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Heavily allied to statistics, fields of human factors/ergonomics are 

developing ways to derive actionable conclusions from big data 

analytics in recent years through increased connectedness and 

computational power. While millions of reviews are generated daily 

for opinion mining to enable researchers to gain insights into 

users’ wants and needs, it is still often very difficult to analyze 

products that have small number of reviews due to their early stage 

of product life cycle or to their inherent characteristics. Yet, there 

are needs in objective analysis for those products to augment 

traditional way of gathering data through surveys and interviews for 

there are significant downfalls in those researches for their 

subjective nature. By observing similar domains, this study 

examines ways to analyze data small target domain with using data 

rich source domains in classification of user experience using 
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aspect-based sentiment analysis. By identifying opinion polarity 

towards aspects in similar domains associated with user experience 

as main target, the study examines to develop novel user 

experience framework to analyze small number of reviews.    
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Chapter 1 

 

Introduction 

 
1.1 Background and Motivation 

In the process of product or service development, gathering 

insights about users’ experience through usability testing along 

with other forms of user research is critical in order to produce an 

actual value upon development. This multi-stage problem solving 

process is often referred to as user centered design (UCD). 

Oftentimes such process starts with real-world problem in order to 

meet the actual user needs and requirement in a given environment. 

UCD requires researchers to envision how the product or service 

will be consumed by the users and to validate their assumptions 

basing on the real human behavior. To specifically meet the domain 

situation and to make systems usable effectively, these designs 

tend to support International Standard of human-centered design 

that are responsible for managing hardware and software design 

processes [1].  

Although International Standard does not provide detailed 

methods and techniques required for human-centered design nor 

does it address safety and health aspects in detail, it defines the 

usability which is a key component that leads to meaningful and 

relevant user experience.  

It states that the product can be used by specified users to 

achieve specified goals with effectiveness, efficiency and 

satisfaction in a specified context of use [1]. This highlights the 

fact that the usability, which integrates with the design of the 
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product and has very close relationship with the UCD, requires keen 

consideration and insight behind specific domain situation.  

Previously, gaining of deep understanding has been done 

through traditional methodologies including Focus group interviews 

(FGI), card sorting, questionnaires, and interviews. Yet, these 

traditional methods oftentimes require much time and money which 

makes it very difficult to collect large enough opinions to generalize 

the analysis of the overall user. Therefore, similar approaches for 

gathering insights about the users’ experience can be done 

through text mining and there is a very high potential that natural 

language processing and sentiment analysis can augment UCD 

process in near future with some advancements [2]. 

Along the advancements in computing power and in the 

availability of large data, the newer approaches are gaining huge 

attention for its efficiency and effectiveness. These approach of 

analyzing user’s opinion about the products or services is 

sentiment analysis and natural language processing.  

It has now become very easy to gain user opinion from a big 

sample size of customers which allows researchers to gain firm 

grasp on user’s needs and wants. However, there is a critical 

downfall for the review data for not all products or services have 

large enough reviews; there are products or services that 

inherently lack in the number of text reviews as they are newly 

introduced to the public or rarely reviewed by the public for its 

specific purpose of use. This makes it almost impossible to analyze 

small text reviews on those products or services to gain any useful 

insights from for they can be often overfitting and biased. 

Therefore, more effective ways to analyze those specific products 
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or services using text mining must be further explored and 

developed. 

 

1.2 Problem Description 

Sentiment analysis utilizes text analysis, natural language 

processing, and computational linguistics in order to systematically 

identify subjective information and affective states about given 

documents. By identifying subjective information from the source 

material, sentiment analysis allows companies to understand social 

sentiment behind their products or services. Amongst companies, 

such technique is widely applied in order to gather insights from 

customer voice basing on reviews and surveys that are acquired 

from online resources for applications of marketing to customer 

service. Also, due to the fact that traditional methods for UCD 

requires much time and money, this technique is becoming 

increasingly useful.  

Comparing with traditional methods that require much effort in 

collecting data to acquire insights from, natural language processing 

and sentiment analysis basing on texts is much more convenient and 

cheaper way to collect the data. Although it has a downside of the 

quality of the data being inferior to the data carefully collected from 

surveys or interviews, it has a huge advantage of being capable of 

collecting big data from larger pool of consumers for product or 

service. This allows researcher to gather big data with much less 

effort and to gain insights behind specified users as researcher can 

analyze specified context of use through mining the text.  

Such analysis has become much efficient and effective due to 

the rise of computing technology and the rise of big data. Many 
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companies aim to use data analytics in product creation which 

reflects the needs of the customers. Yet, such application is not for 

every product or service as the reviews or feedbacks exist only for 

the products that has been around for a while or that are heavily 

used by the general social norm; product or service that are new or 

that are not widely used by people has limitation on applying text-

based sentiment analysis and natural language processing due to the 

lack of data. Application without enough data can lead to overfitting 

of the prediction or classification result which ultimately leads to 

failure of marketing and targeting of right customers. Therefore, it 

is still preferred to collect data using traditional method for 

products or services which inherently do not have much feedbacks 

or reviews. This can be applied to newly produced products 

including smart watches, heath products, and electric cars. This 

study specifically focuses on electric cars as electric mobility is 

gaining its momentum rapidly.  

Despite the Coronavirus pandemic in 2020, electric car 

registrations increased in major markets including in China, United 

States, and Europe, and more than ten million electric cars are on 

the roads with battery electric models according to International 

Energy Agency (IEA) [3].  The number of electric cars is on the 

rise as governments aim to establish the eco-friendly world 

globally. Policy makers are taking pivotal roles in transforming the 

way we consume fuel in transportation by encouraging alternative 

fuels including electricity, hydrogen, and biofuels. Along with the 

rise of eco-friendly policies emerging, the electric vehicle’s 

market demand is forecasted to increase with compound annual 

growth rate of over 10% in next 5 years according to many 
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prominent consulting firms. Around 130 million electric cars are 

expected to be on the road by 2030, and growing concerns for 

environmental pollution is expected to act as catalysis for faster 

rate in electric vehicle market globally. Many companies from the 

private sector are committed to reduce emission according to IEA. 

For instance, major companies like Amazon, FedEx, and Walmart 

aims to be net-zero emission by 2040 and electrify the whole 

vehicle fleet [3]. Such commitment of the private sector along with 

public policy like Green New Deal, the popularity of electric 

vehicles definitely has gained its momentum and seeks for better 

designed product along with services provided within the vehicle. 

Therefore, it is critical to identify the negative aspects and 

downside of electric vehicle in order to match the needs of the 

customer within rapidly increasing demand vehicles for it will 

channel high customer satisfaction to successful sales and UCD of 

future cars.  

