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Abstract: - The Malaysian property industry has suffered due to increasing numbers of unsold properties, especially high-rise residential 

types. Industry practitioners believed the absence of accurate market data for developers caused a mismatch where the developer failed to 
provide the right properties for the market demand. Thus, a crucial need to understand public opinion on sentiment and preferences for 

high-rise property. This study derived an online-reviews-based process for evaluating public sentiment and preferences to understand the 
reason behind the imbalances of supply and demand currently faced by the property industry in Malaysia. The present study introduced 

an alternative approach to the evaluation of public sentiments and preferences towards high-rise residential via sentiment analysis and 

interpreted the cause of positive and negative opinions via Term Frequency-Inverse Document Frequency (TF-IDF) analysis. To 
demonstrate the applicability of the proposed approach, an experiment based on multiple high-rise properties as a case study. The 

findings are expected to be employed by developers/government in the evaluation of their weaknesses and strengths on the high-rise 

properties project and how developers/government can improve certain areas. 

Keywords: Sentiment Analysis, text mining, high-rise residential, user-generated data; Construction Industry. 

I.INTRODUCTION 

The current Malaysian property market situation with high numbers of unsold residential projects caused 

major concerns among developers and the government. Oversupply and unsold residential have been 

considered major issues that undermine the success of meeting housing needs (Swan Ng, 2019). Major 

property consultants such as Knight Frank Malaysia predicted that Malaysia’s property market to be moving 

slower in 2018 and will remain challenging even in 2019 (Zakariah, 2019). Currently, until February 2009, 

there is RM 29.47 billion value of unsold residential in Malaysia. The value of unsold residential projects was 

due to several reasons such as indiscriminate buildings by the developers, lack of market studies, and 

financial feasibility studies (Swan Ng, 2019). The performance of residential projects either success or failure 

also depend on the style of leadership and project manager’s emotional intelligence (Hanafi et al., 2022). 

Project managers who develop their emotional intelligence are more self-aware, can manage their emotions 

and behaviours, and build genuine friendships and connections with the people around them.  

A lack of market studies leads mismatch where the developer fails to provide the right properties for the 

market demand. Industry practitioners believed the absence of accurate market data for developers caused the 

mismatch. If the situation continues, it could even affect Malaysia's economy. Therefore, to deal with these 

aforementioned issues in the Malaysian housing industry, the government and housing developers should 

investigate and regulate their housing activities to suit buyers’ needs and preferences (Swan Ng, 2019). The 

crucially need for Big Data analytics in the property industry in market studies has been strongly suggested 

by Malaysian industrial experts and later supported by the Minister of Housing and Local Government (Kay, 

2018; Rosli, 2019).  
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Public reviews on property shared through social media have become a very influential information source 

that impacts the property industry in many ways.  In the We Are Social: Digital in 2018’s report, the results 

show that 25 million Malaysians are Internet users and 95.7% of them are active social media users. Research 

indicates that Malaysians allocate approximately 8 hours daily to surfing social media platforms (Statista, 

2019). Moreover, the survey done by the National Association of Realtors shows that 90% of home buyers 

now use the internet as their information source for searching and sharing information regarding real-estate 

products such as residential (Realtors, 2017). Although several researchers have utilized analysis of online 

reviews in the property domain, most of them have focused on investigating the Real Estate Investment 

Market (REIT) (Ruscheinsky, Lang, & Schäfers, 2018), housing market price changes (Walker 2014), 

housing location, neighborhood evaluation (Tan, Cheng, & Wei, 2017), and modelling of real estate 

investment (Fu et al., 2015). They do not provide public sentiment and preferences towards high-rise 

residential property.  

In brief, this study has a contribution and differs from past studies in that it applies well-known sentiment 

analysis to identify public sentiment in Malaysian property and identify public sentiment and preferences in 

housing purchasing.   The rest of this study is as follows: section 2 literature review of related studies, section 

3 is a research methodology, and section experiment with case studies with the proposed method. Finally, 

section 5 concludes the findings.  

II.HOME BUYERS’ SENTIMENT AND PREFERENCES  

Homebuyers' sentiment is playing a significant role in influencing the property market. Several researchers 

have investigated the relationship between homebuyers' sentiment and the property market (Dietzel, 2016; 

Hausler, Ruscheinsky, & Lang, 2018; Ruscheinsky et al., 2018). In short, the more positive homebuyers’ 

sentiment will indicate a rising trend in homebuyers’ confidence and add to an improving housing market. 

The output from investigating homebuyers' sentiment is significantly important as a very influential 

information source that impacts the property industry.  

