
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Table 14: Average confusion matrix of Support Vector Machine on the validation dataset  

Support Vector Machine Classifier Predicted 

Negative (average) 

Classifier  Predicted 

Neutral (average) 

 

Classifier  Predicted 

Positive (average) 

Expert Annotated Negative 38 1.2 8.8 

Expert Annotated Neutral 11.8 0.2 11 

Expert Annotated Positive 0 0 2 

 

Table 15 presents the average error rates for each classifier for both of the datasets. The values 

are the averages taken from the models created by the 5-fold cross-validation. When looking at 

the error rate with validation data, the performance is at very high level. As SVM performs best 

with misclassifying at 12% error rate, followed by DT with 19% error rate, and NB has the highest 

error rate with 27%. Now when the validation data is run through the algorithms, the situation 

has been reversed since now Naïve Bayes has the lowest error rate with 40%, followed by Support 

Vector Machine with 45%, and lastly is Decision Tree with 50% error rate.  

 

Table 15: Average classifier algorithms' error rate 

Classifier error rate Naïve Bayes 

on average 

Decision Tree 

on average 

Support Vector 

Machine on average 

Test data (Labeled by the LBA) 0.27 0.19 0.12 

Validation data (Labeled by experts) 0.4 0.5 0.45 

 

This flip in the performances can be further studied from figure 8, where each classifier’s 

performance with both of the datasets is illustrated. When comparing the performance with 

validation -and annotation dataset, it is clear that out of all the algorithms the Naïve Bayes is the 

most consistent when looking the at the error rates with each dataset. While the difference in 

performance between validation and test data in DT and SVM is more than twice as higher when 

looking at the error rate. 
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Figure 8: Error rates of classifiers 

 

7.5 Performance evaluation of the sentiment analysis  

The lexicon based approach the system which was created to classify in total of 148 987 

complaints, out of which about 68% it labeled as negative, 23% as neutral, and 10% as positive. 

When comparing this to distribution of annotated dataset, the separation between sentiments 

classes is distinct, since annotators determined approximately 66% of the complaints to have 

negative sentiment, while about 32% were considered to have neutral sentiment, and only about 

3% to be positive.  

When looking at the error rates as combined for each dataset, for the test data the average error 

rate is about 20% when all of the classifiers are considered together, and it increases to close to 

45% with the validation dataset. Closer inspection of results show that Naïve Bayes classifies the 

least amount of complaints differently when compared to annotated labels. Moreover, when 

looking at the classifications made by Naïve Bayes and SVM, it can be seen that those classify 

same complaints as positive as human annotators, while Decision Tree classifies the complaints 

more as positive and neutral, but significantly larger portion has negative sentiment. However, 

besides classifying the exact same number of complaints with positive sentiment as annotators, 

Naïve Bayes classifies the rest of the complaints mostly to have negative sentiment. While with 

SVM labels are more spread around, since the SVM determines there are more complaints that 

have positive sentiment than based on annotation. Also, the classifiers do not recognize neutral 

labels well from the annotation data, since only the decision tree is able to detect some, while the 

remaining models do not recognize any.  
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When evaluating the performance of the model, the reliability of annotated dataset must be 

considered as well, which gives an idea how consistently the annotators have rated the given data 

points. It has to be noted that it is not that high. Thus, the interrater reliability, the Kappa for 

annotator agreement for the dataset in question is 0.31 which according to Landis & Koch (1977, 

165 indicates fair agreement. It is not by any means a good level of agreement, as previously 

stated it has been mentioned in the literature that Kappa value of 0.8 and higher can be 

considered to be good. All three annotators agreed on 35% of the cases, and in majority of the 

cases (56%) only two out of the three annotators agreed on. There were 9% of cases which had to 

be disregarded and not to use them in analysis process, as all of the annotators labeled them 

differently and it was not possible reliably and without a bias to determine those. It tells us that 

there can be several factors impacting when detecting the sentiment of a document. First of all, 

the Kappa value of 0.31 tells that there are quite some differences in the labels among the 

annotators. Secondly, it is not easy to determine the underlying sentiment, as the number of 

cases which they all agree on is only 28 out of 80.  

Overall, Naïve Bayes performs the best based on the number complaints labeled similarly as 

annotators because its performance in absolute terms is the best by having 40% error rate, and 

also it also the most consistent. While SVM follows close by with 45% error rate, and the worst 

classifier is DT in terms of error rate with 50%. Though, it needs to be noted that NB mainly 

classifies complaints to have negative sentiment, while only one is classified as having neutral 

sentiment and five which have positive sentiment. Due to the fact that data is imbalanced, it 

makes easy for algorithm to make similar classifications, if all of the data points in the annotated 

dataset would be classified straight as having negative sentiment then the error rate based on the 

annotated labels would 65%, though its preciseness would not be good as it would classify 

positive and neutral sentiments to that class as well. Another factor which most likely contributes 

to the rather low performance of the classifiers is that there is a chance that validation data is 

different than what those have seen during the training phase, so the classifiers do not know how 

to deal with as good as with the test set. Obviously, the aforementioned differences in labeling 

the positive and neutral complaints between humans and lexicon has a big impact.  
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8 Discussion 

Firstly, in this section, the analysis will be summarized, and findings are discussed. Then, limitations 

that this paper faced are highlighted. Thirdly, the theoretical  contributions of this research are 

discussed. Lastly, we will suggest how this research can be extended in the future. 

8.1 Summary and findings 

Actions taken in the beginning of analysis was the task of extracting the complaint data from the 

database of Consumer Financial Protection Bureau, where there were over 2 million recorded 

complaints. Before conducting any further analysis, data required filtering in order to eliminate 

incomplete records, and reduce the size of the dataset into more computationally affordable size. 

Once the dataset was filtered to include data from the latest full calendar year, and incomplete 

records for instance those with missing fields were removed, the data was moved to 

preprocessing phase of the analysis. The first task was to normalize the records based on the 

general structure of the complaint, which meant eliminating unnecessary line breaks, empty lines, 

and outliers. After this, data was normalized based on the complaints text itself, which meant in 

this case to remove non-informative words for instance stop words, sensitive words which were 

classified by the owner of database, and special characters. This also included transformations like 

obtaining basic form of each word, capital letters were changed into lower cases, and 

contractions were expanded. Finally, in order to continue with analysis normalized text was 

tokenized, so that the data could be transformed into numerical matrix. Also, each token was 

tagged with corresponding part-of-speech tag. These actions reduced the number of data to be 

used in the analysis to 149 067. Another factor within the data that can have an impact on the 

performance, it is the fact that it includes complaints from different subtopics and there may be 

differences among those, and it could be worth investigating in further studies. 

In order to further transform data into a form which could be used for building classification 

model, it was needed to reduce the number of features in the dataset by including those of which 

are relevant for the classification of sentiment, so that dimensionality and required computation 

time could be reduced, and accuracy could be improved. The training dataset had 41 422 input 

features in the beginning, which was reduced to 3185 by using a  feature selection framework 

introduced by Breiman (2001), which is based on randomly selecting subsets of data points and 

features, then building a lot of decision trees in order to find out the most relevant features. 

Though in the context of this paper it needs to be noted that one of the shortcomings of random 

forest is that it does not work well with correlated features, because  it means that even if the 
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either one of the correlated features would be important, all of the features’ importance is 

reduced (Gregorutti, Michel et al., 2017, 660).  

Before the complaints were labeled by lexicon approach, 80 complaints were randomly sampled 

from the dataset to be annotated by humans which would be later used for validating the model. 

This was done because to best of our knowledge current literature has not done it, and also such 

method has not been implemented  on a longer text document, since vast majority of in literature 

focuses on social media data which tend to be significantly shorter than complaints due to 

restrictions posed by the service providers. Additionally, the lack of labels required in original data 

required for a method to obtain them, and by using only labels made by the lexicon approach to 

build a sentiment analysis would call into question the results of such analysis. Therefore, it was 

required to establish gold standard for evaluating the model.  

Three annotators were used in the annotation process in order to reduce the variance and 

improve reliability. The data point was assigned a label if at least two thirds of the annotators had 

given the same label for the data point. The consistency of annotators was evaluated with a 

metric called Kappa, which is commonly used for measuring the interrater reliability. In our 

research the Kappa of the annotation is 0.31, which means that there is fair agreement, however 

even though ‘fair’ has positive connotation in the end it is not that good of value. The reason for 

this is that in the literature many agree that the consistency of annotation is considered to be 

good when Kappa is at least 0.8 (Landis, Koch, 1977, 165; Cohen, 1960, 41-45; Green, 1997, 5; 

Artstein, Poesio, 2008, 591). When compared sentiments labeled by the system and human, we 

can see they agree that complaints are negative in nature, but the difference comes in recognizing 

the other two sentiments which decreases the level of agreement. This can be seen in figure 7 

where system is bias towards positive class when ignoring negative, while the labels made by 

annotators have more frequently neutral sentiment.  This can be supported also by looking how 

the system would label the annotated dataset, which is shown in figure 9, and as it can be seen 

lexicon has labeled significantly more as having positive sentiment and annotators do the very 

opposite. However, it needs to be pointed out that the scale of this annotation task is rather small 

as it only includes 80 complaints which are randomly sampled from the data, and also annotators 

cannot be considered as experts. Therefore, results which include the use annotation data should 

read with caution. 
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Figure 9: Comparison of labeling 

The comparison of labeling between labeling methods is investigated more in depth in table 16, 

where the exact count for each possible label combination is given. As it can be seen the highest 

combination where both methods have given negative sentiment to the complaint, which is 

aligned with the assumption that complaints are negative in nature. Now it can be clearly seen 

that there are only few complaints in positive and neutral sentiment where the methods agree 

on. Additionally, it is interesting to see those complaints where experts disagreed, the sentiment 

lexicon labeled them either as negative or neutral and not positive. All those complaints where 

experts disagreed can be seen in appendix 7, it can be seen that complaints 1, 2 and 7 are rather 

short, while the rest are quite long since there is over 100 characters in each of them. Also, 

further inspection of the shorter complaints gives some indication about reasons why there were 

disagreement. In complaint 1 term “please” which is polite, but issue is highlighted with a term 

like “violation” that makes it more negative in nature. On the other hand, in the other two 

complaints the authors are informing rather than complaining, since one refers to previous 

complaints and the second that’s directly that he or she wanted to bring the matter to attention. 

