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ABSTRACT 

Specifying the house type of a housing development project is extremely necessary. However, the 

determination of a project type nowadays has become a delicate matter, requiring the expertise and 

knowledge of seasoned project developers. This study aimed to apply four machine learning 

techniques: Decision Tree, Random Forest, Gradient Boosted Tree and Ensemble Classifier, to 

analyze the data from 179 housing estate projects collected from market reports of real estate 

companies in Thailand, with a focus on selecting projects with average monthly sales rates that are 

higher than the average of all acquired projects. This process resulted in a reduced dataset of 59 

projects, including 31 townhouses, 22 single-family houses, and six semi-detached houses. As a 

result, the Ensemble Classifier model has the highest accuracy of 90.91%. The factors most influential 

in identifying the type of project are the distances from a main road, sky train station, bus station, 

hospital, and department store. Single-detached house projects are suitable for locations with high 

potential. The ideal location should be in proximity to a main road, bus station, department store, and 

hospital. In addition, townhouse projects are ideal for medium-potential locations that are not near 

shopping malls, but still require proximity to a hospital, sky train station, or bus station. Ultimately, 

semi-detached house projects are ideal for medium-potential locations that require proximity to a main 

road for convenient access to sky train station or public transportation, depending on the specific 

context. 

Keywords: prediction model, house type, housing development project, machine learning, ensemble 

classifier
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INTRODUCTION 

Housing is considered a fundamental aspect of 

human life and is recognized as one of the four 

essential components of living, in accordance 

with the cultural beliefs of Thai people. Presently, 

the residential development sector continues to 

exhibit a significant rate of growth (Real Estate 

Information Center [REIC], 2018). Real estate 

entrepreneurs commonly prioritize housing 

project development in their business. The 

precise selection of housing type based on 

informed criteria is crucial to ensure successful 

sales outcomes for launched projects 

(Tochaiwat, 2020).  

The process of selecting the housing types by 

real estate entrepreneurs is primarily dependent 

on the knowledge, experience, and expertise of 

relevant specialists (Kamglin & Tochaiwat, 2014; 

Real Asset, 2021). However, the availability of 

experienced and knowledgeable specialists is 

limited, as expertise in this field requires a 

significant accumulation of experience and can 

still be prone to error. Physical factors, 

particularly land conditions, change from project 

to project in the housing development industry. 

To address this issue, some individuals are 

developing knowledge and models to support 

decision-making in these projects (Baldominos et 

al., 2018; Shen & Ross, 2021). For example, the 

research of Habib and Kockelman (2008) 

presented the issue of setting house styles in 

relation to the habitable location of the population 

in each area. In addition, Phe and Wakely (2000) 

explained that housing style quality and 

development in varying contexts can impact 

urban development and housing project success. 

A review of the relevant literature revealed that 

the existing model for determining housing types 

in real estate projects was not adequate when 

considering physical factors, such as location 

and other properties of the project. Therefore, the 

researchers’ interest lies in how to apply Machine 

Learning Theory to determining project type, 

based on physical factor data collected from 

secondary sources that entrepreneurs can 

assess, in order to generate higher sales rates. 

In the housing development process, sales rate, 

i.e., the average number of units sold per month, 

is a very important collectable index because it 

reflects the monthly cash inflow to the project 

(Tochaiwat, 2020). Machine Learning is a 

valuable technique for real estate entrepreneurs 

in analyzing complex and multi-related factors 

(Big Data Thailand, 2020). Such a technique, 

therefore, is suitable for the identification of 

physical factors for housing estate projects as it 

is able to help determine suitable project types, 

create knowledge and analytical tools, and 

respond to the demands of housing project 

buyers, as well as enhance the competitiveness 

and increase the chances of success for the 

business in the future. 

LITERATURE REVIEW 

Specification of a Housing 

Development Project 

The specification of a housing development 

project is an essential step as it establishes the 

objectives that guide the subsequent phases of 

the workflow. Specifying housing types will aid 

real estate entrepreneurs in creating a project 

development policy that is more responsive to 

the needs of residents (Ching, 2023; Egemen, 

2022; Henilane, 2016). For housing estate 

projects, entrepreneurs need to acquire and 

verify land that meets their plans before exactly 

specifying any physical characteristics, 

considering it a critical factor in the real estate 

development process (Terra Media and 

Consulting, 2017). Moreover, a project feasibility 

study should be conducted before a land 

purchase agreement is reached to ensure the 

ultimate financial benefits for both the 

entrepreneur and the inhabitants (Luque et al., 

2019). 