Meanwhile, the identification of homebuyers' preferences is also important for developers, government, and 

other stakeholders to effectively fulfil the market demand (Koklic & Vida, 2001; Kömürlü, Gürgün, & Arditi, 

2013; Rahadi, Wiryono, Koesrindartoto, & Syamwil, 2013; M. I. Razak et al., 2013). Thus, name types of 

research on residential purchasing preferences have been carried out over the last few decades (Branigan & 

Brugha, 2014; Gawlik, 2016; Kauko, 2006; Kim, Yang, Yeo, & Kim, 2005; Raut, Kamble, & Jha, 2016). As 

a result, a variety of preference lists have been proposed based on several types of housing projects including 

high-rise residential projects. For example, location, transportation, neighbourhood, safety, price, 

accessibility, facilities, developer/brand, quality, surroundings, etc (Bangbon, Thanathanchuchot, Toprayoon, 

& Kongkawai, 2020; Chakraborty & Chakraborty, 2018; Ibrahim, 2017; Obeidat, Qasim, & Khanfar, 2018; 

Suwannaket, 2019). In conjunction with the literature, there is no fixed list of homebuyers' preferences in the 

house purchase decision-making process. Although numerous have been carried out to investigate public 

sentiment and preferences, most of them only focused on the traditional method of research such as survey 

and questionnaires which consists of a few limitations such as only being limited to a specific group of 

people, being costly, and being time-consuming. On the contrary, more information-rich data has been 

accumulated with the rapid development of Information Technology (IT) such as online reviews. Utilizing 

online reviews offered advantages of collecting opinions from various people in a short time and relatively 

low cost (Kang & Park, 2014; Omar, et al., 2014; J. Park, 2020; Manickam et al., 2021). 

III.THE INFLUENCE OF ONLINE REVIEWS IN THE HOUSING INDUSTRY   

The trend of using the Internet to aid home buyers' decision-making process keeps increasing over the years 

(Mcdonagh, 2006). This is also proven by findings from a survey done by the National Association of 

Realtors showing that 90% of home buyers now search the Internet as their information source in the housing 

purchasing process (Realtors, 2017). Based on the Realtor’s report, most home buyers frequently search for 

five types of information through the internet such as property photo detail of property information, virtual 

tour, neighborhood information, and map.  As a result, high numbers of real estate websites an available such 

as Zillow, iProperty, PropertyGuru, Trovit, and Propwall. The crucial influence of online reviews on 

purchasing has been profound in the literature on numerous purchasing types including housing purchasing 
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decisions  (Cheung & Thadani, 2012; M. Y. Cheung, Luo, Sia, & Chen, 2009; Erkan, 2016; Hennig-Thurau, 

Gwinner, Walsh, & Gremler, 2004; Lim, 2015; Prasad, Gupta, & Total, 2017). Unlike before, most of the 

home buyer decision-making is influenced by references to a small group such as family, relatives, and 

friends. Through Web 2.0, the boundary of reference groups has extended the range of group references 

which is not only limited to strong ties such as family, relatives, or friends, yet also includes weak ties such 

as internet forum users. Nowadays, countless online communities exist in a variety of forms such as internet 

forums (IF) not only to communicate but also to interact and engage based on a topic of interest (Seng et al., 

2020; Aghaei, Nematbakhsh, & Farsani, 2012; Barassi & Trere, 2012; Lee & Lan, 2007).  

IV.OVERVIEW OF SENTIMENT ANALYSIS  

Opinions are considered the main factor in controlling almost all human behaviors. Capturing the experiences 

and knowledge of others helps in making wise decisions. With the development of Web 2.0, people started 

sharing their opinions on the Web which creates the opportunity for exchanging experiences. The 

proliferation of people’s opinions on various social networks in different domains has inspired many 

researchers to propose numerous approaches to mine the valuable knowledge from these opinions 

automatically to assist in the decision-making process, not only for probable customers but also for 

organizations. Sentiment analysis is a process within the field of NLP to analyze and determine the polarity 

of the opinion or emotion expressed in a text document, especially on the Web (Feldman, 2013; Liu, 2012; 

Pang & Lee, 2008). For the past decades, tremendous research on sentiment analysis has been conducted for 

the significant benefit it brings to the development of various domain areas such as education, economy, 

marketing, and politics (Kamarudin et la., 2023; Kang & Park, 2012; Ruscheinsky et al., 2018; Soelistio, 

Raditia, & Surendra, 2015; Ye, Zhang, & Law, 2009).  The importance of this field has been acknowledged 

by the high number of approaches and techniques proposed in previous research and has become one of the 

reasons for its rapid development, as well as by the interest of companies and agencies that it raised over the 

past few years. Sentiment analysis (SA) can be carried out in the three-level as follows; 

• Document-level: Define the opinion of the whole document based on one topic.  

• Sentence level: Every sentence is considered a short document that can be subjective or objective.  

• Aspect level: Enable to extract opinion towards aspects of entities.  

With the objective of a fine-grained analysis, this study will be performed through sentence sentiment 

analysis to measure public sentiment and identify preference criteria for high-rise residential projects in 

Malaysia.  