Moreover, this also raises the question whether the three sentiment categories for financial 

complaints are suitable as the performances are rather low not only in annotation but in 

classification as well. So, it might make more sense to use only two sentiment categories instead 

of three, for instance one category which are clearly impolite and negative, and the other has 

those complaints which are not clearly impolite but rather are neutral or polite. 

 

 



 

71 
 

Table 16: Possible label combinations between experts and sentiment lexicon 

Expert – Lexicon  Count 

POS-POS 2 

NEG-NEG 34 

NEG-NEUT 3 

NEG-POS 11 

NEUT-NEG 12 

NEUT-NEUT 3 

NEUT-POS 8 

DIS-NEG 5 

DIS-NEUT 2 

 

Data is labeled by using SentiWordNet (SWN) lexicon which is based on WordNet (WN). In this 

approach, total negative and total positive scores are computed for each complaint based on 

words’ sentiment values.  Then overall sentiment value is determined to be positive if the total 

positive score is the highest, negative if the total negative score is the highest, or neutral if the 

total scores are equal. As expected, vast majority of data points are labeled as negative, and the 

share of positive data points being larger than neutral is not surprising since lexicon based 

approaches using SWN tend to be biased towards positive in those cases. It needs to be noted 

that as this approach determines the sentiment to be neutral when total positive and negative 

score are equal, it makes neutral sentiment to be rarer because the rule for it is much stricter. 

Though there is an argument to be made for this automated labeling method when comparing it 

to annotation process, as it is more consistent since the human element is removed from the 

equation for instance the system does not suffer from fatigue, lack of motivation or inadvertence. 

The results in this approach are low most likely due to the fact that complaints are negative, and 

the lexicon does not understand that all complaints should be negative. 

In order to build the best possible classification model, three classifier algorithms were trained 

(NB, DT and SVM) since the performance of them depends on the type of textual data and those 

are the most commonly used algorithms in the literature. Once the models were built and were 

ready for validation of them models their performance was rather good as the average error rate 

of the classifiers was 18%  and best classifier being SVM with 12% error rate, and this is aligned 

with the assumption that SVM should perform the best according to the literature about the 

subject. However, once validation data was fed into the models, the average error rate increased 
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to 45%, and Naïve Bayes was one which performed the best with an error rate of 40%. Though we 

can say that the reason why Naïve Bayes performs the best is because it classifies majority of data 

points as having positive sentiment, but its preciseness is not good as it classifies other sentiments 

to be negative as well. Therefore, the performance of this model is less than one which would 

classify every data point to negative class since that kind of model would yield error rate of 35%. 

However, it needs to be mentioned that there are issues which increase the error rate. First of all, 

labeling of sentiments done by both methods needs to be taken with a grain of salt since original 

dataset did not include those, hence there is not any true ground truth, and the fact that in the 

labeling process the annotators did not agree on the sentiments at good level. Secondly, the 

aforementioned issue of difference in label distribution reduces the performance of the 

classification because the data which the classifiers were trained on had much more negative and 

positive labels, while the validation data had more negative and neutral labels.  

8.2 Theorectical contributions 

Currently, more and more data are obtained and there is high motivation to extract information 

from it. In the interest of supervised machine learning projects, it is also common that there are 

not pre-determined labels which can be used as target variables. Sentiment analysis has been 

highly popular area of research in recent years. However, after thorough research, and to best of 

our knowledge it seems that there are not papers in the literature which have built sentiment 

analysis system by using hybrid approach where the training data has been labeled by the lexicon 

approach, and then the results have been validated by using manually annotated data. Therefore, 

this thesis provides contribution to the sentiment analysis literature in situation.  Sentiment 

analysis has been highly popular research field, and when it comes to those papers which 

construct system with hybrid approach the validation of results is most commonly by using pre-

labeled data (Filho, Pardo, 2013; Rajeswari, Mahalakshmi et al., 2020), or derive the label from 

the data for instance review scale (Keith, Fuentes et al., 2017). Other methods are to manually 

annotate it if number of data points is somewhat small (Bahrainian, Dengel, 2013). 

8.3 Shortcomings of the reseach  

This section will highlight the shortcomings which exists in the research paper. Firstly, the issues 

which the author could not impact needs to be pointed out. The data is not a statistical sample of 

consumer experiences in the market, as it is not representative of the whole population of the 

country. Though this is common in data obtained through websites, since not everyone in the 

population uses it. Therefore, any wider generalizations to population or market cannot be made. 
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Secondly, complaints that are made are not verified, besides some authentication procedures like 

verifying the name of consumer using (credit) card number, checking for duplicate submissions, 

and determining whether the submission is complaint or other like inquiry/feedback etc. Also, the 

complaint is published only if the consumer has approved for it to be published. (Consumer 

Financial Protection Bureau, 2012, 76631) 

The opinion and sentiment detection are rather simplistic. The system determines complaint to 

have an opinion if it includes adjective in it, and when the average complaint length is 143 words 

more often than not the complaint will include adjective in that amount. In order to improve it 

more, rules could be added like recognizing the types of sentences and then for instance 

removing those which are common not to have opinion like those which asks a question (Zhang, 

Ghosh et al., 2011, 5). Another shortcoming related to sentiment detection part of the system is 

that the sentiment lexicon is used as is, and it is not built from the ground up or extended 

specifically for this domain because of time and computational restrictions, especially building 

own lexicon would be time consuming, also author’s lack of expertise in linguistics and financial 

domain posed restrictions. When going into more details the algorithm used for detecting the 

sentiment considers only the overall sentiment of a word and does not take into account the 

possible intensity for instance ‘good’ and ‘very good’ are considered to have same intensity. Thus, 

there is not any weighting which would differentiate the sentiment words.  

In the annotation process some concessions had to be made due to reasons which are the nature 

of thesis, lack of economic resources, and author’s position as student. These factors caused the 

limitations on the selection and the workload requirement of the annotators. Firstly, annotators 

used in this task are university students doing master’s degree, and whose degree program is in 

English. These were the criteria in order to ensure that annotators are mature and critical in their 

thinking process. Also, by including only those who study in English, it is reasonable to expect that 

their comprehension of English language is at good level, because it was not possible to have 

native speakers since English is not official language in the country where author is resided. It is 

obvious to author that in order to yield the best results the annotators should have been native 

speakers of English and possess expertise in the domain of financial complaints. Second issue that 

needs to be pointed out, is the size of test dataset which consisted of only 80 complaints that 

were randomly sampled. Larger amount would have not been issue from a technical aspect but 

since annotators participated voluntarily and cannot be compensated, larger data amount would 

have required unreasonable amount of work. It also would have most likely impacted the quality 

of their work in negatively. Furthermore, the annotators are not experts in financial sector as they 
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are university students who do not have enough experience to be considered an expert. The 

consistency could have been improved by further training of annotators. Also, since the amount 

data points in this validation dataset is low, there is a possibility that the data is very different to 

the one which was used to train the classifiers, which in return decreases the performance of 

classifiers.  

The used feature generation method, Term Frequency - Inverse Document Frequency is unable to 

take into account the similarity between words like synonymity in a document because this 

approach rather simplistic and it considers words individually. Thus, after transformation the 

numerical matrix represents each word as own feature, and even the words with same or similar 

meaning will have their own feature (Nenkova, McKeown, 2012, 49-50). Hence, it can possibly 

create contradicting features which will make the classification task difficult.  

Due to the fact that dataset was large, means that number of features large. Therefore, even 

though SVM classifier is well suited for high dimensional data, the feature selection method based 

on importance used in this analysis does not reduce the data enough to make the building of the 

classifier efficient since the training time of linear SVM is more than one hour with the authors 

laptop and non-linear took approximately three hours with the data. Having better performing 

with higher random-access memory would have made the optimization easier and allowed 

further actions.  

As for the classification results, the nature of the data impacts the classification. Since it is rather 

imbalanced and most of the complaints have negative sentiment, it makes the recognition of 

other classes even more important. When this is added with the fact that system and humans 

labeled complaints differently, obviously this decreases the performance of the model. 