 

Figure 1.1 An Outlook for Electric Vehicle Market Share by 2030 
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In Figure 1.1, by looking at an outlook for electric vehicle 

market share by 2030, it is shown that the demand of the market 

will exponentially grow after 2021. This highlights the fact that the 

electric vehicle, which not yet has reached its maturity in product 

life cycle, requires much analysis for its efficiency, comfort, safety, 

and design in order to successfully meet sharply growing user 

demand. Therefore, this study aims to find a novel way to analyze 

data-few electric vehicle using data-rich gasoline vehicle through 

adopting good performing model from the source domain to the 

target domain while simultaneously extracting domain invariant and 

domain specific representations.  

 

1.3 Research Motivation and Contribution 

Natural language processing and sentiment analysis are not for 

every product; there are products that inherently lack in the number 

of text or review data which researchers can analyze upon. These 

products often include newly introduced products or services due to 

technological innovations which hasn’t yet reached the maturity 

stage in product life cycle and isn’t reviewed by many audiences. 

Or, these products can inherently be for specific group of 

customers which makes it very difficult to collect large amount of 

review data for natural language processing.  

If not enough review data exists for the product, such products 

often require surveys and interviews in order to acquire data and to 

gain insights from [4]. Yet, although surveys and interviews have 

advantages in being able to attain high quality data that aligns with 

researcher’s objectives, traditional methodologies like them 

oftentimes can be very time-consuming and costly. Number of 
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sample size is also very limited due to constraint of time and money. 

These often leads to limitations in objective research on review 

data and deeper exploration in mining opinions. Therefore, the 

purpose of this research is to find a breakthrough to analyze 

products that inherently lack in number of reviews to collect text 

data from without using costly surveys and interviews; this study 

aims to find such breakthrough by using text mining methodologies 

based on cross domain sentimental analysis.  

One of the ultimate objectives of this research is to create a 

new user experience analysis framework for data lacking products 

using insights from similar domains along with machine learning 

based methodologies. Adopting a good performing model to a target 

domain from a source domain in training, cross domain sentiment 

classification has demonstrated its effectiveness in recent years [5]. 

While only few of them takes consideration of domain specific 

information, this study aims to utilize domain-specific 

representation with target domain labeled data.  

This research utilizes Aspect Based Sentiment Analysis 

(ABSA) in order to analyze user experience for products that are 

not widely reviewed by the general public or that has yet reached 

maturity stage in product life cycle. Although surveys and 

interviews can deliver valuable insights about the context of use in 

using the product or services of interest, these methodologies 

require cumbersome procedures that are time consuming and cost 

inefficient. Therefore, this study seeks for more efficient and 

effective ways to classify user experience basing on text mining 

methodologies.  

Text mining-based methodologies are very useful especially in 
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responding to huge amount of online reviews that accumulate 

rapidly. Using ABSA which utilizes text data with natural language 

processing, it is possible to extract specific component and entity 

from user review document. Also, it is possible to identify user’s 

interaction attribute with the product as the analysis draws 

informative words from the document. These possibilities allow 

researcher to attain aspects behind the product along with user 

sentiments corresponding to those attained aspects. 

 This study was carried out with an assumption that the user’s 

sensitivity to aspect of the product rather than to the whole product 

is important to be identified in order to ultimately obtain unbiased 

feedback from the user about the product and to identify their 

sentiment towards the product or the service of interest. One of the 

reasons is because of the fact that there are overwhelmingly many 

positive reviews online compared to the number of negative reviews. 

Such behavioral tendency appears for only users who have positive 

experience of the product tend to leave the review resulting in the 

biased result. Yet, although the users may leave a positive review 

for the overall product, the assumption aligns with the idea that the 

users will not have equivalent sentiment about different aspects of 

the product. And, for the fact that there exists negativity potency as 

there are more room for a change once needs and wants of the 

users are identified, negative feedbacks must be identified with 

more weight of importance compared to the positive ones [6]. 

Users’ sentiment polarity and users’ opinions will be different on 

each different product components. For instance, electric vehicle 

users will have different aspect about seats, handles, comfort, 

safety, and so forth. It is important to notice the differences in 
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between each aspects and components, as aspect refers to bigger 

perspectives on the product or the service while component refers 

to smaller details that formulate the entity of the product of the 

service of interest.  

Analyzing all components separately, this study aims to focus on 

user’s negative sentiment towards product-specific elements 

found in text. Extracted insights will ultimately highlight the needs 

of the users and breakthroughs to improve user experience in using 

cars.  

Although electric vehicles are gaining huge attention and the 

number of reviews for these vehicles are rapidly increasing, the 

number of labeled reviews is yet to reach the number to train 

convoluted machine learning models and to explain any hypothesis 

and real-life phenomenon. Therefore, the targeted product selected 

in this study is an electric vehicle as the demand for electric vehicle 

is expected to increase sharply in the future due to government’s 

recent eco-friendly policies. In order to successfully meet the 

increasing demand with satisfying user experience in the future for 

the product, it is important to avidly observe the needs of the 

product prior to maturity stage in product life cycle; it is important 

to identify which parts, designs, and services are needed to be 

improved for electric vehicles basing on the negative feedbacks on 

each aspect. This study will be carried out basing on the data rich 

general gasoline vehicles as important user experience aspects will 

be identified from the big data using machine learning 

methodologies. Such observation is done to seek the possibility of 

analyzing data lacking domains like electric vehicles as aspects are 

extracted from similar domains like gasoline vehicles. These efforts 
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aim to contribute to natural language processing and sentiment 

analysis for the products that inherently have small data.  

The driving force behind electric vehicle’s rapid market 

formulation is propelled through worldwide national policies. 

Electric vehicles are expected to have high marketability like many 

of above-mentioned product as companies are rapidly reorganizing 

business around electric vehicles in line with stricter emission 

regulations and eco-friendly policies [7].  

Due to reduced purchase price and reduced cost of ownership 

with low maintenance costs, electric vehicle is attracting many 

consumers. This spread of electric vehicles is also shown through 

sharply increasing electric vehicle sales and recognition of the value 

of electricity in cars as key technology for responding to 

international environmental regulations and to improvement of 

competitiveness of auto industry. As consumers’ options expand, 

the growth of the electric vehicle model is likely to grow steeper 

both domestically and globally.  

Therefore, the main goal of this work is to identify key 

components of the product and user experience with those 

components in interaction through using text mining-based user 

experience analysis and cross domain transfer learning. These 

methodologies are expected to contribute to finding breakthrough of 

applying natural language processing and sentiment analysis to data 

lacking domains or products. These methodologies extract user 

needs and requirements for each component of electric vehicles and 

identifies key specifications that affect user sentiment while 

identifying the corresponding sensitivity influential factors for user 

experience.  
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This study aims to discover meaningful information about user 

review documents through text mining where series of analysis is 

carried out to obtain useful insights from large amount of 

unstructured text document. Extracting users’ intentions or 

sensibilities based on natural language processing rather than 

obtaining any knowledge from structured materials is to pursue 

analysis on large volume of review text data and evaluations of user 

reviews with improved the reliability of the analysis result. User’s 

sensitivity to electric vehicles from user generated data and applied 

ABSA method is expected to extract more granular user 

sensibilities on each components and aspects. This method is to 

acquire key attributes based on electric vehicles and insights behind 

user interaction with automobile by exploring sentiment expressed 

at sentence level in different domains [8]. Cross domain transfer 

leaning is applied in order to propose a novel user experience 

analysis framework that can identify vehicle elements that influence 

user’s sensitivity polarity.  