Table 1. Sentiment Analysis Method Studies For Investigated Public Opinions 

Author Year Type Tools / Corpus Source 

J. Park 2020 Dictionary SentiWordNet 3.0 

Mathayomchan & Taecharungroj 2020 Dictionary VADER 

Liapakis et al. 2020 Corpus Greek lexical resource for F&B domain. 

E. Park et al. 2020 Dictionary Linguistic inquiry and word count (LIWC). 

Ara et al. 2020 Dictionary SentiStrength 

Y. Chen et al. 2020 Corpus Senta system 

Gan et al. 2020 Dictionary AFINN 

Kang & Park 2016 Dictionary WordNet 

V.SENTIMENT ANALYSIS IN THE CONTEXT OF REAL ESTATE   

With the ability of SA to provide valuable information on people's opinions, numerous studies have been 

carried out in a variety of industry areas such as the movie industry, politics, tourism, products, and the stock 

market (González-Rodríguez, Martínez-Torres, & Toral, 2016; Schouten & Frasincar, 2016; Sridhar & Babu, 

2014; Varghese & Jayasree, 2013). However, a survey is the only most common tool to measure 

homebuyer/investor sentiment in real estate which is costly and labor-intensive (Clayton et al, 2009; 

Freybote, 2016). The implementation of SA is slowly finding its way into the real estate industry. 
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The existence of online user-generated platforms which consist of a wealth of information has increased the 

influence of sentiment in real estate decisions. Several studies have successfully investigated the impact of 

SA on real estate. Such as Walker (2014) has performed dictionary-based sentiment analysis to investigate 

the housing market price changes in the United Kingdom through newspaper articles. Similarly, Soo (2015) 

also implemented SA based on 37, 000 local housing articles within the year 2000 to 2011 to investigate the 

local house price movement. The findings illustrated that sentiment has a significant influence on the housing 

price market.  A more recent and intensive study was carried out by (Ruscheinsky et al., 2018) investigating 

the relationship between Real Estate Investment Market (REIT) and media sentiment. A dictionary SA has 

been performed based on 125, 000 newspaper articles in the United State (US). The empirical result shows a 

crucial influence of media sentiment in future REIT market movements.  

Instead of focusing on identifying the relationship between sentiment and real estate, some studies utilized 

SA in modeling the real estate decision-making process. For example, has developed a decision support 

framework has been developed for real estate investment ranking based on the integration of online opinion 

and offline moving behavior data (Fu et al., 2015). Later on, another adoption of the sentiment analysis 

method in real estate modeling has been conducted by (Tan et al., 2017). With the preference for the 

educational environment in-house location, the authors have implemented SA as part of the proposed 

decision model. These studies provide evidence that the sentiment analysis method has a significant role in 

the property industry.  

VI.METHODOLOGY  

Figure 1 shows the framework of the proposed method. The framework consists of two phases, literature 

Sentiment analysis, and cause analysis. The objective of this study is to introduce an alternative way of 

evaluating public sentiment and preferences for high-rise residential in Malaysia based on online reviews 

through text mining techniques. Phase one starts with the extraction of public reviews from online property 

forums and then identifies the polarity of the review whether it is positive, negative, or neutral. Meanwhile, 

phase two is to identify the criteria behind the polarity result in the previous phase through Term Frequency 

Inverse Document Frequency (TF-IDF) analysis.  

Phase one: Sentiment Analysis  

This phase starts with the extraction of public reviews for multiple high-rise residences located in Selangor 

and Kuala Lumpur, Malaysia. The process was carried out by using RapidMiner software through web 

mining features. RapidMiner is a data science software platform that provides features such as data 

preparation, text mining, machine learning, deep learning, and predictive analytics. Phase one continues with 

the process of cleaning and preparing opinion text for sentiment classification is known as pre-processing. 

The raw data requires some initial pre-processing before the implementation of sentiment analysis to avoid 

incorrect and misleading results. The pre-processing task performs various activities such as removing 

reviews consisting of unnecessary words and symbols (such as ?, $, #, @, &), tokenizing (breaking a stream 

of text into words, and phrases), transforming cases, filtering tokens, filters, and stop words (such as "a", 

"an", "the" do not provide any meaning to the text) (Haddi, Liu, & Shi, 2013; Pradha, Halgamuge, & Tran 

Quoc Vinh, 2019).  

Each project commonly consists of multiple reviews and a single review might have multiple sentences on 

the same objects and a single sentence may also contain multiple opinions. Therefore, to provide a more 

transparent sentiment classification result, this study performs sentiment analysis at the sentence level. For 

this purpose, the extracted reviews have to be rearranged in sentence format. If a sentence consists of 

homogeneous feelings or emotions, it may be ideal to calculate the sentiment score because it only has to be 

decided whether the sentence belongs to positive or negative polarity. However, if a sentence has a 

heterogeneous opinion based on a different object such as ‘location is super nice, but the price is not 

relevant. This type of review is required to be divided into two sentences.  