Additionally, as we have defined complaint to be expression of dissatisfaction which means that 

the complaints are negative but we consider positive complaints to be those which are written in 

a polite and constructive  manner. 

Finally, as the computational limitations caused to limit the data to be analyzed only from year 

2020, we cannot make any long term assumptions and conclusion based on it. Therefore, in order 

the use the model with other years it should be trained with data that is from larger period of 

time. 
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8.4 Further research 

As for further research, we suggest by extending the research made in this paper by creating own 

sentiment lexicon or extending the existing one for instance the SentiWordNet lexicon where 

sentiment words specific for financial sector will be included, and whether that would improve the 

performance of the model. Moreover, this would require thorough researching of the topic of 

financial complaints, another option would be hiring and or consulting expert in that domain for 

instance using platforms like Amazon Mechanical Turk where you can hire annotators.  

Related to above mentioned point about sentiment lexicon, it could be appropriate to extend this 

research by modifying the sentiment detection algorithm to see whether the model can be 

improved. More specifically, more complex feature vector should be generated, as it is clear from 

results of this paper that it is not enough to recognize the underlying sentiment. Complexity can be 

increase for instance by adding number of negative and positive words, and existence of negation. 

Also, the rules which determine especially the neutral sentiment can be defined to be more complex 

and perhaps consider changing by flexing the thresholds when a complaint is neutral and when it is 

positive. 

With additional resources the annotation task can be extended with additional resources to have 

more significance in the evaluation. The size of this dataset could be increased, and it would be 

beneficial to use true expert annotators who are motivated that will notice the nuances in the 

complaint since they have the knowledge on typical cases in the domain and can then easily do the 

classification.  

Another focus of future research could be focusing in on different subtopics within the data by 

splitting it based on them, since most likely there are differences how sentiments are expressed 

among subtopics like mortgage and student loan. This is supported by Bunker (2008) who concludes 

that complaints should not be treated as homogeneous and draw conclusion from that, but rather 

consider that are not alike and there are differences. 

 

 

 

 



 

76 
 

Additionally, results of this paper show that it might not make sense to use three sentiment 

categories when analyzing financial consumer complaints, but it might be better to use only two 

categories. Furthermore, one category for those which are clearly negative for example language 

which is used is rude, filled with profanities and in general are impolite. The other category for those 

which are non-negative, and the writer has expressed themselves in a polite or neutral manner. This 

would most likely improve the performance of the model. Also, reducing the number of sentiment 

categories to two offers further interesting research for example as the performance increases a 

model which prioritizes the complaints based on the sentiment category could be one direction for a 

study.   
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9 Conclusion 

In our current world, amount of information that is generated incomprehensible. According to survey 

by International Data Corporation and Statista (2021) forecasted that in 2021 there will be 79 

zettabytes of data created, consumed, and stored during by the end of the year. They suggest that 

the number to keeps increasing in years to come, and by 2025 that yearly amount is estimated to be 

181 zettabytes. Such large amounts of data mean that there exist possibilities to gain advantages 

through extracting information from a data for anyone that has the motivation, tools, and resources 

but it also means that the data does not come in a standardized format.  As vast majority of the data 

used in business activities is in unstructured format, processing and information extraction becomes 

more difficult. One important source of data especially for commercial organizations are customers, 

since they bring in the revenue which allows to do profit which essentially is the objective of a such 

organization. Therefore, it requires methods which are robust and processes the information fast. 

One of the most important type of data which customers create is feedback, more specifically 

complaints since the default expectation from a point of view of a customer is to received good 

service, which makes the complaint to have larger impact because it catches the attention as it 

deviates from the expectation (Barlow, Moller, 2008, 2). There are several ways to study this, but one 

of most popular analysis methods is sentiment analysis, which began in the first part of 21st century 

and currently it highly popular area of research. As its purpose is to extract underlying feeling that 

the creator is showing in the text, and draw conclusions based on that. In scientific setting social 

media data is the most common choice of data to be used in such papers, one of the reasons being 

the easy availability and accessibility. As the idea behind this paper was to have more of practical 

perspective than theoretical one, and the importance of feedback analysis was realized, it was 

decided to analyze customer complaints. Another motivation for doing this research was that 

existing literature on sentiment analysis focuses on a data that has class labels organically in it, or 

those are obtained through ineffective methods of labeling the entire dataset.  

In this paper we conducted a sentiment analysis on a dataset which did not have class labels 

organically, in other words the labeling of data was done as part of thesis in the lexicon based 

approach phase.  This was done to imitate practical situation where it is common to data not to 

include any labels. Then that data was used to create robust machine learning model which classifies 

given complaint based on its underlying sentiment of the person who generated it and can handle 

large amounts of data. The actual process can be divided in to two parts, the first one is commonly 

called as lexicon based approach (LBA), and in this part the data which is used for building the 

classification model are labeled in order to get the response variables for the independent variables. 
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The second one is the machine learning based approach -part (MLA), where the classification 

algorithm is built by using the text as the features. In LBA commonly used sentiment lexicon, 

SentiWordNet was used to obtain the sentiment for the data. This technique obtained negative and 

positive scores for each word that matched the word and POS-tag in the lexicon, and then overall 

sentiment was the one which score was higher. Then three classification models were built by using 

that data, namely Naïve Bayes, Decision Tree, and Support Vector Machine, in order to find out the 

best performing one based on the misclassification rate. This brings us to our supporting research 

question which was:  

Which of the supervised classification algorithms mentioned in the main research question performs 

the best in classifying the sentiment of customer complaints which have been annotated by humans 

in terms of minimizing the misclassification rate? 

This study finds that when Naïve Bayes performs the best out of the three classifiers by having the 

lowest error rate of 40%, while Support Vector Machine and Decision Tree have approximately 45 

50% error rate respectively. The classifier performance was tested and validated with a subset of 

data that was randomly sampled from the dataset, and the labels were given by three individual 

annotators. Therefore, we can now answer to this by saying that Naïve Bayes algorithm is the 

machine learning algorithm which performs the best in classifying the sentiment of customer 

complaints by minimizing the error rate.  

Three humans annotated random sample of 80 complaint, which was done in order to be able to 

validate model as it did not include any labels in the beginning. This also allows us to answer to the 

second supporting research question:  

How do the sentiment labels assigned by sentiment lexicon and humans differ from one another? 

As we can see from the results presented in figure 9 and table 16 both label majority of complaints as 

having negative sentiment, but with other two sentiments there is difference. LBA labels more as 

positive than neutral, while humans label more as neutral than positive. So, the disagreement was 

strong when the complaint was not negative. This further suggests that when dealing with 

complaints we should consider only two sentiment labels, one for negative complaints which are 

impolite and rude, and the second for those which are polite and constructive. Now that we have 

answered to the supporting research questions, we can move on the main research questions which 

was:  
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How do supervised classifier algorithms: Naïve Bayes, Decision Tree, and Support Vector Machine 

perform on a consumer complaint data which target variable has been determined by using 

unsupervised method called lexicon approach? 

If we were to look at the results solely based on those presented in the first row of table 15, where 

we have aggregated every error rate of the each 5-fold cross-validation step of each classifier 

algorithm into simple average. We could answer to the research question by stating that we would 

achieve rather low error rate (12% with the SVM) which is also similar to the literature, and it would 

be better than just classifying all as negative or by random. The reason why the result would be good 

is because in that case we would have approximately 32% error rate as it is mentioned in the upper 

part of table 8 that about 68% are classified as negative by the lexicon approach. However, one of 

the motivations of this thesis was to use data that was annotated by human experts to validate the 

model, which is what we need to consider as well. As the error rates are high with dataset that has 

been annotated by humans, which can be seen in the lower part of table 8, we can argue that in 

reality if the training data has been labeled by using lexicon based approach, the performance might 

not be as high as obtained. Furthermore, taking that also into consideration we can conclude that by 

using this framework, the results need to be interpreted with caution if there is not any manual 

annotation involved. It is reasonable to assume based on initial thoughts about the nature of 

complaint, and the results of lexicon based approach and annotation that vast majority of complaints 

are negative. Therefore, just by considering all complaints negative we would reach rather low error 

rate, for example when looking at the results of manual annotation 66% complaints were considered 

as negative. Now comparing that to the Naïve Bayes model, which was created, the error rate was 

40%. Thus, if the classifiers would classify all the complaints as negative, performance would be 

better in recall wise but it’s preciseness would be low, since it would correctly classify all the negative 

sentiments but miss out the other sentiments. The results could be improved with more complex 

feature extraction method as this paper only uses TF-IDF to obtain feature vectors for the 

complaints, for instance adding the count of negative and positive words, and whether there are 

negation words in the document. Another contributing factor for the low results is that the size of 

the validation was small, so it is highly possible that it is very different compared to training data, 

which means that the classifies do not know how to classify them correctly. Also, it needs to be 

highlighted that the result of annotation is not consistent, since the Kappa value was 0.31, which 

indicates only a fair agreement, additionally annotators unanimously agreed only on 35% of the 

complaints. 
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Finally, based on the results it seems that the commonly used sentiment labels (negative, neutral, 

positive) are not useful when it comes to analyzing consumer complaints. Rather it would make more 

sense to use only two sentiment labels to separate the impolite and polite complaints. 