ABSA-based user experience framework proposed in this study 

is as following. The framework first applies unsupervised extractive 

approaches of TextRank and Naïve Method to extract noun phrases 

and collocations categorized from human factors perspective. Then, 

sentiment analyses based on machine learning and lexicon are used 

simultaneously and the two results are compared. In the phase of 

sentiment analysis based on machine learning, the models are 

trained with truncated text of first one or two sentences while 

support vector machine, naïve Bayes and neural network suited for 

text classification are utilized for training. This is done with the 

studied fact that the sentiment is mostly identified within first two 
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sentences [9]. Using trained model to label non-label data, semi-

supervised learning of self-training method is used. In other words, 

data with high probability provides label to non-label data, and it is 

retrained multiple times to raise the performance of the overall 

model. In addition, the sentiment analysis is progressed using 

models trained with sentence containing extracted aspect above to 

predict positive or negative sensitivity.  

 

 

Figure 1.2 UX Framework for classification of user experience in similar 

domains 

 

1.4 Organization of the Thesis 

The thesis is composed of 5 chapters. In Chapter 2, review 

literatures related to the problem is listed. In Chapter 3, we propose 

ABSA solution approaches. In Chapter 4, results of ABSA are 

presented. Finally, in Chapter 5, we give concluding remarks and 

possible future research directions of this thesis. 
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Chapter 2 

 

Literature Review  

2.1 Previous study of Aspect-Based Sentiment 

Analysis in different domains 

 

Aspect based sentiment analysis is a technique for identifying 

emotions for each sub-elements and characteristics of the target 

product for analysis. Early works using ABSA was a method of 

extracting aspect with high frequency of term appearance with 

assumption that the major vocabulary is frequently repeated. 

Calculating the emotional polarity against each keyword, the ABSA 

attempted to solve aspect extraction task [10]. Along with aspect 

extraction task, the most recent method of ABSA seeks to solve 

problems of sentiment polarity for each aspect. In order to extract 

emotions for each aspect, correct sentiment label from the entire 

corpus needs to be obtained from the text data. A typical sentiment 

analysis categorizes or predicts sensitivities for a given sentence or 

paragraph consisting of positive and negative sentiments. While it 

usually proceeds with the assumption that a given text has only one 

aspect and one polarity, more general and complex task is to predict 

the aspect mentioned in the sentence and the sensibilities 

associated with each aspect. 

Major challenges in utilizing ABSA refer to discovering fine-

grained aspects in the documents [11]. As the analysis seeks to 

solve multi-classification problem of aspect, it mainly targets 

aspect terms or aspect category labels along with user sensitivity 
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labels on five-point scale at each sentence or document level. The 

sentiment polarity is calculated through machine learning models 

basing on the user review from the website for products in research.  

Early ABSA studies tend to use review datasets for specific 

purposes often using product reviews and service reviews including 

such as restaurants, movies, and hotels. Automatically predicting 

users’ sentiment polarity basing on above mentioned data, 

sentiment classification was carried out along with exponential 

increase of online reviews. Such tasks of utilizing ABSA are 

actively done every year in international workshops like SemEval, a 

contest type ABSA. In each contest, participants solved shared task 

and evaluate labeled dataset in multiple domains with efforts to 

raise the prediction accuracy of their models [12]. However, there 

is very little data with aspect labels in real world industries, and it 

is often very challenging to analyze the review dataset and to result 

with good performing prediction models with high accuracy. As such, 

in absence of aspect terminology labels, unsupervised methods are 

applied to extract aspect and to analyze sensitivity. And, for such 

reason, good number of data must be acquired in order to train a 

machine learning models to perform classification or prediction 

without overfitting the data.  

Information extracted through ABSA is quite valuable since it 

cannot be extracted by applying general user evaluation or 

sentiment analysis. General user evaluation or sentiment analysis 

provides a rough grasp on the perspective or sensibility of users on 

the product, which ABSA can compensate for the by aiming to 

identify which aspects’ emotions refers to.  

Most paragraph or document-based sentiment classifications 
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have an average-out effect of user sensibility and biases that 

hamper the user experience analysis. Therefore, fine-grained 

sentiment extraction methods are increasingly required while 

focusing on sentiment polarity extraction across text reviews.  

The researchers have begun to discover topic from a given 

product reviews and to extract key attributes. Once there are 

enough number of reviews for the analysis, each user's sentiments 

are present in paragraph and sentences for effective user sentiment 

classification. Due to such facts, ABSA is gaining huge attention and 

is being considered as important methodology in sentiment analysis.  

Current methods of aspect extraction and sentiment prediction have 

shown remarkable growth in finding aspects and corresponding 

sentiments. 

Besides the ABSA, various topic-based sentiment analysis 

exists which uses user reviews and user's rating. One of the most 

iconic one is called Latent Aspect Rating Analysis (LARA) which 

calculates weights between each aspects and review ratings 

through linear regression in order to produce overall rating [13]. On 

the other hand, ABSA calculates polarity based on lexicon or 

machine learning methodologies independently without necessarily 

using the rating scores.  

Aspect based sentiment analysis not only focuses on 

researcher’s interest in analysis but potential customers of the 

product or service themselves. The analysis focuses on the flow of 

where manufactures and firms can systematically access the 

feedback of the users. ABSA mainly focuses on three main tasks 

which is extracting aspect term, categorizing each aspect terms, 

and calculating sentiment polarity for each aspect terms. Traditional 
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ABSA more focuses on Lexicon based approaches while more and 

more analysts are using machine learning based sentiment analysis 

with improved technology and computing power [14]. 

Aspect can be defined by the component and attribute that 

formulates the aspect. As mentioned previously, the components 

can be the smaller parts of the whole entity which can refer to as 

the aspect. Composing component for product or service each refer 

to the specific parts and building blocks of the whole. In the case of 

electric vehicle, components can be a battery, sound system, car 

seats, and software.  

On the other hand, attribute refers to the user's affect such as 

comfort or fun. There are multiple methodologies for extracting 

aspect and one of the most widely used topic extraction method is 

TextRank. TextRank utilized graph-based ranking algorithm based 

on PageRank which put weight on web documents based on 

comparative importance on online hyperlinks after analyzing 

citations and references of each documents. This widely used- 

keyword extraction algorithm finds the relationship between words 

basing on graph model, and important key phrase or vocabulary can 

be given weights in similar way upon application of TextRank [15]. 