The sentiment of each review in this study was analyzed using an open-source model namely VADER 

(Valence Aware Dictionary for Sentiment Reasoning) developed by Hutto and Gilbert (2014). The unique 

characteristics of VADER are that, in addition to a large set of words, it also considers punctuations, 

capitalization, degree modifiers, contrastive conjunction (but), and negations. Vader has been utilized in past. 



J. Electrical Systems 20-3s (2024): 257-266 

261 

In each review, sentences that contain a similar attribute were concatenated and analyzed using VADER to 

produce the sentiment score. The most positive and negative scores for each attribute are 1 and -1 

respectively.  

Phase two: Cause Analysis 

To identify the cause of positive and negative reviews from the previous phase, the reviews are analyzed 

based on the important analysis of word concepts through the TF-IDF method. Reviews are divided into two 

data sets where the first data set consists of positive reviews and the second data set consists of negative 

reviews. If a sentence includes both positive and negative words, it can be classified simultaneously into both 

the positive and negative review data sets. The TF-IDF method is applied to interpret the determinants of the 

positive and negative opinions. TF-IDF is a numerical statistic that is intended to reflect how important a 

word is to a document in a collection or corpus and is used as a weighting factor in searches for information 

retrieval, text mining, and user modeling. In TF-IDF, if a word has a high numerical score in a specific 

comment, the word may be recognized as important in that review. 

 

Figure 1. Proposed Framework 

VII.EXPERIMENT  

In this section, this study experimented with the proposed model above for analyzing the sentiment of public 

online reviews. The experimental data set was crawled from an online properties forum in Malaysia using 

RapidMiner software. The data set contains the textual comment for a specific house project. High rise 

residential project was selected because it’s been placed as the highest unsold unit with 50.9% in Malaysia. In 

total, 5340 reviews within the year 2016 until 2020 covering five high-rise residential projects located in 

West Malaysia. In general, online opinion text contains noise and unwanted parts that are not significant for 

the analysis process. Such noise and uninformative text include HTML tags, scripts, and advertisements (Zin, 

Mustapha, Murad, & Sharef, 2017). As a result, 2631 reviews were used for the next process.  

Table 2. Number of reviews 

Sources No extracted reviews Clean reviews 

Online Forum 5340 2631 
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Vader lexicon for the sentiment dictionary was used to classify the sentiment of the reviews. VADER was 

developed by (Hutto & Gilbert, 2014) especially for microblog-like contexts such as online reviews. Hutto & 

Gilbert further claimed that VADER performed well on the social media style of text, it does not require 

training data, can be generalized to multiple domains and the algorithm calculation is fast enough to be 

applied using real-time data. Figure 2 shows the numbers of positive, negative, and neutral reviews derived 

by the sentiment analysis. A total of 1552 reviews were found to be positive, 674 reviews were found to be 

negative and 405 reviews were found to be neutral.  

 

Figure. 2. Result of Positive, Negative, and Neutral Sentiment for Malaysia high-rise Residential 

Projects. 

To further evaluate the determinant of positive, and negative polarity results, the cause analysis was 

performed through TF-IDF. All the reviews were divided into two datasets based on their polarity where the 

first dataset consists of positive reviews, and the second dataset consists of negative reviews.  

Table 3. Result of TF-IDF Analysis in the Positive, and Negative Groups. 

No Positive Negative 

Word Score Word Score 

1 location 15.84 price 12.43 

2 park 14.45 developer 12.37 

3 View 13.96 location 9.95 

4 developer 13.82 park 9.32 

5 price 13.19 mall 8.73 

6 facade 12.68 area 8.00 

7 area 12.61 place 7.48 

8 traffic 12.53 management 7.39 

9 highway 9.20 highway 7.39 

10 facility 8.47 density 6.9 

 

Table 2 shows the result of the TF-IDF analysis for the residential. In the positive comment group, the 

‘location’ criterion has been mentioned frequently as important, and accordingly, the ‘location’ could be 

considered the main determinant of the positive opinions of the high-rise residential. This can imply that most 

people were fewer complaints about the location criterion of the residential projects in their reviews. 

Followed by ‘park’, ‘view’, ‘developer’, ‘price’, ‘façade’, ‘area’, and ‘traffic’. Meanwhile, ‘Price’ has been 

mentioned frequently in the negative group, where also can be considered as a determinant of the negative 

opinions. This result indicates that most people are not satisfied and hold a negative opinion toward price 

criteria. Followed by ‘developer’, ‘location’, ‘park’, ‘mall’, ‘area’, ‘place’, ‘management’, ‘highway’, and 