 

  



 

81 
 

References 

Agarwal, B., Mittal, N., Bansal, P. & Garg, S. (2015) Sentiment Analysis Using Common-

Sense and Context Information, Computational Intelligence and Neuroscience, vol. 2015. 

Aggarwal, C. & Zhai, C. (2012a) An Introduction to Text Mining in Mining Text Data, eds. 

C. Aggarwal & Z. ChengXiang, 1st edn, Springer US, Boston, MA, 

Aggarwal, C. & Zhai, C. (2012b) A Survey of Text Classification Algorithms in Mining Text 

Data, eds. C. Aggarwal & C. Zhai, Springer US, Boston, MA. 

Ahmad, M., Aftab, S., Muhammad, S.S. & Ahmad, S. (2017) Machine Learning Techniques 

for Sentiment Analysis: A Review, International Journal Of Multidisciplinary Sciences 

and Engineering, vol. 8, no. 3. 

Ain, Q.T., Ali, M., Riaz, A., Noureen, A., Kamran, M., Hayat, B. & Rehman, A. (2017) 

Sentiment Analysis Using Deep Learning Techniques: A Review,  International Journal 

of Advanced Computer Science and Applications, vol. 8, no. 6.  

Al Jafa, H. (2020) A case study for the CRM software selection process in a transportation 

company using an integrated AHP and QFD approach, SEA - Practical Application of 

Science, vol 8 no. 24. 

Al-Ayyoub, M., Alsmadi, I. & Essa, S. (2014) Lexicon-based sentiment analysis of Arabic 

tweets, International Journal of Social Network Mining, vol. 2, no. 2. 

Aldayel, H.K. & Azmi, A.M. (2016) Arabic tweets sentiment analysis – a hybrid scheme, 

Journal of Information Science, vol. 42, no. 6. 

Arndt, J. (1967) Role of Product-Related Conversations in the Diffusion of a New Product, 

Journal of Marketing Research, vol. 4, no. 3. 

Artstein, R. (2017) Inter-annotator agreement in Handbook of Linguistic Annotation, eds. N. 

Ide & J. Pustejovsky, Springer, Dordrecht. 

Artstein, R. & Poesio, M. (2008) Inter-coder agreement for computational linguistics, 

Computational linguistics, vol. 34, no. 4. 

Artstein, R. & Poesio, M. (2005) Bias decreases in proportion to the number of annotators, 

Formal Grammar and the Mathematics of Language, Edinburgh, Scotland. 

Bahrainian, S. & Dengel, A. (2013) Sentiment Analysis Using Sentiment Features, Joint 

Conferences on Web Intelligence (WI) and Intelligent Agent Technologies (IAT), IEEE 

Computer Society, Georgia, USA. 17-20 Nov. 2013 

Barlow, J. & Moller, C. (2008) A complaint is a gift, 2nd edition, 2nd edn, Berrett-Koehler 

Publishers, Inc, San Francisco, California. 



 

82 
 

Bhoir, P. & Kolte, S. (2016) Sentiment analysis of movie reviews using lexicon approach, 

International Conference on Computational Intelligence and Computing Research 

(ICCIC), Institute of Electrical and Electronics Engineers, Piscataway, New Jersey. 

Boiy, E. & Moens, M. (2009) A machine learning approach to sentiment analysis in 

multilingual Web texts, Information retrieval (Boston), vol. 12, no. 5. 

Breiman, L. (2001) Random Forests, Machine Learning, Springer, vol. 45, no. 1. 

Brennan, R. & Prediger, D. (1981) Coefficient Kappa: Some uses, misuses, and alternatives, 

Educational and Psychological Measurement, vol. 41, no. 3. 

Bunker, M. (2008) The importance of understanding different complaint themes' impact on 

commitment, International Journal of Consumer Studies, vol. 32, no. 6. 

Buyya, R., Calheiros, R.N. & Dastjerdi, A.V. (2016) Big data: Principles and Paradigms, 

Morgan Kaufmann, Amsterdam. 

Cambria, E., Poria, S., Bajpai, R. & Schuller, B. (2017) SenticNet 4: A Semantic Resource 

for Sentiment Analysis Based on Conceptual Primitives, International Conference on 

Computational Linguistics, The COLING 2016 Organizing Committee, Osaka, Japan 

Dec 2016. 

Carvalho, J. & Plastino, A. (2021) On the evaluation and combination of state-of-the-art 

features in Twitter sentiment analysis, The Artificial intelligence review, vol. 54, no. 3. 

Chaithra, V.D. (2019) Hybrid approach: Naive bayes and sentiment VADER for analyzing 

sentiment of mobile unboxing video comments, International journal of electrical and 

computer engineering, IJECE, vol. 9, no. 5. 

Cohen, J. (1960) A Coefficient of Agreement for Nominal Scales, Educational and 

psychological measurement, vol. 20, no. 1. 

Consumer Financial Protection Bureau (2012) Disclosure of Certain Credit Card Complaint 

Data, Federal Register.[Referenced in 10.5.2021] 

Consumer Financial Protection Bureau (2021) Consumer Complaint Database. [Database]. 

Available at: https://www.consumerfinance.gov/data-research/consumer-complaints  

da Silva, N., Hruschka, E. & Hruschka, E. (2014) Tweet sentiment analysis with classifier 

ensembles, Decision Support Systems, vol. 66. 

D'Andrea, A., Ferri, F., Grifoni, P. & Guzzo, T. (2015) Approaches, Tools and Applications 

for Sentiment Analysis Implementation, International Journal of Computer Applications, 

vol. 125, no. 3. 

Dash, M. & Liu, H. (1997), Feature selection for classification, Intelligent data analysis., vol. 

1, no. 3. 

https://www.consumerfinance.gov/data-research/consumer-complaints


 

83 
 

Davies, M. & Fleiss, J.L. (1982) Measuring Agreement for Multinomial Data, Biometrics, 

vol. 38, no. 4. 

Ding, X., Liu, B. & Yu, P. (2008) A holistic lexicon-based approach to opinion mining, 

International Conference on Web Search and Data Mining, Association for Computing 

Machinery, New York, NY, United States. February 2008. 

Dolinsky, A. (1994) A Consumer Complaint Framework with Resulting Strategies : An 

Application to Higher Education, The journal of services marketing., vol. 8, no. 3. 

Dongo, I., Cadinale, Y., Aquilera, A., Martinez, F., Quintero, Y. & Barrios, S. (2020) Web 

Scraping versus Twitter API: A Comparison for a Credibility Analysis, International 

Conference on Information Integration and Web-based Applications and Services, 

Association for Computing Machinery, New York, NY, United States.30 Nov – 2 Dec 

2020.  

Ejazm, A., Turabee, Z., Rahim, M. & Khoja, S. (2017) Opinion mining approaches on 

Amazon product reviews: A comparative study, International Conference on Information 

and Communication Technologies, IEEE. 17-19 May 2017 

Elbagir, S. & Yang, J. (2019) Twitter sentiment analysis using natural language toolkit and 

Vader sentiment, International MultiConference of Engineers and Computer Scientists 

Newswood Limited, Hong Kong. 13-15 Mar 2019. 

Esuli, A. & Sebastiani, F. (2006) SENTIWORDNET: A Publicly Available Lexical Resource 

for Opinion Mining, International Conference on Language Resources and Evaluation, 

European Language Resources Association (ELRA), Genoa, Italy. 24-26 May 2006. 

Farhadloo, M. & Rolland, E. (2016) Fundamentals of Sentiment Analysis and Its 

Applications, Springer International Publishing, Cham. 

Feldman, R. (2013) Techniques and applications for sentiment analysis: The main 

applications and challenges of one of the hottest research areas in computer science, 

Association for Computing Machinery, New York, NY, United States. 

Filho, P. & Pardo, T. (2013) NILC USP: A Hybrid System for Sentiment Analysis in Twitter 

Messages, Conference on Lexical and Computational Semantics, The Association for 

Computer Linguistics, Atlanta, Georgia, United States. 

Fleiss, J. (1971) Measuring nominal scale agreement among many raters, Psychological 

Bulletin, vol. 76, no. 5. 

Fornell, C. & Wernerfelt, B. (1987) Defensive Marketing Strategy by Customer Complaint 

Management: A Theoretical Analysis, Journal of Marketing Research, vol. 24, no. 4. 

Fundin, A.P. & Bergman, L.S. (2003) Exploring the customer feedback process, Measuring 

Business Excellence, vol 7, no. 2.  



 

84 
 

Gaul, V. & Baul, S. (2019) Complaint Management Software Market, Allied Market Research 

[Referenced in: 5.3.2021]. 

Gayo-Avello, D. (2011) Don't turn social media into another 'literary digest' poll, 

Association for Computing Machinery, New York, NY, United States. 

Go, A., Richa, B. & Huang, L. (2009) Twitter Sentiment Classification using Distant 

Supervision , Stanford University. 

Google Trends (2021) Trend of 'Sentiment Analysis' (as area of research) from 2004 to 

present. Available: 

https://trends.google.com/trends/explore?date=all&geo=US&q=%2Fm%2F0g57xn 

[Referenced in: 17.3.2021]. 

Greaves, F., Ramirez-Cano, D., Millett, C., Darzi, A. & Donaldson, L. (2013) Use of 

sentiment analysis for capturing patient experience from free-text comments posted 

online, Journal of medical Internet research., vol. 15, no. 11. 