In order to carry out the calculation in selecting important key 

words, TextRank calculates co-occurrence to justify similarities of 

two separate words. Co-occurrence within the document is 

calculated as number of selected windows between the distance of 

two words. 

In this particular study, TextRank was not utilized in order to 

extract aspects, but previous study of ABSA application on electric 

vehicle has extracted keywords using TextRank along with Naïve 
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method of selecting collocation and nouns that are highly related to 

user experience [16]. This study compares the key aspects 

extracted from cross domain sentiment analysis using gasoline 

vehicle for this similar yet more mature domain that has larger 

amount of data available to analyze on. The study seeks to attain 

more objective aspects for previous study inevitably allowed 

subjective intervention of the researcher in the phase of selecting 

the key aspects. 

In order to pursue an objective aspect extraction, cross domain 

sentiment analysis methodologies were taken closer look at. Central 

Moment Discrepancy which measures the discrepancy between the 

probability distributions of high dimensional variables has been one 

of the state-of-the-art metrics for domain adaptation [17]. This 

method introduces random sampling with respect to different 

probability distributions, regularizes domains for domain adaptation. 

If the central moment is close, the assumption is that the probability 

distributions between moments are also similar. Using such 

probability-based representation, learning of domain invariant 

information in different domains are considered in this study. 

Machine learning based sentiment analysis was employed in this 

study which utilized machine learning based algorithms to extract 

attributes from the text data to apply classification and prediction 

on sentences, paragraphs, or document-based data.  Convolutional 

Neural Network is deep learning model that is often utilized in NLP 

Tasks [18]. There are possibilities of losing spatial structure 

information in text or image after transformation into one 

dimensional tensor of vector and after imputation of multi-layer 

perceptron. The spatial structure information includes a sentence 
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consisting of continuous words, the location of a word in the 

document, and hierarchical structure. Therefore, there must be a 

way to preserve the spatial structure information of images or texts 

while learning the model; convolutional neural network is capable of 

such process.  

One of the main advantages of Convolutional Neural network is 

that the model can extract N-gram characteristics from the text 

document and produce informative latent semantic representation 

vector. Utilizing unstructured textual data, CNN successfully mines 

opinion and attitude of the users from a piece of text more 

effectively than the heuristic approaches of lexicon or frequency-

based methodologies [19]. Therefore, CNN is actively used in 

ABSA tasks.  

Another algorithm is attention based bidirectional-long short-

term memory. Long short-term memory was born to handle 

vanishing gradient problem form currently existing recurrent neural 

networks due to long and deep structure of the model. Long short-

term memory algorithm prevents loss of information of the past by 

applying the idea of cell state to the model.  Multilayer perceptron 

of the architecture predicts the labels token by token, dynamically 

analyzing sentiment of each aspects extracted [20]. As a limitation, 

since recurrent neural network or long short-term memory inputs 

information according to chronological order, the results often 

follow the pattern of the very previous pattern. To overcome such 

downfalls, bi-directional recurrent neural networks are suggested 

which adds another hidden layer in opposite direction in order to 

raise accuracy of the model. 

Third model is Hierarchical Attention Network which refers to 
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whole input sentence at every time step of predicting output words 

from the decoder. Yet, the main idea is not to refer to all input 

sentences at the same ratio, but to look more closely at the parts of 

the input words that are closely related to the word that is to be 

predicted at each time step. This model ignores overall semantics 

and dependencies amongst aspects. One document has a 

hierarchical structure order from word to sentience to document 

level and it is seen that a network is capable of learning features 

that are suitable to the network for learning a classifying document. 

Model is evaluated to be very consistent and studies that utilized 

these networks in ABSA Task has shown very good results as well 

[21].  

Fourth model bases on semi-supervised learning and it does 

not learn characteristics only from the text in predicting or 

classifying but can be used as wrapper method for above mentioned 

algorithms and it is very important as it can increase the accuracy. 

Out of all machine learning methodologies, supervised learning has a 

huge pitfall of requiring labels for learning the models, and semi-

supervised learning was proposed to overcome to overcome the 

critical downfall of requiring labelled dataset. Using labelled dataset 

with teacher model learned from the data, non-label data was fed 

as an input to the teacher model in order to calculate the prediction 

values. Out of the predicted values, focusing on the values with high 

prediction rate, pseudo label was given through label propagation. 

With the newly labelled data along with existing labelled data, 

student model is retrained in order to increase the accuracy of the 

classification accuracy. This is called self-training and it is one of 

the simplest semi-supervised learning models. semi-supervised 
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learning algorithm can be applied as wrapper method for all 

algorithms. This method allows to perform ABSA with significantly 

less amount of labeled data in the purpose of learning [22]. 

In heuristic approaches, there has been a lexicon-based 

approaches which identify sentiment polarity through predefined 

positive or negative vocabularies in the dictionary. Such rule-based 

algorithm bases on the sentiment score imbedded in the document 

is capable of identifying document's user polarity without label only 

if there exists dictionary for the analysis. This method is widely 

used for there are many sentences and documents that do not have 

labels in machine learning based sentiment analysis.   

Using a fine-grained technique ABSA, this study seeks to 

select key aspects within electric vehicle based on user reviews. 

The goal is to identify opinion and to extract sentiment polarity 

related to each aspect. After determining emotional polarities for 

sentences or documents based on machine learning models or 

lexicon, this study aims to check the correlation between the 

detailed specification of the main aspects and the user’s sensitivity 

towards aspect. Exploration of the influence variable is done 

through regression analysis. For instance, if it were to be the 

aspect of the car, the size, length, height, and rear length of the 

wheel base would be related key factors that will be studied further 

for user sentiment polarity after crawling them from online. 

In such process, this study aims to find a breakthrough using 

cross domain sentiment classification in similar domains with 

transferring the knowledge from the label rich source domain to the 

label sparse target label. Overlapping features between two similar 

domains is difficult to gather from the data that is not annotated, and 
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the recent studies often has focused on domain invariant features 

across the domains that has similar feature distributions [23]. Yet, 

this study aims to more focus on domain specific features and to 

prevent the loss of the domain specific information. 

 

Figure 2.1. Domain Invariant and Domain Specific Features Between Two 

Similar Domains 

Yet, this study aims to more focus on domain specific features 

and to prevent the loss of the domain specific information. Figure 

2.1. illustrates the domain invariant and domain specific features 

between two similar domains of electric vehicle reviews and 

gasoline vehicle reviews. Motivated by the fact that the limitation of 

using domain invariant features losses the information of strong 

indicators of label few domains which is the domain of the product 

or service of our interest, this study observed compatibility of the 

transferring in the knowledge from the source domain to the target 

domain. 