A feasibility study for a housing estate 

development project typically comprises three 

components: (1) a market feasibility study, (2) a 

physical project feasibility study, and (3) a 

financial feasibility study (Tochaiwat, 2020). The 

literature review indicated that market feasibility 

comprises an analysis of economic trends and 

market demand. The identification of the target 

customer group in a housing estate project 

facilitates a deeper understanding of customer 

needs and informs the physical feasibility study; 

this study assesses the physical constraints of 

the land and environment and considers both the 

desired house style and the lifestyle of the 
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intended residents. Financial feasibility studies 

play a crucial role for real estate entrepreneurs in 

ensuring the sustainability of their business 

operations (Rissanen et al., 2020). However, 

amidst a competitive landscape, real estate 

entrepreneurs must conduct a feasibility analysis 

of housing estate projects to accurately 

determine patterns that meet the needs of their 

target customer groups (Tochaiwat, 2018). The 

aforementioned points align with the findings of 

Mariadas et al. (2019), who discovered that 

conducting feasibility studies and acquiring land 

are crucial processes in the development of 

housing projects, particularly with regards to 

determining the house style and residential 

location. 

In Thailand, the real estate sector contributed to 

4.8% of Thailand’s GDP in 2021 (sharply 

decreased from 8% in 2019, the pre-pandemic 

year). There is major demand for housing in the 

Bangkok Metropolitan Region. Figure 1 shows 

the boundaries of Bangkok and the five 

surrounding provinces, i.e., Samut Prakan, 

Pathum Thani, Nakhon Pathom, Samut Sakhon, 

and Nonthaburi. The ratios of the number of land 

subdivision permits in Bangkok Metropolitan 

Region to the whole country were higher than 

50% during 2015 to 2019. The ratio dropped a 

little during COVID-19 crisis and became about 

48% in 2021 (Klinchuanchun, 2022).  

There are three types of houses generally 

developed in the Bangkok Metropolitan Region: 

single-detached houses, twin houses and 

townhouses, as shown in Figure 2. 

Figure 1 

Bangkok Metropolitan Region 

 

Note. Adapted from Bangkok Metropolitan Region Map, by Google Map (www.google.co.th/maps). 

Copyright 2023 by Google LLC.  
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Figure 2 

Types of Houses: (a) single-detached houses, (b) twin houses and (c) townhouses 

 

(a) 

 

(b) 

 

(c) 

Note. Type (a) from Single-Detached Houses, by Lalin Property Plc., 2022 

(www.lalinproperty.com/properties/lanceo-crib-2-bangna-suvarnabhumi/). Copyright 2022 by Lalin 

Property Plc. Type (b) from Twin Houses, by DDProperty, 2020 (www.ddproperty.com/โครงการ/7201-

britania-bangna-suvarnabhumi-บรทิาเนีย-บางนา-สุวรรณภูม)ิ. Copyright 2020 by DDProperty. Type (c) from 

Townhouses, by DDProperty, 2017 (www.ddproperty.com/ข่าวอสงัหารมิทรพัย์-บทความ/2017/7/156142/ภาครฐัส่ง

สญัญาณปลุกอส)ั. Copyright 2017 by DDProperty.  

Factors Affecting Patterns 

of Housing Development 

Projects 

The essential characteristics of the factors 

utilized in determining the pattern of a housing 

project must reflect the long-term quality and 

viability of the project's housing. These factors 

must drive competitiveness and demonstrate the 

sustainability of the organization, leading to 

profitability for entrepreneurs and enhancing the 

benefits for residents (Budhathoki, 2015; Zhang 

et al., 2018). The literature review revealed that 

the suitability of the house type for residents is a 

key factor in building their confidence in their 

purchase, thereby serving as a guarantee of the 

house's quality (Moghayedi et al., 2021; Torbica 

& Stroh, 2000). This finding aligns with the 

research of Elsinga and Hoekstra (2005), which 

demonstrated that the type of project is a 

significant consideration in the buying process 

and is a major contributor to the residents' 

satisfaction. The characteristics of a well-

designated project include the following details: 

Project Factors 

According to the literature review, the critical 

factors affecting the design of the house were 

found to be: (1) the type of property developer 

and (2) land appraisal prices (Kung, 2022). In 

addition, Araloyin and Olatoye (2011) found that 

the reputation and credibility of entrepreneurs 

play a significant role in home buying decisions, 

as trust and buyers' experiences are critical for 

ensuring the quality of a high-value asset such as 

a home. This is consistent with the findings of 

Koklic and Vida (2009), who noted that brand 

and entrepreneur reputation have an impact on 

the residents' home buying choices in 

determining the project design to close a sale. 

Moreover, the land appraisal price plays a crucial 

role in the land selection process of 

entrepreneurs as it has economic and legal 

implications that impact project type 

determination and home purchase decisions of 

residents in the project area (DDproperty, 2020). 

According to Nakamura (2019), land appraisal 

value is a critical indicator of land worth that 

highlights the sustainability of environmental, 

economic, and social aspects in the area. This is 

a crucial factor in fostering the development of 

project models to meet the needs of the target 

resident group, as envisioned by entrepreneurs 

and organizations. 