Green, A., (1997) Kappa Statistics for Multiple Raters Using Categorical Classifications, SAS 

Global Forum, SAS, San Diego, California, United States. 

Gregorutti, B., Michel, B. & Saint-Pierre, P. (2017) Correlation and variable importance in 

random forests, Statistics and computing, vol. 27, no. 3. 

Gu, Q., Li, Z., Han, J. (2011) Generalized fisher score for feature selection, Proceedings of 

the 27th Conference on Uncertainty in Artificial Intelligence, UAI, Barcelona, 14-17 Jul 

2011. 

Guyon I. & Elisseeff A., (2003)  An introduction to variable and feature selection. Journal of 

Machine Learning, vol. 3. 

Han, J., Kamber, M. & Pei, J. (2012) Data mining : concepts and techniques, 3rd edn, Morgan 

Kaufmann, Waltham, Mass. 

Hasan, A., Moin, S., Karim, A. & Shamshirband, S. (2018) Machine Learning-Based 

Sentimental Analysis for Twitter Accounts, Mathematical and Computational 

Applications, vol. 23, no. 1. 

Herrera, F., Charte, F., Rivera, A.J. & del Jesus, M.,J. (2016) Multilabel Classification: 

Problem Analysis, Metrics and Techniques, Springer International Publishing AG, Cham. 

Hogenboom, A., Bal, D., Flasincar, F., Bal, M., de Jong Franciska & Kaymak, U. (2013) 

Exploiting emoticons in sentiment analysis, Annual ACM Symposium on Applied 

Computing, Association for Computing Machinery, New York. 18-22 Mar 2013 

Hornik, J., Satchi, R., Cesareo, L. & Pastore, A. (2015) Information dissemination via 

electronic word-of-mouth: Good news travels fast, bad news travels faster, Computers in 

Human Behavior, vol. 45. 

https://trends.google.com/trends/explore?date=all&geo=US&q=%2Fm%2F0g57xn


 

85 
 

Hutto, C.J. & Gilbert, E. (2014) VADER: A Parsimonious Rule-based Model for 

Sentiment Analysis of Social Media Text, International conference on Weblogs and 

Social Media, Association for the Advancement of Artificial Intelligence, United States. 

1–4 June 2014. 

Jiang, F., Liu, Y., Luan, H., Sun, J., Zhu, X., Zhang, M. & Ma, S. (2015) Microblog sentiment 

analysis with emoticon space model, Journal of computer science and technology, vol.3 

0, no. 5. 

Jo, T. (2019) Text Mining Concepts, Implementation, and Big Data Challenge, 1st edn, 

Springer, Cham. 

Jois A., Pallasena R.K. & Chakrabarti S. (2019) Freshdesk: bringing in freshness in startup 

world case, Journal of Information Technology Case and Application Research, vol 21, 

no. 3-4. 

Jurek, A., Mulvenna, M.D. & Bi, Y. (2015) Improved lexicon-based sentiment analysis for 

social media analytics, Security informatics (Berlin), vol. 4, no. 1. 

Keith, B., Fuentes, E. & Meneses, C. (2017) A Hybrid Approach for Sentiment Analysis 

Applied to Paper Reviews, Conference on Knowledge Discovery and Data Mining, 

Association for Computing Machinery, New York, NY, United States. 13 – 17 Aug 2017 

Kharde, V. & Sonawane, S.S. (2016) Sentiment Analysis of Twitter Data: A Survey of 

Techniques, International Journal of Computer Applications, vol. 139, no. 11. 

Kinyua, J., Mutigwe, C., Cushing, D.J. & Poggi, M. (2020) An analysis of the impact of 

President Trump's tweets on the DJIA and S&P 500 using machine learning and 

sentiment analysis, Journal of behavioral and experimental finance., vol. 29. 

Kolchyna, O., Souza, T., Treleaven, P. & Aste, T. (2015) Twitter Sentiment Analysis: 

Lexicon Method, Machine Learning Method and Their Combination. ArXiv: 

Computation and Language  

König, A. & Brill, E. (2006) Reducing the human overhead in text categorization, Knowledge 

discovery and data mining, Association for Computing Machinery, New York. 

Korenius, T., Laurikkala, J., Järvelin, K. & Juhola, M. (2004) Stemming and lemmatization in 

the clustering of finnish text documents, Information and knowledge management, 

Association for Computing Machinery, New York, NY, United States. 

Kour, K., Kour, J. & Singh, P. (2020) Lexicon-Based Sentiment Analysis in Advances in 

Communication and Computational Technology, eds. G. Hura, A. Singh & L. Siong Hoe, 

Springer, Singapore. 

Krouska, A., Troussas, C. & Virvou, M. (2016) The effect of preprocessing techniques on 

Twitter sentiment analysis, Information, Intelligence, Systems & Applications, IEEE. 13-

15 July 2016 



 

86 
 

Lalji, T. & Deshmukh, S. (2016) Twitter Sentiment Analysis Using Hybrid Approach, 

International Research Journal of Engineering and Technology (IRJET), vol. 03, no. 06. 

Landis, J.R. & Koch, G.G. (1977), The Measurement of Observer Agreement for Categorical 

Data, Biometrics, vol. 33, no. 1. 

Lee, C., Lee, J. & Lee, A. (2013) Statistics for Business and Financial Economics, 3rd edn, 

Springer, New York, NY, United States. 

Lewis, D. (1998) Naive (Bayes) at forty: The independence assumption in information 

retrieval, 1st edn, Springer-Verlag Berlin Heidelberg. 

Liang, P. & Dai, B. (2013) Opinion mining on social media data, International conference on 

Mobile Data Management, IEEE. 3-6 June 2013 

Lin, C. & He, Y. (2009) Joint sentiment/topic model for sentiment analysis, Conference on 

Information and Knowledge Management, Association for Computing Machinery, New 

York, NY, United States. 2-6 Nov 2009 

Liu, B. (2012) Sentiment analysis and opinion mining, Morgan & Claypool Publishers, San 

Rafael, CA, United States. 

Lu, Y., Lu, Y. & Wang, B. (2012) Effects of dissatisfaction on customer repurchase decisions 

in e-commerce-an emotion-based perspective, Journal of electronic commerce research., 

vol. 13, no. 3. 

Mäntylä, M., Graziotin, D. & Kuutila, M. (2018) The evolution of sentiment analysis—A 

review of research topics, venues, and top cited papers, Computer science review, vol. 

27. 

McEvoy, D. (2018) A guide to business statistics, 1st edn, Wiley, Hoboken, New Jersey, 

United States 

Miller, G. (1995) WordNet: a lexical database for English, Communications of the ACM., vol. 

38, no. 11. 

Mukwazvure, A. & Supreethi, K.P. (2015) A hybrid approach to sentiment analysis of news 

comments, International Conference on Reliability, Infocom Technologies and 

Optimization, IEEE. 2-4 Sept. 2015 

Musto, C., Semeraro, G. & Polignano, M. (2014) A comparison of Lexicon-based approaches 

for Sentiment Analysis of microblog posts, CEUR Workshop Proceedings, vol. 1314. 

Neethu, M.S. & Rajasree, R. (2013) Sentiment analysis in twitter using machine learning 

techniques, International Conference on Computing, Communications and Networking 

Technologies (ICCCNT), IEE. 4-6 July 2013 

Nenkova, A. & McKeown, K. (2012) A Survey of Text Summarization Techniques in Mining 

Text Data, eds. C. Aggarwal & C. Zhai, Springer US, Boston, MA. 



 

87 
 

Nielsen, F.Å (2011) A new ANEW: Evaluation of a word list for sentiment analysis in 

microblogs, RWTH Aachen University. 

Nigam, K., Mccallum, A.K., Thrun, S. & Mitchell, T. (2000) Text classification from labeled 

and unlabeled documents using EM, Machine Learning, vol. 39, no. 2. 

Nyamful, C. & Agrawal, R. (2017) Big Variety Data in Encyclopedia of Big Data, eds. L.A. 

Schintler & C.L. McNeely, Springer International Publishing. 

OED (2021) Oxford English Dictionary, [Online], Available: https://www-oed-

com.ezproxy.cc.lut.fi/view/Entry/1?rskey=DvUOpA&result=2#eid40470976 , 

[Referenced in: 1.3.2021]. 

Pandey, M., Williams, R., Jindal, N. & Batra, A. (2019) Sentiment Analysis using Lexicon 

based Approach, IITM Journal of Management and IT, no. 1. 

Pang, B. & Lee, L. (2008) Opinion mining and sentiment analysis, Foundations and Trends in 

Information Retrieval, vol. 2, no. 1-2, pp. 

Pang, B., Lee, L. & Vaithyanathan, S. (2002) Thumbs up? Sentiment Classification using 

Machine Learning Techniques, Empirical Methods in Natural Language Processing 

(EMNLP), Association for Computational Linguistics, Vol. 10, July 2002 

Pawar, A.B., Jawale, M.A. & Kyatanavar, D.N. (2016) Fundamentals of Sentiment Analysis: 

Concepts and Methodology in Sentiment Analysis and Ontology Engineering, eds. 

Pedycz. Witold & S. Chen, Springer. 