Previously, the training of the cross-domain classifier was done 

by utilizing labeled source data and small number of target data 

[24]. Yet, these studies had a labeled data and the study could have 

been done in a supervised fashion. Different practice was done with 

trained classifiers with labeled source samples and fine-tuned 

classifier with the target labeled data as matching the distributions 
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using semi-supervised and some unsupervised methodologies. With 

using unlabeled data, the methods focusing on extracting domain 

variant features through feature generator minimized the 

classification loss [25]. 

Considering the data from the source domain and target domain 

as Xs and Xt accordingly, feature generator G( ∙) is trained with 

assumption that the P(G(Xs)) ≈ P(G(Xt)). After training the 

classifier with domain invariant features using both source and the 

target data, the domain specific classifier is trained with target data 

for the study seeks to find a way to use as objective information as 

possible. This work contributes to explore such cross-domain 

classification task by encoding the characteristics of the target 

domain.  
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Chapter 3 

 

Research Method 

 

3.1. Data Collection and Data Preprocessing 

Labelled data refers to a review with user’s satisfaction level 

in numeric range. In this study, such data was collected from car 

forums. After accessing all of the famous car forums and identifying 

websites that have as many reviews, data was collected from a total 

of five car forums, including Edmunds.com, Cars.com, Cargurus.com, 

Carfax.com, and Carbuyers.co.uk. All vehicles present in the forums 

were targeted in this study.  

Python library called Beautiful soup was employed for data 

collection in order to extract key information within each car forums 

effectively and to store them separately. With an effort to collect as 

much data as possible, 4,314 user reviews for 30 electric car 

models were collected along with 222,141 user reviews for 61 

gasoline car models. 

 

  

Figure 3.1. Rating Distribution for Electric Vehicle ( left) and Gasoline 
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Vehicle (right) 

 

General histogram for rating were generated and this showed 

that the electric vehicle has J-shaped distribution of the rating 

while the Gasoline vehicle has highly biased review rating towards 

the positive reviews for the reviews were attained from car forums.  

 

   

Figure 3.2. Word Count for Electric Vehicle ( left) and Gasoline Vehicle 

(right) 

 

Figure 3.3. Sentiment Polarity for Electric and Gasoline Vehicle 

The average word count for the Gasoline Vehicle also showed to 

be longer than the electric vehicle. The line across figure 3.2 for 

both histograms represents median instead of average for both 

reviews and central tendency for the word count showed about 
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similar length of the word counts. Sentiment Polarity distribution in 

Figure 3.3 showed similar distribution of the sentiment polarity that 

is slightly positive with normal trend. These calculations were done 

through using TextBlob. 

After the collection of the text data, removing and replacing 

operations on text are performed. This process of removing and 

replacing of text were done in similar manner with the previous 

study in order to suit text analysis. Stop words, URLs, Emoticons, 

and other unnecessary text components were carefully selected and 

removed. Abbreviations, slangs, negations, contractions, elongated 

words, and capitalized words were replaced with compatible 

vocabularies. Unnecessary vocabularies and terminologies with 

standardized vocabularies were deleted. Such task of effectively 

embedding the texts ins necessary in order to produce better 

performing model after training the model.  

After splitting text into words through process called tokenizing, 

part of speech tagging was done using Stanford CoreNLP. Then, 

basing on the information of the parts of token, lemmatization was 

carried out as a part of preprocessing process.   

In this work, since noun and adjectives were mainly considered 

as important entities, tokenized texts were mainly considered to be 

nouns and adjectives in lemmatization. Python NLTK library was 

used in lemma extraction and tokenizing. As it was car related 

review, words like ‘car’, ‘drive’, and ‘mile’appeared the 

most. However, the words like ‘car’ are too commonly found in 

texts, and it is hard to verify their significance in text analysis. 

Therefore, some prevalent words like ‘car’ were considered as 

stop words and were removed from the list. Since this study does 
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not focus on identifying the relevance and similarity between 

automotive models, automotive manufacturer’s name and model 

name were also included in the stop words list.  

Most dominant words from two different domains were 

represented with word clouds in figure 3.1 and figure 3.2. Although 

the most popular words were very similar including prevalent words 

like ‘car’ and ‘drive’ in the beginning, after rewording and 

removing through the cleaning process, the unique words appeared 

to represent two different domains. While electric car domain had 

domain specific words like ‘charge’, ‘electric’, and 

‘battery’, the gasoline car domain showed its domain specific 

words ‘mpg’ and ‘mileage’ along with some user experience 

aspects including ‘fun’, ‘interior’, ‘seats’, and 

‘comfortable’. 

 

 

Figure 3.4. Electric Vehicle Word Cloud 
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Figure 3.5. Gasoline Vehicle Word Cloud 

While words with excessively low frequency of appearance can 

be excluded from natural language processing, this study did not 

separately limit the size of the word set. The size of the entire set 

of words was saved by adding 1 considering that the number 0 word 

that is a token for padding. Additional zeros for short sentences 

with truncated sentences allow each document to be at a similar 

length and allow input size to be same for learning. 

 

3.2. Aspect Based Sentiment Analysis  

 

ABSA is largely divided into two processes. First process is the 

aspect extraction where we find embedded product component and 

attributes in each review. Second process is the sentiment analysis 

process at the sentence level through sentiment prediction model. 

We proceeded with ABSA methodology with the preprocessed 

dataset.  

One of the main considerations of performing ABSA is to 

determine the level of sentiment analysis before carrying it out. 
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The level to sentiment analysis should be considered since there 

exists linguistical hierarchy in text.  

Text can be analyzed at document, paragraph, sentence, and 

word levels depending on the hierarchical structure of the text. 

Depending on each different level, ABSA can result differently. 

ABNSA is a method of classifying users’ opinions by aspects using 

the dataset. And, the datasets with component and attribute labels 

in paragraph units matches paragraph level sentiment for analysis 

while sentence by sentence sentiment analysis is carried out for 

sentence unit dataset.  

Previous study applied TextRank and Naïve Method as two 

main extractive approaches for aspect extraction. Both methods 

were to extract Noun Phrase. TextRank was used to obtain N-gram 

and collocation and Naïve Method focused more on extracting all 

existing independent vocabulary.  

TextRank requires the creation of a graph for it is a graph-

based model. TextRank builds a word graph and applies graph 

ranking algorithm in order to find collocation and n-gram. Each 

vocabulary serves as a vertex of the graph with the vocabulary 

index within the entire vocabulary list. Weighted Edge Matrix 

contains all of the connection information between edges and 

vertexes. Weighted edge [i][j] stores the weight value. The linking 

edge between the word vertex is expressed in lexical index i while 

the word index is expressed in lexical j. This means that the 

weighted edge [i][j] is 0 when there is no edge connection between 

the words represented by index i and j. If a word coexists within 

the specified ‘window_size’ in the text, there is a connection 

between the words. The connection edge in weighted edge[i][j] 
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value increases by the amount of ‘1 divided by the distance 

between I and j within weighted edge [i][j]’ for all connection 

found in similar word in different location. The score on a Vertex is 

initialized to 1 except for the fact that the self-connections are not 

considered. Weighted edge[i][i] therefore is zero and all vertex-

related undirected connections are calculated as weighted sum.  