‘density’. These are the flaw of the high-rise residential projects in Malaysia that developers or government 

could concentrate on to effectively fulfil the market need. From the result, some criteria have been mentioned 
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in both groups such as ‘location’. However, there was a difference in numerical scores between the positive 

and negative comment group where the numerical score for ‘location’ was higher in the positive group. This 

could be a greater number of positive opinions on ‘location’ mentioned by the public towards high-rise 

residential projects compare to the negative opinion. To summarize, 14 criteria can be considered as the most 

preferred criteria discussed in the online review among the public for high-rise residential in Malaysia.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure. 3. High-rise residential preference criteria based on online reviews 

VIII.CONCLUSION 

This study focuses on introducing a new approach to analyzing online property public reviews for evaluation 

of public sentiment as well as preference criteria towards high-rise residential projects in Malaysia. Such 

analysis can help developers/governments understand the sentiment and preferences of high-rise residential 

perceived by the public and can reveal potential high-rise residential projects problems. To demonstrate the 

effectiveness of the proposed approach, multiple high-rise residential projects have been deployed. 2631 

online reviews from online property forums from the year 2016 until 2020 were analyzed. Based on the 

sentiment analysis of the dataset, the result shows the domination of positive sentiment among the public at 

58.98%, followed by negative sentiment at 25.61% and 15.3% of neutral sentiment. Based on the positive 

and negative polarity results, the ‘location’ criterion was identified as the most important word in positive 

reviews and followed by park’, ‘view’, ‘developer’, ‘price’, ‘façade’, ‘area’, and ‘traffic’. Meanwhile, the 

‘price’ criterion was the most important word in negative reviews. Followed by ‘developer’, ‘location’, 

‘park’, ‘mall’, ‘area’, ‘place’, ‘management’, ‘highway’, and ‘density’. Interestingly, some criteria have been 

mentioned in both review groups such as location, developer, park, price, and area. However, there was a 

difference in numerical scores between the positive and negative comment group where the numerical score 

for ‘location’ was higher in the positive group. This could be a greater number of positive opinions on 

‘location’ mentioned by the public towards high-rise residential projects compare to the negative opinions. 

Findings show the developer's weaknesses and strengths in high-rise projects and how developers can 

improve certain areas.  

This, in turn, leads to higher sales. Since, most of the previous studies were based on methodologies such as 

survey, questionnaire, and interview which is time and cost-consuming, this study has introduced more 

property-related dynamic and rich data is in line with the development of Information Technology (IT). 

These property-related online data generated by the public could reflect better information on public high-rise 

residential. The proposed approach is expected to be an alternative way to replace the traditional method such 
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as a questionnaire survey used by developers and other property stakeholders to improve the Malaysian 

property industry. 

IX.ACKNOWLEDGEMENT 

This research was supported in part by the Ministry of Higher Education (MoHE) of Malaysia through 

Fundamental Research Grant Scheme (FRGS/1/2022/TK01/UUM/02/1). Our sincere thanks are also 

acknowledged to RMC UUM and UUM for the monetary and other assistance which propelled us towards the 

finishing line. We also like to express our utmost gratitude to all parties, directly or indirectly, for completing the 

study. 

REFERENCES  

[1] Aghaei, S., Nematbakhsh, M. A., & Farsani, H. K. (2012). Evolution of the World Wide Web : From Web 1.0 to 

Web 4.0. International Journal of Web & Semantic Technology, 3(1), 1–10. 

[2] Ara, J., Hasan, M. T., Al Omar, A., & Bhuiyan, H. (2020). Understanding Customer Sentiment: Lexical Analysis of 

Restaurant Reviews. IEEE, (June), 295–299. https://doi.org/10.1109/tensymp50017.2020.9230712 

[3] Bangbon, P., Thanathanchuchot, T., Toprayoon, Y., & Kongkawai, P. (2020). Marketing Factors That Affecting 

The Purchase Of Condominium In Bangkok Thailand, 58, 4434–4438. 

[4] Barassi, V., & Trere, E. (2012). Does Web 3.0 come after Web 2.0? Deconstructing theoretical assumptions 

through practice. New Media & Society, 14(8), 1269–1285. https://doi.org/10.1177/1461444812445878 

[5] Branigan, C., & Brugha, C. (2014). Behavioural Biases on Residential House Purchase Decisions: A Multi-Criteria 

Decision-Making Approach. Library.Eres.Org, (Mcdm), 1–18. Retrieved from 

http://library.eres.org/eres2013/paperupload/220.pdf 

[6] Chakraborty, S., & Chakraborty, A. (2018). Application of TODIM (TOmada de Decisao Interativa Multicriterio) 

method for under-construction housing project selection in Kolkata. Journal of Project Management, 3, 207–216. 

https://doi.org/10.5267/j.jpm.2018.3.002 

[7] Chen, Y., Wang, T., Zhu, S., & Lian, P. (2020). Will you miss me if I am leaving? Unexpected market withdrawal 

of Norwegian Joy and customer satisfaction. Tourism Management, 76(August 2019), 103951. 

https://doi.org/10.1016/j.tourman.2019.103951 

[8] Cheung, C. M. K., & Thadani, D. R. (2012). The impact of electronic word-of-mouth communication: A literature 

analysis and integrative model. Decision Support Systems, 54(1), 461–470. 

https://doi.org/10.1016/j.dss.2012.06.008 

[9] Cheung, M. Y., Luo, C., Sia, C. L., & Chen, H. (2009). Credibility of Electronic Word-of-Mouth: Informational 

and Normative Determinants of On-line Consumer Recommendations. International Journal of Electronic 

Commerce, 13(4), 9–38. https://doi.org/10.2753/JEC1086-4415130402 

[10] Dietzel, M. A. (2016). Sentiment-based predictions of housing market turning points with Google trends. 