Piryani, R., Madhavi, D. & Singh, V.K. (2017) Analytical mapping of opinion mining and 

sentiment analysis research during 2000–2015, Information processing & management, 

vol. 53, no. 1. 

Prabowo, R. & Thelwall, M. (2009) Sentiment analysis: A combined approach, Journal of 

Informetrics, vol. 3, no. 2. 

Quinlan, J.R. (1986) Induction of Decision Trees, Machine Learning, vol. 1, no. 1. 

Rajaraman, A. & Ullman, J.D. (2012) Mining of massive datasets, 1st edn, Cambridge 

University Press, New York, United States. 

Rajeswari, A.M., Mahalakshmi, M., Nithyashree, R. & Nalini, G. (2020) Sentiment Analysis 

for Predicting Customer Reviews using a Hybrid Approach, Advanced Computing and 

Communication Technologies for High Performance Applications, IEEE, 2-4 July 2020. 

Ramasamy, L.K., Kadry, S., Nam, Y. & Meqdad, M.N. (2021) Performance analysis of 

sentiments in Twitter dataset using SVM models, International journal of electrical and 

computer engineering (Malacca, Malacca), vol. 11, no. 3. 

Ramteke, J., Shah, S., Godhia, D. & Shaikh, A. (2016) Election result prediction using 

Twitter sentiment analysis, Inventive Computation Technologies, IEE, 26-27 Aug 2016. 



 

88 
 

Randolph, J.J. (2005) Free-marginal multirater kappa: An alternative to Fleiss´ fixed-marginal 

multirater kappa, Joensuu Learning and Instruction Symposium. Joensuu, Finland, 14-15 

Oct 2005.  

Rastogi A. & Mehtrotra M. (2017) Opinion Spam Detection in Online Reviews, Journal of 

Information and Knowledge Management, vol. 16, no. 4. 

Rathi, M., Malik, A., Varshney, D., Sharma, R. & Mendiratta, S. (2018) Sentiment Analysis 

of Tweets Using Machine Learning Approach, Conference on Contemporary Computing 

IEEE, 2-4 Aug 2018. 

Read, J. (2005) Using emoticons to reduce dependency in machine learning techniques for 

sentiment classification, ACL Student Research Workshop, Association for 

Computational Linguistics, Stroudsburg, PA, United States, June 2005. 

Refaat, M. (2007) Data preparation for data mining using SAS, Morgan Kaufmann 

Publishers, Amsterdam, Netherlands. 

Rogers, J. & Gunn, S. (2006) Identifying Feature Relevance Using a Random Forest, SLSFS 

2005, Springer Berlin Heidelberg, Berlin, Heidelberg, 23-25 February 2005. 

Sarkar, D. (2019) Text Analytics with Python A Practitioner's Guide to Natural Language 

Processing, 2nd edn, Apress, Berkeley, CA, United States. 

Sebastiani, F. (2002) Machine Learning in Automated Text Categorization, ACM Computing 

Surveys, vol. 34, no. 1. 

Sharma, D. & Kumar, A. (2021) Levels and Classification Techniques for Sentiment 

Analysis: A Review), Springer, Singapore. 

Sonawane, S. & Kulkarni, P. (2017) Extracting sentiments from reviews: A lexicon-based 

approach, Intelligent Systems and Information Management, IEEE, 5-6 Oct 2017. 

Statista & International Data Corporation (2021) Volume of data/information created, 

captured, copied, and consumed worldwide from 2010 to 2025, IDC, Statista, [Online 

report], Available: https://www.statista.com/statistics/871513/worldwide-data-created/ 

[Referenced in: 8.6.2021]. 

Stauss, B. & Seidel, W. (2019) Effective Complaint Management The Business Case for 

Customer Satisfaction, 2nd edn, Springer International Publishing, Cham. 

Taboada, M., Brooke, J., Tofiloski, M., Voll, K. & Stede, M. (2011) Lexicon-based methods 

for sentiment analysis, Computational linguistics., vol. 37, no. 2. 

Taj S., Shaikh B. B. & Fatemah Meghji A. (2019), Sentiment Analysis of News Articles: A 

Lexicon based Approach, Conference on Computing, Mathematics and Engineering 

Technologies, IEEE, 30-31 Jan. 2019. 



 

89 
 

Tan, S., Wang, Y. & Cheng, X. (2008) Combining learn-based and lexicon-based techniques 

for sentiment detection without using labeled examples, SIGIR '08, Association for 

Computing Machinery, New York, Jul 20, July 2008. 

Tang, H., Tan, S. & Cheng, X. (2009) A survey on sentiment detection of reviews, Expert 

Systems with Applications, vol. 36, no. 7. 

Troussas, C., Virvou, M., Espinosa, K.J., Llaguno, K. & Caro, J. (2013) Sentiment analysis of 

Facebook statuses using Naive Bayes classifier for language learning, International 

Conference on Information, Intelligence, Systems and Applications, IEEE, 10-12 July 

2013 

Tseng, T., Stent, A. & Maida, D. (2020) Best Practices for Managing Data Annotation 

Projects, Bloomberg Finance, [Online], Available: 

https://www.researchgate.net/publication/344343968_Best_Practices_for_Managing_Dat

a_Annotation_Projects, [Referenced in 20.4.2021] 

Turney, P. (2002) Thumbs Up or Thumbs Down? Semantic Orientation Applied to 

Unsupervised Classification of Reviews, ACL '02, Association for Computational 

Linguistics, July 2002. 

Turney, P. & Littman, M. (2003) Measuring praise and criticism: Inference of semantic 

orientation from association, ACM transactions on information systems, vol. 21, no. 4. 

Vijayan, V. K.,  Bindu, K. R. & Parameswaran L. (2017) A comprehensive study of text 

classification algorithms, International Conference on Advances in Computing, 

Communications and Informatics (ICACCI), 13-16 Sept 2017. 

Vosoughi, S., Zhou, H., & Roy, D. (2015) Enhanced Twitter Sentiment Classification Using 

Contextual Information, Proceedings of the 6th Workshop on Computational Approaches 

to Subjectivity, Sentiment and Social Media Analysis, ACM, New York, 2015 

Witten, I.H., Frank, E., Hall, M.A. & Holmes, G. (2011) Data Mining, Elsevier Science & 

Technology, San Francisco. 

Wunderlich, F. & Memmert, D. (2020) Innovative Approaches in Sports Science—Lexicon-

Based Sentiment Analysis as a Tool to Analyze Sports-Related Twitter Communication, 

Applied sciences, vol. 10, no. 2. 

Yadav, A. & Vishwakarma, D.K. (2020) Sentiment analysis using deep learning architectures: 

a review, The Artificial intelligence review, vol 53, no 6. (Yadav & Vishwakarma, 2020) 

Zhang, E. & Zhang, Y. (2018) F-Measure in Encyclopedia of Database Systems, eds. L. Liu 

& M.T. Özsu, Springer, New York, NY. 

Zhang, L., Ghosh, R., Dekhil, M., Hsu Meichun & Liu Bing (2011) Combining Lexicon-

based and Learning-based Methods for Twitter Sentiment Analysis, HP Laboratories. 

Available: https://www.hpl.hp.com/techreports/2011/HPL-2011-89.pdf, [Referenced in: 

15.4.2021] 

https://www.researchgate.net/publication/344343968_Best_Practices_for_Managing_Data_Annotation_Projects
https://www.researchgate.net/publication/344343968_Best_Practices_for_Managing_Data_Annotation_Projects
https://www.hpl.hp.com/techreports/2011/HPL-2011-89.pdf


 

90 
 

Zhang, S., Zhang, C. & Yang, Q. (2003) Data preparation for data mining, Applied artificial 

intelligence AAI., vol. 17, no. 5-6 

Zhao, B. (2017) Web Scraping in Encyclopedia of Big Data, ed. M.C. Schintler L., Springer 

  



 

91 
 

Appendices 

Appendix 1: Complete list of variables in the complaint dataset 

  

Variable name Description Notes 

Date received Date when CFPB received the 

complaint 

 

Product Product in question Defined by consumer 

Sub-product Sub-product in question Defined by consumer 

Issue Issue of complaint Defined by consumer 

Sub-issue Sub-issue of complaint Defined by consumer. 