Scoring for Vertex j connected to vertex i, the TextRank formula 

mentioned is used for calculation with d as the damping factor. 

Damping factor is updated by rotating the corresponding score until 

the convergence.  

The second method was a naïve method which collects all 

consecutive word combinations that appear only for adjectives and 

nouns. Then, obtaining noun phrase and collocation via redundancy 

pruning was done. This method is very similar to finding frequently 

appearing nouns and noun phrases which covers commonly used 

vocabulary in users’ comments on different aspect of an entity. 

Through the collection of continuously appearing nouns or noun 

phrases, users’ opinion about electric vehicles or about the parts 

that formulate electric vehicles were desired to be acquired. The 

study expected that obtained adjectives would represent key 

emotional vocabulary and would describe users’ key emotion 

about the electric vehicle. Additionally, collocation of adjective and 

noun combinations is obtained limiting the extraction of noun or 

adjective vocabularies by adding them as stop words. This method 

was named naïve method as it considers all nouns with more than 

one consecutive appearance rather than counting them basing on 

different semantic or word positions. Thus, for extracted noun 

phrases and collocations, redundancy is calculated to be high if the 
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common words appear more than 50 percent of the total number of 

words, and if word appeared more than 10 percent of the total 

words, the words were considered to be the common words. After 

such redundancy pruning, certain vocabularies that appear more 

than the threshold were selected as common words. The threshold 

number was set to be 5 following the previous study.  

Since the dataset used in this study does not have paragraph or 

sentence specific aspect labels, sentence level sentiment polarity 

was identified. For aspect level sentiment analysis, the study 

performed sentence wise polarity predictive modeling with aspect-

based machine learning models. Considering the sensibility of the 

sentence which may not be accurately classified due to insufficient 

labelled data, previous study simultaneously analyzed it using 

lexicon-based emotions. In this study, sentiment polarity of 

sentences based on machine learning models train texts with user 

satisfaction labels. Importantly, text and review ratings of the first 

two sentences or first 150 characters of the reviews were used for 

learning. Just like the previous study, this were carried out on the 

premise of polarity of the entire document being possible to be 

judged by looking at first two sentences of the review; related 

study that proposes the sensitivity of a sentence with a length less 

than 1041 can be judged [26]. Data with user satisfaction label on a 

review basis have been trained in machine learning models through 

word-based embeddings and detailed procedure is as follows. 

Preprocessing for embedding was done initially, limiting the 

length of the sentences slightly smaller than the average length of 

the review texts. As a sort of truncated review, this study has cut 

the sentences and limited the word lengths to be about 150 words. 
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If 150 words were exceeded, subsequent texts were ignored while 

shorter reviews were extended to be 150 words with zero paddings. 

The sentence embedding process is done secondly as word 

embedding, which is a method of representing words in dense 

vector form.  

In the study, Term frequency (TF-IDF) is used to weight the 

importance of each word in a document using term frequency and 

reverse document frequency. Although the meaning of the word is 

not in dense vector form, TF-IDF was chosen since it could aid 

document classification and similarity verification of positive and 

negative documents. This can be done through making a sparse 

representation called document word matrix which can be used to 

weight TF-IDF.  

Machine Learning model selection was carried out followingly. 

Logistic Regression Classifier was used as a baseline amongst other 

traditional machine learning models. Support Vector Machine (SVM) 

and Naïve Bayes were also used. All of these models are heavily 

used methods for text classification. Classification performance is 

compared amongst traditional machine learning models with emotion 

prediction performance of deep learning based artificial neural 

network. The reason for selecting logistic regression as a baseline 

model was because emotional analysis in the study is ultimately a 

binary classification problem between positives (1) and negatives 

(0). In practice, logistic regression models are not heavily applied 

to document classification but logistic regression can be a 

representative algorithm for solving binary classification problems 

as a baseline.  

Total of four models were applied and the first one was support 
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vector machine. A support vector machine is a supervised learning 

model which finds a hyperplane that minimizes the margin between 

classes. By using kernel tricks, SVM transforms the nonlinear 

problem into linear problem, allowing linear separation of high 

dimensionality within the data. SVM has a representative advantage 

as it can effectively operate on high dimensional input such as text 

and can classify such data smoothly avoiding multicollinearity 

problem. In this study, the most commonly used kernel was RBF 

kernel.  

Next model that was employed was traditionally used classifier 

called Naïve Bayes. This model is frequently used for text 

classification and it has compliant performance along with SVM 

amongst machine learning models. Basing on supervised learning of 

Bayes Theorem, model counts each word’s frequency in entire 

corpus to obtain both the probability and likelihood for prediction 

purposes. Yet, we need an assumption that all features are 

independent from one another for the probability of appearance is 

calculated under such assumption. Naïve Bayes model works well 

with the bag-of words technique as it ignores the order of word 

appearance and only counts the frequency of the words in the 

document. Naïve Bayes has an advantage of high performance in 

small computation, making it the most popular model for text 

classification prior to deep learning.  

Another model that was used was convolutional neural network 

which is a way to preserve spatial structure information inherent in 

the text while learning. Especially since the order of appearance of 

words or representations or words is very important for 

understanding the meaning of the overall text, CNN was expected to 
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be an appropriate model in this experiment. This study was 

conducted by designing a 1D CNN model that receives a sentence 

matrix transformed into vector as an input.  

Bi-directional LSTM and Bi-LSTM with Attention were also 

used. Text classification can be performed with one-way LSTM but 

sometimes it can be more robust to use bidirectional LSTM which 

can produce much effective classification with addition of attention. 

Therefore, in this study, sentence-wise sentiment classification 

with bidirectional LSTM with attention mechanisms was used for 

sentiment classification. 

Lastly, using the gasoline vehicle review data, Cross Domain 

Aspect Label Propagation (CD-ALP) was used in an effort to 

minimize subjectivity of the researcher in process in extracting 

aspects. Figure 3.6 and Figure 3.7 illustrates the architecture of 

aspect label propagation that was used. This method aims to 

identify common features from source and target domains in 

learning the classifier from the labeled aspect in source domains. 

This is compared with above mentioned popular classifiers in order 

to evaluate the model’s impact in new target domains.  
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Figure 3.6. Cross- Domain Aspect Label Propagation Algorithm 

 

 

Figure 3.7. Cross- Domain Aspect Label Propagation Illustration 

 

All models were compared in performances. Models were 

trained with truncated text and classification performance was 

improved for the best performing model with semi-supervised 

learning. The sentiment was predicted with trained models with 
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sentences including aspects as input. Therefore, sentiments were 

predicted by entering sentence by sentence text data into a model 

that has learned the first 150 words of the reviews.  