International Journal of Housing Markets and Analysis, 9(1), 108–136. https://doi.org/10.1108/IJHMA-12-2014-

0058 

[11] Erkan, I. (2016). The influence of eWOM in social media on consumers’ purchase intentions: An extended 

approach to information adoption. Computers in Human Behavior. Brunel University. 

https://doi.org/10.1016/j.chb.2016.03.003 

[12] Feldman, R. (2013). Techniques and applications for sentiment analysis. Communications of the ACM, 56(4), 82. 

https://doi.org/10.1145/2436256.2436274 

[13] Fu, Y., Ge, Y., Zheng, Y., Yao, Z., Liu, Y., Xiong, H., & Yuan, J. (2015). Sparse Real Estate Ranking with Online 

User Reviews and Offline Moving Behaviors. Proceedings - IEEE International Conference on Data Mining, 

ICDM, 2015-Janua(January), 120–129. https://doi.org/10.1109/ICDM.2014.18 

[14] Gan, Q., Ferns, B. H., Yu, Y., & Jin, L. (2017). A Text Mining and Multidimensional Sentiment Analysis of Online 

Restaurant Reviews. Journal of Quality Assurance in Hospitality and Tourism, 18(4), 465–492. 

https://doi.org/10.1080/1528008X.2016.1250243 

[15] Gawlik, R. (2016). The measurement of housing preferences in the Analytic Hierarchy Process. Munich Personal 

RePEc Archive, (79944). 

[16] González-Rodríguez, M. R., Martínez-Torres, R., & Toral, S. (2016). Post-visit and pre-visit tourist destination 

image through eWOM sentiment analysis and perceived helpfulness. International Journal of Contemporary 

Hospitality Management, 28(11), 2609–2627. https://doi.org/10.1108/IJCHM-02-2015-0057 

[17] Haddi, E., Liu, X., & Shi, Y. (2013). The role of text pre-processing in sentiment analysis. Procedia Computer 

Science, 17, 26–32. https://doi.org/10.1016/j.procs.2013.05.005. 

[18] Hanafi, A.G., Nawi, M.N.M., Rahim, M.K.I.A., Nifa, F.A.A., Omar, M.F., Othman, M. (2022). Project Managers 

Selection in the Construction Industry: Towards the Integration with Artificial Emotional Intelligence and 

Technology, Journal of Advanced Research in Applied Sciences and Engineering Technology, 29(1), 160-176. 



J. Electrical Systems 20-3s (2024): 257-266 

265 

[19] Hausler, J., Ruscheinsky, J., & Lang, M. (2018). News-based sentiment analysis in real estate: a machine learning 

approach. Journal of Property Research, 35(4), 344–371. https://doi.org/10.1080/09599916.2018.1551923 

[20] Hennig-Thurau, T., Gwinner, K. P., Walsh, G., & Gremler, D. D. (2004). Electronic word-of-mouth via consumer-

opinion platforms: What motivates consumers to articulate themselves on the Internet? Journal of Interactive 

Marketing, 18(1), 38–52. https://doi.org/10.1002/dir.10073 

[21] Hutto, C. J., & Gilbert, E. E. (2014). VADER: A Parsimonious Rule-based Model for Sentiment Analysis of Social 

Media Text. Eighth International Conference on Weblogs and Social Media (ICWSM-14).”. Proceedings of the 8th 

International Conference on Weblogs and Social Media, ICWSM 2014. 

[22] Ibrahim, M. R. (2017). How do people select their residential locations in Egypt? The case of Alexandria. Cities, 

62, 96–106. https://doi.org/10.1016/j.cities.2016.12.012 

[23] Kamarudin, M. A. I., Kamarruddin, N. N. A., Ramli, A., & Murad, S. M. A. (2023a). The challenges and issues 

faced by the new appointed academic staffs of the university in the emerging market. International Journal of 

Professional Business Review, 8(1), e01158-e01158. 