Consumer complaint narrative Consumer’s description of the 

complaint 

Published if consent is 

given 

Company public response Company’s response to complaint Selected from a list of 

options 

Company Company against whom the 

complaint is made 

 

State Consumer’s state of mailing address  

ZIP code Consumer’s mailing ZIP code  

Tags Information used for further 

describing the complaint 

 

Consumer consent provided Can the complaint be published  

Submitted via Source of complaint  

Date sent to company When CFPB sent complaint to 

company 

 

Company response to 

consumer 

How the company responded to 

consumer 

 

Timely response Whether company gave timely 

response 

 

Consumer disputed Whether consumer disputed the 

response 

 

Complaint ID Identification code of complaint  
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Appendix 2: Data table for Kappa 

 Negative Neutral Positive Pi 

Complaint 1 2 0 1 0,333333 

Complaint 2 3 0 0 1 

Complaint 3 2 1 0 0,333333 

Complaint 4 3 0 0 1 

Complaint 5 3 0 0 1 

Complaint 6 2 1 0 0,333333 

Complaint 7 3 0 0 1 

Complaint 8 1 1 1 0 

Complaint 9 3 0 0 1 

Complaint 10 1 2 0 0,333333 

Complaint 11 1 1 1 0 

Complaint 12 2 1 0 0,333333 

Complaint 13 2 1 0 0,333333 

Complaint 14 0 1 2 0,333333 

Complaint 15 3 0 0 1 

Complaint 16 1 2 0 0,333333 

Complaint 17 3 0 0 1 

Complaint 18 0 3 0 1 

Complaint 19 2 1 0 0,333333 

Complaint 20 0 2 1 0,333333 

Complaint 21 0 2 1 0,333333 
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Complaint 22 0 3 0 1 

Complaint 23 0 3 0 1 

Complaint 24 3 0 0 1 

Complaint 25 2 1 0 0,333333 

Complaint 26 1 2 0 0,333333 

Complaint 27 1 2 0 0,333333 

Complaint 28 2 0 1 0,333333 

Complaint 29 1 2 0 0,333333 

Complaint 30 2 1 0 0,333333 

Complaint 31 1 2 0 0,333333 

Complaint 32 3 0 0 1 

Complaint 33 3 0 0 1 

Complaint 34 1 1 1 0 

Complaint 35 3 0 0 1 

Complaint 36 2 0 1 0,333333 

Complaint 37 0 2 1 0,333333 

Complaint 38 2 0 1 0,333333 

Complaint 39 2 1 0 0,333333 

Complaint 40 2 1 0 0,333333 

Complaint 41 0 2 1 0,333333 

Complaint 42 2 1 0 0,333333 

Complaint 43 3 0 0 1 

Complaint 44 0 2 1 0,333333 
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Complaint 45 0 1 2 0,333333 

Complaint 46 2 1 0 0,333333 

Complaint 47 3 0 0 1 

Complaint 48 1 1 1 0 

Complaint 49 3 0 0 1 

Complaint 50 2 0 1 0,333333 

Complaint 51 0 2 1 0,333333 

Complaint 52 2 0 1 0,333333 

Complaint 53 3 0 0 1 

Complaint 54 1 1 1 0 

Complaint 55 1 2 0 0,333333 

Complaint 56 2 0 1 0,333333 

Complaint 57 3 0 0 1 

Complaint 58 2 1 0 0,333333 

Complaint 59 0 3 0 1 

Complaint 60 3 0 0 1 

Complaint 61 3 0 0 1 

Complaint 62 1 2 0 0,333333 

Complaint 63 1 1 1 0 

Complaint 64 1 1 1 0 

Complaint 65 1 2 0 0,333333 

Complaint 66 3 0 0 1 

Complaint 67 2 1 0 0,333333 
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Complaint 68 2 0 1 0,333333 

Complaint 69 3 0 0 1 

Complaint 70 2 0 1 0,333333 

Complaint 71 3 0 0 1 

Complaint 72 1 2 0 0,333333 

Complaint 73 2 1 0 0,333333 

Complaint 74 2 1 0 0,333333 

Complaint 75 3 0 0 1 

Complaint 76 0 2 1 0,333333 

Complaint 77 1 2 0 0,333333 

Complaint 78 3 0 0 1 

Complaint 79 0 2 1 0,333333 

Complaint 80 3 0 0 1 
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Appendix 3: Annotation guidelines and sentiment examples 
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Appendix 4: Python script for preprocessing of data 

# Stemmer 

def simple_porter_stemming(text): 

    ps = nltk.porter.PorterStemmer() 

    text = ' '.join([ps.stem(word) for word in text.split()]) 

    return text 

# Lemmatizer 

def lemmatize_text(text): 

    text = nlp(text) 

    text = ' '.join([word.lemma_ if word.lemma_ != '-PRON-' else 
word.text for word in text]) 

    return text 

#Correct spelling mistakes (when same character is repeated 

def remove_repeated_characters(tokens): 

    repeat_pattern = re.compile(r'(\w*)(\w)\2(\w*)') 

    match_substitution = r'\1\2\3' 

    def replace(old_word): 

        if wordnet.synsets(old_word): 

            return old_word 

        new_word = repeat_pattern.sub(match_substitution, old_word) 

        return replace(new_word) if new_word != old_word else new_word        

    correct_tokens = [replace(word) for word in tokens] 

    return correct_tokens 

## Expand contractions 

def expand_contractions(text, contraction_mapping=CONTRACTION_MAP): 

        contractions_pattern = 
re.compile('({})'.format('|'.join(contraction_mapping.keys())),  

                                      flags=re.IGNORECASE|re.DOTALL) 

def expand_match(contraction): 

        match = contraction.group(0) 

        first_char = match[0] 

        expanded_contraction = contraction_mapping.get(match)\ 

                                if contraction_mapping.get(match)\ 

                                else 
contraction_mapping.get(match.lower())                        
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        expanded_contraction = first_char+expanded_contraction[1:] 

        return expanded_contraction 

         

    expanded_text = contractions_pattern.sub(expand_match, text) 

    expanded_text = re.sub("'", "", expanded_text) 

    return expanded_text 

# Remove accented characters 

def remove_accented_chars(text): 

    text = unicodedata.normalize('NFKD', text).encode('ascii', 
'ignore').decode('utf-8', 'ignore') 

    return text 

# Remove accented special characters 

def remove_special_characters(text, remove_digits=False): 

    pattern = r'[^a-zA-Z0-9\s]|\[|\]' if not remove_digits else r'[^a-
zA-Z\s]|\[|\]' 

    text = re.sub(pattern, '', text) 

    return text 

# Remove stop words 

def remove_stopwords(text, is_lower_case=False, 
stopwords=stopword_list): 

    tokens = tokenizer.tokenize(text) 

    tokens = [token.strip() for token in tokens] 

    if is_lower_case: 

        filtered_tokens = [token for token in tokens if token not in 
stopwords] 

    else: 

        filtered_tokens = [token for token in tokens if token.lower() 
not in stopwords] 

    filtered_text = ' '.join(filtered_tokens)     

    return filtered_text     

# Combine previous functions into one single function 

def normalize_corpus(corpus, html_stripping=True, 
contraction_expansion=True, 

                     accented_char_removal=True, text_lower_case=True,  

                     text_stemming=True, text_lemmatization=False,  

                     special_char_removal=True, remove_digits=True, 

                     stopword_removal=True, stopwords=stopword_list):     
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    normalized_corpus = [] 

    for doc in tqdm(corpus): 

        # remove xxx 

        doc = re.sub('XX+', ' ', doc) 

        # remove extra newlines 

        #doc = doc.translate(doc.maketrans("\n\t\r", "   "))    

        # remove accented characters 

        if accented_char_removal: 

            doc = remove_accented_chars(doc) 

        # expand contractions     

        if contraction_expansion: 

            doc = expand_contractions(doc) 

        # lemmatize text 

        if text_lemmatization: 

            doc = lemmatize_text(doc) 

        # stem text 

        if text_stemming and not text_lemmatization: 

         doc = simple_porter_stemming(doc) 

        # remove special characters and\or digits     

        if special_char_removal: 

            # insert spaces between special characters to isolate them     

            special_char_pattern = re.compile(r'([{.(-)!}])') 

            doc = special_char_pattern.sub(" \\1 ", doc) 

            doc = remove_special_characters(doc, 
remove_digits=remove_digits)   

        # remove extra whitespace 

        doc = re.sub(' +', ' ', doc)         

         # lowercase the text     

        if text_lower_case: 

            doc = doc.lower() 

        # remove stopwords 

        if stopword_removal: 

            doc = remove_stopwords(doc, is_lower_case=text_lower_case, 
stopwords=stopwords)             

        # Remove single character words 
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        doc=re.sub('(\\b[A-Za-z] \\b|\\b [A-Za-z]\\b)', '', doc) 

        # remove extra whitespace 

        doc = re.sub(' +', ' ', doc) 

        doc = doc.strip()             

        normalized_corpus.append(doc)   

    return normalized_corpus 
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Appendix 5: Python script for lexicon approach 

# Obtain polarity score for complaint 

def analyze_sentiment_sentiwordnet_lexicon(complaint,verbose=False): 

    tagged_text = complaint #[(token.text, token.tag_) for token in 
nlp(review)]  

    pos_score = neg_score = token_count = obj_score = 0 

    # get wordnet synsets based on POS tags 

    # get sentiment scores if synsets are found 

    for word, tag in tagged_text: 

        ss_set = None 

        if 'NN' in tag and list(swn.senti_synsets(word, 'n')): 

            ss_set = list(swn.senti_synsets(word, 'n'))[0] 

        elif 'VB' in tag and list(swn.senti_synsets(word, 'v')): 

            ss_set = list(swn.senti_synsets(word, 'v'))[0] 

        elif 'JJ' in tag and list(swn.senti_synsets(word, 'a')): 

            ss_set = list(swn.senti_synsets(word, 'a'))[0] 

        elif 'RB' in tag and list(swn.senti_synsets(word, 'r')): 

            ss_set = list(swn.senti_synsets(word, 'r'))[0] 

        # if senti-synset is found         

        if ss_set: 