After analyzing the performance of the classifiers, novelty 

detection was carried out using local outlier factor methodologies. 

By analyzing the distance and density within the data, the novelty 

score is calculated by each different aspects of the vehicles. Higher 

local outlier factor was analyzed to be outlying factor.  

For the distance metrics, k-distance was calculated and both 

closely gathered data and heavily separated data were explored 

with local reachability density measure. For the documents 

including extracted aspects, TF-IDF was utilized in detecting in 

finding normal and unrepeated words to identify outlying 

information about the user needs and wants. Top 100 vocabularies 

were extracted from both random and specific documents.  
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Chapter 4  

 

Results 

4.1.  Aspect Based Sentiment Analysis  

 

As a result of aspect extraction, components related to user 

characteristic in various electric vehicle were extracted. Total eight 

aspect of components and attributes were extracted for both 

electric vehicle and gasoline vehicle. Key building blocks of user 

experience were categorized by these components and attributes. 

The categories included human factor items including effectiveness, 

efficiency, and usability.  

Total of seven models were utilized in emotion classification 

modeling which learned positive and negative labels basing on 

reviews. Baseline metric used in comparing the performance of the 

models was Macroaverage F1- score, which was chosen for there 

is a huge importance to increasing the performance predicting 

negative minority class opinions in this particular study. The data is 

positively biased and due to such imbalance, the model’s 

prediction likely is to result positive class which leads to very high 

accuracy with very low accuracy. Therefore, the study needs to 

make as high recall for negative comments as possible; macro 

average F1-score was used for it is calculated by taking arithmetic 

mean of precision and recall, making it the most sensitive indicator 

to recall of the minority class. 

Aspect Label Propagation model performed great but CNN 

found to be the model to show the best performance. Bi-LSTM with 



 

３７ 

 

Attention and Hierarchical Attention Network seemed to also show 

higher performance when there are enough data for the target 

domain. Yet, the important point here is to note the fact that the 

rest of the models beside cross domain aspect label propagation 

method utilizes researcher’s subjective opinion in process of 

extracting collocation and noun phrases for training process. On the 

other hand, small number of labels may have caused overfitting 

problem of transfer learning in fine-tuning and there were 

difficulties in increasing model performance, but CD-ALP method 

utilized data from different domain in effort to maintain objectivity 

of the analysis as much as possible.  

 

Model Accuracy Precision Recall F1-score 

CNN 0.90 0.59 0.80 0.68 

CD-ALP 0.91 0.53 0.77 0.63 

Bi-LSTM with 

attention 

0.93 0.50 0.79 0.61 

HN with 

attention 

0.95 0.48 0.68 0.56 

Transformer 0.93 0.50 0.75 0.60 

NB 0.92 0.55 0.80 0.65 

LR 0.90 0.59 0.75 0.66 

SVM 0.90 0.59 0.75 0.66 

Table 4.1. Sentiment Analysis Result 

 

4.2.  User Experience Classification and Aspect 

Implementation 
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In order to compare the two different domains and propose 

user experience classification in two domains, the analysis utilized 

aspect extraction result in order to categorize the component and 

attributes in describing usability with satisfaction, efficiency, and 

usability with human factors.  

 

Satisfaction Efficiency Effectivity 

Comfort Design Driving Interfac

e 

Ease 

of Use 

Reliable 

Quality 

Performanc

e 

Utility

/ 

Syste

m 

Leg, 

arm, 

seat, 

noise, 

rest, 

comfort, 

quiet, 

conveni

ent, 

head, 

position 

Design, 

room, 

space, 

size, 

color, 

interior, 

exterior, 

appeara

nce, 

luggage, 

luxury 

Fun, 

safety, 

accelera

tion, 

braking, 

driving, 

speed, 

manual 

UI, 

dashboa

rd, 

access, 

display, 

pedal, 

user, 

manual  

Efficie

ncy, 

control

, easy, 

simple

, 

intuiti

ve 

Charger, 

super-

charger, 

charge 

port, 

price, 

warranty

, value, 

issue, 

need, 

problem

, limit, 

claim 

Power, 

battery, 

battery life, 

charge, 

recharge, 

performanc

e, mileage, 

range, mph 

softwa

re, 

door, 

body, 

tire, 

suspen

sion 

 

Table 4.2. Electric Vehicle Aspect Extraction and Categorization for User 

Experience 

Satisfaction Efficiency Effectivity 

Comfort Design Driving Interfac Ease Reliable Performanc Utility
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e of Use Quality e / 

Syste

m 

Leg, 

arm, 

arm 

rest 

seat, 

seat 

adjustm

ent, 

Back 

seat, 

noise, 

rest, 

comfort

, quiet, 

conveni

ent, 

bumper

, knee, 

head, 

position

, foot 

Design, 

room, 

space, 

size, 

trunk, 

color, 

look, 

interior, 

exterior, 

appearan

ce, 

luggage, 

cargo, 

luxury 

Fun, 

safety, 

accelera

tion, 

braking, 

driving, 

handling 

steering, 

speed, 

manual 

UI, 

dashboa

rd, 

access, 

display, 

pedal, 

shifter, 

user, 

update, 

compati

ble, 

manual, 

screen, 

visibilit

y  

Efficie

ncy, 

capabi

lity, 

anxiety

, 

mode, 

control

, easy, 

simple

, 

intuiti

ve 

quality, 

sustain, 

money, 

price, 

warranty

, value, 

lag, 

trouble, 

issue, 

need, 

problem

, limit, 

claim, 

mpg 

Power, 

performanc

e, mileage, 

range, mph, 

cooling, 

heatng 

Engine

, 

softwa

re, 

transm

ission, 

door, 

powert

rain, 

body, 

tire, 

suspen

sion 

 

Table 4.3. Gasoline Vehicle Aspect Extraction and Categorization for User 

Experience 
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Figure 4.1. ML based ABSA on Electric Vehicle 

 

Figure 4.2. ML based ABSA on Gasoline Vehicle 

 

The sentiment analysis was carried out in Figure 5.1. 

and Figure 5.2. for the sentences including extracted aspects 

in Table 5.2. and Table 5.3. for electric and gasoline vehicles. 

Out of the eight categorized classes including comfort, design, 
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driving, interface, ease of use, and driving, the sentences 

including total 97 total aspect were analyzed. The category 

was the result of multiple aspects extracted from the review 

dataset. 

The result shows that the reviews are generally neutral 

or positive. Comparing the two different aspect analysis, it can 

be shown that users are more satisfied with driving in 

gasoline cars while they are more satisfied with design, 

interface, and comfort of electric vehicles. This can be due to 

the fact that the electric cars are trendier and they are quieter 

with fairly newer interiors and body design. On the other hand, 

users are more satisfied with driving and utility and system of 

the gasoline cars due to the fact that they are more used to 

traditional modes and system of the cars and for they enjoy 

driving experiences with gasoline.  