[24] Kang, D., & Park, Y. (2012). Measuring customer satisfaction of service based on an analysis of the user generated 

contents: Sentiment analysis and aggregating function based MCDM approach. 2012 IEEE International 

Conference on Management of Innovation & Technology (ICMIT), 244–249. 

https://doi.org/10.1109/ICMIT.2012.6225812 

[25] Kang, D., & Park, Y. (2014). Review-based measurement of customer satisfaction in mobile service: Sentiment 

analysis and VIKOR approach. Expert Systems with Applications, 41(4 PART 1), 1041–1050. 

https://doi.org/10.1016/j.eswa.2013.07.101 

[26] Kauko, T. (2006). What makes a location attractive for the housing consumer? Preliminary findings from 

metropolitan Helsinki and Randstad Holland using the analytical hierarchy process. Journal of Housing and the 

Built Environment, 21(2), 159–176. https://doi.org/10.1007/s10901-006-9040-y 

[27] Kay, L. K. (2018). Rehda: Malaysia’s property industry must tap into big data. Edge Prop. Retrieved from 

https://www.edgeprop.my/content/1289419/rehda-malaysia’s-property-industry-must-tap-big-data 

[28] Kim, S. S., Yang, I. H., Yeo, M. S., & Kim, K. W. (2005). Development of a housing performance evaluation 

model for multi-family residential buildings in Korea. Building and Environment, 40(8), 1103–1116. 

https://doi.org/10.1016/j.buildenv.2004.09.014 

[29] Koklic, M. K., & Vida, I. (2001). Consumer House Buying Behavior, 7, 75–96. 

[30] Kömürlü, R., Gürgün, A. P., & Arditi, D. (2013). Drivers of residential developers’ marketing strategies based on 

buyer preferences: Konut üreticilerinin pazarlama stratejilerini yönlendiren konut alicisi tercihleri. Metu Journal of 

the Faculty of Architecture, 30(2), 1–16. https://doi.org/10.4305/METU.JFA.2013.2.1 

[31] Lee, M. R., & Lan, Y. (2007). From Web 2 . 0 to Conversational Knowledge Management : Towards Collaborative 

Intelligence. Journal of Enterpreneuership Research, 2(2), 47–62. 

[32] Liapakis, A., Tsiligiridis, T., Yialouris, C., & Maliappis, M. (2020). A Corpus Driven , Aspect-based Sentiment 

Analysis To Evaluate In Almost Real-time , A Large Volume of Online Food & Beverage Reviews. International 

Journal of Computational Linguistics (IJCL), 11(2), 49–60. 

[33] Lim, W. M. (2015). The influence of internet advertising and electronic word of mouth on consumer perceptions 

and intention: Some evidence from online group buying. Journal of Computer Information Systems, 55(4), 81–89. 

https://doi.org/10.1080/08874417.2015.11645790 

[34] Liu, B. (2012). Sentiment analysis and opinion mining. Synthesis Lectures on Human Language Technologies, 5(1), 

1–167. 

[35] Manickam,  S.,  Idris,  S.,  &  Nipo,  D.  T.  (2021).  International Trade and The Impact of Information and 

Communications Technology (ICT) Access and Use: A Study of Southeast Asian Nations. Journal   of   

Technology   and   Operations   Management, 16(2), 1–11. 

[36] Mathayomchan, B., & Taecharungroj, V. (2020). “How was your meal?” Examining customer experience using 

Google maps reviews. International Journal of Hospitality Management, 90(August), 102641. 

https://doi.org/10.1016/j.ijhm.2020.102641 

[37] Mcdonagh, J. (2006). Trends in the Use of the Internet for Marketing Residential Real Estate in New Zealand. In 

Tenth PRRES Conference. 

[38] Mills, A., & Reed, R. G. (2003). Analysis of Criteria Used for Home. In 17th ANZRSAI annual conference (Vol. 9). 

[39] Obeidat, M. S., Qasim, T., & Khanfar, A. (2018). Implementing the AHP multi-criteria decision approach in buying 

an apartment in Jordan Implementing the AHP multi-criteria decision approach in. Journal of Property Research, 

9916, 1–19. https://doi.org/10.1080/09599916.2017.1413588 

[40] Omar, M.F., Nursal, A.T., Nawi, M.N.M., Haron, A.T., Goh, K.C. (2014): A Preliminary Requirement of Decision 

Support System for Building Information Modelling Software Selection, Malaysia Construction Research Journal 

(MCRJ), Vol. 15(2):11-28. 

[41] Pang, B., & Lee, L. (2008). Opinion Mining and Sentiment Analysis. Foundations & Trends in Information 

Retrieval, 2(1–2), 1–135. 