            # add scores for all found synsets 

            pos_score += ss_set.pos_score() 

            neg_score += ss_set.neg_score() 

            neut_score += ss_set.obj_score() 

            token_count += 1    

    # aggregate final scores 

    final_score = pos_score - neg_score 

    # Assign 0 if the complaint does not have sentiment (incorrect 
words, no sentiment words etc) 

    if final_score   == 0: 

        norm_final_score = 0 

        norm_obj_score = 0 

        norm_pos_score = 0 

        norm_neg_score = 0 

      # Otherwise if complaint has a score, normalize it.      
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    elif final_score !=0 and verbose : 

        norm_final_score = round(float(final_score) / token_count, 2)   

        norm_obj_score = round(float(obj_score) / token_count, 2) 

        norm_pos_score = round(float(pos_score) / token_count, 2) 

        norm_neg_score = round(float(neg_score) / token_count, 2) 

     # Assigns label 

    if norm_final_score > 0: 

        final_sentiment = 'positive' 

    elif norm_final_score == 0: 

        final_sentiment = 'neutral' 

    elif norm_final_score < 0: 

        final_sentiment = 'negative' 

   return final_sentiment,norm_final_score 
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Appendix 6: Python script for machine learning approach 

# Machine learning approach 

# # Creating 5-fold split variable 

kf5=KFold(n_splits=5,shuffle=False) 

 

# # Naive Bayes: 

mnb=MultinomialNB(alpha=0) 

mnb_valid_score=[] 

mnb_annot_score=[] 

 

for train_index,test_index in tqdm(kf5.split(comb_df)): 

    X_train=comb_df.iloc[train_index].loc[:,'Text'] 

    y_train=comb_df.iloc[train_index].loc[:,'Class'] 

    X_test=comb_df.iloc[test_index].loc[:,'Text'] 

    y_test=comb_df.iloc[test_index].loc[:,'Class'] 

     

    X_train=tvec.fit_transform(X_train) 

    mnb.fit(X_train,y_train) 

    X_test=tvec.transform(X_test) 

    annot_data=tvec.transform(annot_x) 

    mnb_valid_score. 
append(accuracy_score(y_test,mnb.predict(X_test))) 

    mnb_annot_score.   
append(accuracy_score(annot_y,mnb.predict(annot_data))) 

print((1-mnb_valid_score)) 

sum((1-mnb_valid_score))/5 

print((1-mnb_test_score)) 

sum((1-mnb_test_score))/5 

# # Decision tree:      

classifierDT=DecisionTreeClassifier() 

DT_valid_score=[] 

DT_annot_score=[] 
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for train_index,test_index in tqdm(kf5.split(comb_df)): 

    X_train=comb_df.iloc[train_index].loc[:,'Text'] 

    y_train=comb_df.iloc[train_index].loc[:,'Class'] 

    X_test=comb_df.iloc[test_index].loc[:,'Text'] 

    y_test=comb_df.iloc[test_index].loc[:,'Class'] 

     

    X_train=tvec.fit_transform(X_train) 

    classifierDT.fit(X_train,y_train) 

    X_test=tvec.transform(X_test) 

    annot_data=tvec.transform(annot_x) 

    DT_valid_score. 
append(accuracy_score(y_test,classifierDT.predict(X_test))) 

    DT_annot_score. 
append(accuracy_score(annot_y,classifierDT.predict(annot_data))) 

 

sum((1-DT_valid_score))/5 

sum((1-DT_annot_score))/5 

# # SVM 

classifierSVM=SVC(kernel='linear') 

SVM_valid_score=[] 

SVM_annot_score=[] 

for train_index,test_index in tqdm(kf5.split(comb_df)): 

    X_train=comb_df.iloc[train_index].loc[:,'Text'] 

    y_train=comb_df.iloc[train_index].loc[:,'Class'] 

    X_test=comb_df.iloc[test_index].loc[:,'Text'] 

    y_test=comb_df.iloc[test_index].loc[:,'Class'] 

     

    X_train=tvec.fit_transform(X_train) 

    classifierSVM.fit(X_train,y_train) 

    X_test=tvec.transform(X_test) 
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    annot_data=tvec.transform(annot_x)   SVM_valid_score. 

append(accuracy_score(y_test,classifierSVM.predict(X_test))) 

 SVM_annot_score. 

append(accuracy_score(annot_y,classifierSVM.predict(annot_data))

) 

 

sum((1-SVM_valid_score))/5 

sum((1-SVM_annot_score))/5 
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Appendix 7: Complaints that expert annotators disagreed on 

1. please correct the ftc violations and FCRA vioaltions correct the late payment with XXXX XXXX and 

fixed the collection FTC vioaltion not mine remove all the names 

2. on XX/XX/2020 I submitted complaint for two accounts XXXX XXXX XXXX with Experian. I have no 

knowledge of this account. Experian stated that they were able to verify but how if this account does 

not belong to me. XXXX removed it from my credit file because account could not be verify. 

3. Hello, Since XX/XX/20, I have attempted to right a wrong with PNC regarding a check I mistakenly 

deposited into my business checking account with them and PNC has not assisted me in recovering 

these funds for several days now. I mistakenly deposited a {$3000.00} check ( check XXXX ) into my 

business checking account on XX/XX/20 and this check was actually written on the SAME business 

checking account. I thought the check was from a different account I owned, but it was from the same 

account that it was written on. I realized the error but it was too late. {$3000.00} was withdrawn form 

my account to cover the check written on the SAME account, the funds came out and were never 

deposited back, despite the several attempts I have tried to make regarding this. Right now, I just want 

my {$3000.00} back into my account. I dealt with someone named XXXX XXXX from the PNC help 

component on the online app and she has not communicated with me in a way that would help me. I 

spoke with her twice. She said it would take 3 days, but it has been well in excess of 3 days. I want the 

{$3000.00} put back into my account as soon as possible. Though it is my error, PNC should have also 

caught this error and refunded the money, but there has been no action. Now I need a different kind 

of help. 

4. I was paying a company called XXXX for a hospital debt. I had a balance remaining on the account of 

{$530.00}. I sent a payment through online banking on XX/XX/2020, XXXX received the ACH payment 

and withdrew the funds on XXXX XXXX. Unknown to me XXXX sold/merged with a company called 

RMP services. On XX/XX/2020 I received a letter stating I had an outstanding balance of {$530.00}. I 

contacted the phone number for XXXX that I had for over a year, this number directed me to RMP 

services. RMP services states they never got a payment and there is no record of me paying. I went to 

my bank which gave me all the information showing when the payment was made and withdrawn 

from my account. RMP services is sticking to saying they dont have record of payment even though I 

have sent them all my banking info with proof where the payment was made. This company has now 

stolen my money and wants more. 

5. I spoke with the company General Revenue Corporation in XXXX of 2018 and they advised me that if I 

paid off my debt in full they would remove the mark from my credit score. Now 2 years later I apply 

for a mortgage and discover the collection is still listed on my credit report. I attempted to call the 

company to give them a chance to remove it assuming it was a mistake, and they inform me its 

company policy for them to never remove from a credit report. This contradicts the deal that we 
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agreed on when I originally agreed to make the payment. The manager acknowledged they do have 

the ability to remove, but due to their company policy they will not do so. I would caution all those 

who are being contacted by General Revenue Corporation to be wary of payments back to the 

company as they will tell you they will remove from your credit report, but will not do it. 

6. Applied for and received loan XX/XX/XXXX. Amount of XXXX $ They stated they were taking upwards 

of XXXX $ out of loan to register and pay any late fees associated with registration. i was informed that 

I will receive registration in mail within 2 weeks. 2 weeks after I receive loan my car was impounded 

for lack of registration. It took 3 days for me to get a hold of someone at the XXXX XXXX- and I had to 

inform them that the registration wasnt valid. Without my knowledge they taken my car out of the 

impound around XXXX XXXX XXXX and dont inform me until XX/XX/XXXX. I am fired from my job 

because my manager, XXXX XXXX, doesnt believe what I am telling him about my cars situation, 

because its simply the worst luck hes every hear someone having. XXXX XXXX XXXX XXXX XXXX XXXX. 

XXXX releases my vehicle to me stating that they Are adding the impound, tow, and repossession fees 

to my loan. ( My first payment hadnt been due yet ). Not until XX/XX/XXXX. They will tel you that its 

XX/XX/XXXX, but since car was impounded- they decided to unconditionally waive the first month. My 

vehicle was repossessed XXXX XXXX. During the covid lockdown period. When I asked them why a non-

essential business was doing things like this, they told me to get a job. I was evicted from my 

apartment 2 weeks before and had been living in my car. No one from 800loanmart called me. It took 

me 2 weeks to find my car. Which is now up for auction. I am homeless, no job and I cant get a job 

because they are closing gyms again. And I have no car. Please help me. This company has destroyed 

my life. Please help me. They didnt follow their first responsibility when obtaining my Title. This is 

wrong. I dont know what to do, and I lost all my medicine- I am a severe XXXX and have died from 

XXXX attaks before. Thank you XXXX XXXX 

7. American Express endorses mortgages with XXXX. I didnt have the best experience with XXXX and 

thought it was weird that one financial services company would endorse a product from another 

company. I looked into it a little and found something in RESPA that these sorts of arrangements are 

illegal. I wanted to bring this to your attention as Im not sure American Express has the best interest of 

their customers in mind with this process. 

 

 