Utilizing Doc2Vec distance based local outlier factors 

were analyzed as high local outlier factors were found in the 

progress. In each two different dataset, top ten percent of 

local outlier factor were extracted and using co-occurrence 

methodology, keywords consisting each document were 

analyzed. In both domains, out of 100 vocabularies extracted, 

81 in gasoline vehicle and 85 in electric vehicle were found to 

be unique, and about 75 percent of those vocabularies were 

similar. This highlighted the fact that there are similar 

vocabularies that the drivers care about or differently about in 

between two different domains in general. Vocabularies 
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related to in-car driver experience including ‘breaking’, 

‘noise’, ‘comfort’, and ‘interior’ were found commonly which 

implied that the needs and wants of satisfaction of the user 

are similar in two domains. Yet, the vocabularies that 

appeared the most were related to ‘mileage’, ‘mpg’, ‘battery’, 

and ‘charge’ which are efficiency and effectivity of user 

experience. While the vocabularies differ, both ‘mileage’ and 

‘mpg’ are similar in context with ‘battery’ and ‘charge’ in two 

different vehicle products, and these illustrates the fact that 

drivers’ most concern is about the reliable factors and 

performance of the car. Although they require technical 

advancements in vehicles themselves, they are found to be 

the key factors that dictate user experience and drivers’ 

sentiment polarity. 

 

Review Novelty  

Perfect car for commuting to work. I have a 

20 mile commute and charge at work. Charge 

at home maybe twice a week. After one month 

avg a whopping 2000+ mpg!!!! My saving in 

gas almost covers my payment! 

 

1 

50 MILES ON A CHARGE, NO GAS ON MY NORMAL 

COMMUTE, AND DUSTS EVERYTHING IVE BEEN UP 

AGAINST. THIS CAR IS AMAZING  

1 

Absolutely the WORST.  Bought a Model X and 

was forced to drive 2 hours to Ft Lauderdale 

to pick it up. When we got there the car was 

not charged so we had to drive to a charging 

station to get home. The wall charging Plug 

was back ordered(which they did not tell us) 

so we had to order the part online.  Now the 

plates did not arrive after 30 days so we 

have another temporary plate.  

-1 

I lose a lot of time in charging the battery -1 
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of the car, I need more than 3 hours to 

charge 100% and that gives me between 80 and 

90 miles. I feel that at any moment the 

electrical system can fail 

I don't recommend buying your EV from a 

dealer who has no experience or training 

from the manufacturer. Besides not knowing 

anything about charging EVs, I bought the 

car woefully ignorant of the effect of cold 

on the range. Heat uses a lot of watts. 

-1 

Table 4.4. Example of Novelty Detection for Aspect Documents Using Local 

Outlier Factors 

Utilizing Doc2Vec distance based local outlier factors 

were analyzed as high local outlier factors were found in the 

progress. Using high novelty score as outlying vocabularies, 

narrowed down documents were analyzed in order to classify 

user experience and to attain insights from.  Above table 

illustrates the local outlier factor found in electric car dataset 

with performance aspects. It is found that the heavy weight 

and size of the battery in electric car causes the most of user 

experience issues. The battery size reduces trunk in many 

models and heavy weight of the battery causes bad driving 

performance hindering braking and cornering tasks in the car. 

For charging, although it turns out that the charging station 

and charging speed has turned out to be much better in recent 

years and is getting better rapidly, it seemed to cause main 

frustration when there isn’t charging station nearby or the 

driver is not used to electric vehicles. 

 

Chapter 5 
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Conclusion 

5.1. Conclusion 

 

This study proposed analyzing data small domain with ABSA 

with help of domain adaptation methodology. Although the domains 

are similar, for data rich source domain with cross domain 

sentiment analysis of aspect label propagation resulted worse 

performance compared to traditional classifiers including CNN, LR, 

SVM, and NB. This was due to the fact that the rest of the 

classifiers had aspect extraction of naïve method which had 

subjective opinion of the researcher who has deep understanding 

behind the user needs and wants. For this reason, the aspect may 

have been more context specific but could also be biased due to the 

subjectivity involved. Therefore, proposed methodology has an 

advantage in objectivity of the analysis, and there are potentials in 

carrying out more insightful analysis in data apt domains with such 

implications. 

After ABSA, documents including aspects were narrowed 

down through distance based local outlier detections. The 

documents were then analyzed to acquire insights from. The result 

highlighted the critical issues of electric vehicle. Although charging 

issues were shown to be getting better very rapidly throughout the 

years, there were technical issues which involve the heavy weight 

of the battery in the car and fast usage of the battery when heating 

or cooling the room inside the car. Similar conclusions of the issues 

could have been drawn upon analysis of local outlier factors, and 
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such analyses are summarized and organized by aspects for further 

development of sentiment classifier and user experience analysis 

framework. 

 

5.2. Future Direction 

 

We plan to extend the study with further investigating the 

relationship within the vocabularies extracted through observing 

their frequency and correlations. Basing on such information, user 

experience framework that focuses on usability of the product 

mentioned in this study will be further developed. Also, the cross-

domain transfer learning-based aspect extraction method will be 

further explored in order to develop higher performing aspect 

extraction methodologies for novel user experience analysis 

framework.  
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국문초록 

 

통계분석과 밀접한 관계가 있는 인간공학 분야에서는 지난 몇 년 

동안 빅데이터 기반의 분석을 추가로 시도하며 결론을 도출하는 데에 

도움을 줄 수 있는 실행 가능한 새로운 연구 방법을 고안하고 있다. 

현재 연구자가 사용자의 요구와 기대에 대한 통찰력을 얻을 수 있도록 

오피니언 마이닝을 사용한 사용자 경험 분석은 활발하게 진행되고 있다. 

하지만 여러 제품군에 대하여 데이터는 매일같이 수백만 개가 생성되고 

있는 반면, 제품 수명 주기의 초기 단계에 있는 제품이나 제품의 고유 

특성상 리뷰 수가 적은 제품들은 위와 같은 분석을 진행하는 데에 큰 

한계점을 지니고 있다. 이러한 제품일수록 성공적인 제품 생산을 

위해서는 사용자 만족도를 위한 사용자 경험 분석을 필요로 하기에, 본 

연구에서는 이러한 점을 극복하고자 한다. 설문조사와 인터뷰를 통해 

데이터가 부족한 제품군들에 대해 분석을 진행하던 전통인 분석 방법을 

강화하기 위해 보다 객관적인 데이터 기반 사용자 경험 분류를 유사한 

도메인을 관찰함으로써 해결해 보고자 한다. 본 연구는 데이터가 적은 

도메인의 제품 또는 서비스의 사용자 경험 분석을 위해 유사한 도메인의 

잠재 요소 감성분석을 기반으로 식별된 요소를 통해 리뷰를 분석하는 

새로운 사용자 경험 프레임워크를 개발하기 위한 검토를 실행하였다. 
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