[42] Park, E., Kang, J., Choi, D., & Han, J. (2020). Understanding customers’ hotel revisiting behaviour: a sentiment 



J. Electrical Systems 20-3s (2024): 257-266 

266 

analysis of online feedback reviews. Current Issues in Tourism, 23(5), 605–611. 

https://doi.org/10.1080/13683500.2018.1549025 

[43] Park, J. (2020). Framework for sentiment-driven evaluation of customer satisfaction with cosmetics brands. IEEE 

Access, 8, 98526–98538. https://doi.org/10.1109/ACCESS.2020.2997522 

[44] Pradha, S., Halgamuge, M. N., & Tran Quoc Vinh, N. (2019). Effective text data preprocessing technique for 

sentiment analysis in social media data. Proceedings of 2019 11th International Conference on Knowledge and 

Systems Engineering, KSE 2019, 1–8. https://doi.org/10.1109/KSE.2019.8919368 

[45] Prasad, S., Gupta, I. C., & Totala, N. K. (2017). Social media usage, electronic word of mouth and purchase-

decision involvement. Asia-Pacific Journal of Business Administration (Vol. 9). https://doi.org/10.1108/APJBA-06-

2016-0063 

[46] Rahadi, R. A., Wiryono, S. K., Koesrindartoto, D. P., & Syamwil, I. B. (2013). Attributes Influencing Housing 

Product Value and Price in Jakarta Metropolitan Region. Procedia - Social and Behavioral Sciences, 101, 368–378. 

https://doi.org/10.1016/j.sbspro.2013.07.211 

[47] Raut, R. D., Kamble, S. S., & Jha, M. K. (2016). An assessment of sustainable house using FST-QFD-AHP multi-

criteria decision-making approach. Int. J. Procurement Management, 86, 9(1), 86–122. 

[48] Razak, M. I., Ibrahim, R., Abdullah, N. S. H., Osman, I., & Alias, Z. (2013). Purchasing Intention towards Real 

Estate Development in Setia Alam , Shah Alam : Evidence from Malaysia. International Journal of Business, 

Humanities and Technology, 3(6), 66–75. 

[49] Realtors. (2017). Real Estate in a Digital Age 2017 Report. National Association of Realtors. 

https://doi.org/10.1145/2338965.2336767 

[50] Rosli, L. (2019). Big data to help solve property overhang issue: Zuraida. New Straits Times. Retrieved from 

https://www.nst.com.my/business/2019/04/475335/big-data-help-solve-property-overhang-issue-zuraida 

[51] Ruscheinsky, J. R., Lang, M., & Schäfers, W. (2018). Real estate media sentiment through textual analysis. Journal 

of Property Investment and Finance, 36(5), 410–428. https://doi.org/10.1108/JPIF-07-2017-0050 

[52] Schouten, K., & Frasincar, F. (2016). Survey on Aspect-Level Sentiment Analysis. IEEE Transactions on 

Knowledge and Data Engineering, 28(3), 813–830. https://doi.org/10.1109/TKDE.2015.2485209 

[53] Sean, S. L., & Hong, T. T. (2014). Factors Affecting the Purchase Decision of Investors in the Residential Property 

Market in Malaysia. Journal of Surveying, Construction and Property, 5(2), 1–13. 

[54] Soelistio, Y. E., Raditia, M., & Surendra, S. (2015). Simple Text Mining for Sentiment Analysis of political figure 

using naïve bayes classifier method, (2), 99–104. 

[55] Sridhar, S., & Babu, H. (2014). Effect of Online Reviews on Customers of Bangalore-based Real Estate Company- 

An Exploratory Study. In the International Conference on Business Paradigms in Emerging Markets (pp. 3–4). 

Rourkela, India. 

[56] Suwannaket, M. (2019). Factors Influencing To Purchasing Decision-Making On Condominium In Bangkok . In 

International Academic Multi disciplines Research Conference ICBTS (pp. 45–48). 

[57] Swan Ng. (2019). Urgent need for a government-led big data system, say industry experts. The Edge Markets. Edge 

Prop. Retrieved from https://www.theedgemarkets.com/article/urgent-need-governmentled-big-data-system-say-

industry-experts 

[58] Tan, F., Cheng, C., & Wei, Z. (2017). Modeling real estate for school district identification. In Proceedings - IEEE 

International Conference on Data Mining, ICDM (pp. 1227–1232). https://doi.org/10.1109/ICDM.2016.43 

[59] Varghese, R., & Jayasree, M. (2013). a Survey on Sentiment Analysis and Opinion Mining. Ijret.Org, 7(1), 312–

317. https://doi.org/10.4304/jetwi.5.4.367-371 

[60] Weng Seng, N., Hasnan, N., & Mohtar, S. (2020). Organization Characteristics: Can They Influence the 

Construction Innovation? Journal of Technology and Operations Management, 15(1), 60–73. 

[61] Ye, Q., Zhang, Z., & Law, R. (2009). Sentiment classification of online reviews to travel destinations by supervised 

machine learning approaches. Expert Systems with Applications, 36(3 PART 2), 6527–6535. 

https://doi.org/10.1016/j.eswa.2008.07.035 

[62] Zin, H. M., Mustapha, N., Murad, M. A. A., & Sharef, N. M. (2017). The effects of pre-processing strategies in 

sentiment analysis of online movie reviews. AIP Conference Proceedings, 1891(October 2017). 

https://doi.org/10.1063/1.5005422 

 