The literature review also revealed that land 

appraisal prices and entrepreneurs were found to 

be factors that correlate with future house pricing 

(Li & Wu, 2014; Tochaiwat, 2020). Therefore, 

these factors are crucial in determining the type 

of residential project, as they can indicate the 

quality of the living space and impact future 

residents' purchasing choices. 
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Location Factors 

According to a literature review, location 

emerged as the most crucial factor impacting 

home prices and satisfying the needs of 

residents, often serving as the primary 

consideration in determining the type of housing 

(Luttik, 2000; Mulyano et al., 2020; Vandeviver & 

Bernasco, 2020; Nursoleh, 2022). Therefore, in 

determining the project model, entrepreneurs 

must consider the location factor, as it plays a 

crucial role in indicating the potential of the area 

and influencing future residents (Maoludyo & 

Aprianingsih, 2015). The researchers found that 

the criteria for selecting a location for the project 

design is dependent on the proximity to 

surrounding landmarks and compliance with legal 

requirements (Rymarzak & Siemińska, 2012). 

Additionally, entrepreneurs should consider the 

demographic characteristics of each area when 

determining the design of their project, as they 

can vary significantly between locations (Zeng, 

2013). 

Regarding the literature review, the proximity to 

places of employment or essential places (e.g. 

shopping malls, mass transit stations, and 

utilities) significantly influences housing projects 

in a specific location (Acheampong, 2018; Khan 

et al., 2017; Mete & Yomralioglu, 2022). In this 

study, therefore, two groups of factors were used 

to determine the characteristics of the locations: 

(1) the project location group, consisting of the 

distance from the project to key places and (2) 

the project zone, comprising ten zones in the 

Bangkok Metropolitan Region, namely: (1) 

Northern Bangkok, (2) Inner Bangkok, (3) 

Eastern Bangkok, (4) Thonburi, (5) Bangkok 

Central Business District (CBD), (6) Nakhon 

Pathom, (7) Nonthaburi, (8) Pathum Thani, (9) 

Samut Prakan, and (10) Samut Sakhon (REIC, 

2022). 

In conclusion, the literature review indicated that 

the specification of housing projects is influenced 

by four main factors: (1) Entrepreneurs, (2) Land 

appraisal values, (3) Project locations, and (4) 

Project zones. 

Machine Learning 

Technique 

The machine learning technique is a systematic 

process of analyzing data using various methods. 

The provision of quality data results in more 

accurate analysis, thereby positively impacting 

the performance of subsequent studies (Mahesh, 

2020). In this study, a literature review was 

conducted to determine the most suitable model 

for the data set to achieve the objectives of the 

project design. It was found that four techniques 

were suitable in terms of the research objective: 

(1) Decision Tree, (2) Random Forest, (3) 

Gradient Boosted Tree, and (4) Ensemble 

Classification. 

According to Gavankar and Sawarkar (2017), the 

Decision Tree model is effective in grouping data 

from complex problem analysis. This is supported 

by Patel and Rana (2014) who asserted that the 

Decision Tree model is suitable for identifying 

long-term trends. Additionally, Belgiu and Drăguţ 

(2016) and Speiser et al. (2019) showed the 

efficacy of the Random Forest model in 

accurately segmenting multiple data sets and 

providing flexibility in data analysis. This is in 

accordance with the findings of Yang (2018), who 

reported that the Random Forest model 

demonstrates good scalability and processing 

capabilities. Moreover, Ye et al. (2009) 

highlighted the advantages of the Gradient 

Boosted Tree model as one with high accuracy 

and ease of interpretation in classification. 

Therefore, it was determined that all of the 

aforementioned analytical techniques exhibited 

strengths in terms of their efficiency for data 

segmentation and complex forecasting. As a 

result, they were selected for this study. 

However, according to a review of the literature 

on the application of these machine learning 

techniques to housing project prediction, Rico-

Juan and de La Paz (2021) revealed that the 

Random Forest model demonstrated higher 

accuracy in predicting housing prices compared 

to other models. This is supported by the findings 

of Fan et al. (2006), who reported that the 

Decision Tree model also demonstrated strong 

accuracy in house price prediction. Furthermore, 

the study conducted by Lee et al. (2020) found 

that the Decision Tree model effectively 

correlated the factors affecting home 
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characterization. Moreover, Li et al. (2021) 

demonstrated the effectiveness of the Gradient 

Boosted Tree model in predicting factors that 

influence housing prices based on location. It 

was discovered that the factors affecting house 

price patterns include the distance to the city 

center, the presence of green scenery, and the 

population density of the area. This aligns with 

Truong et al. (2020), who found that the Gradient 

Boosted Tree model can effectively link location, 

zone, and demographic characteristics. 

Furthermore, the ensemble classifier was also 

considered. A literature review by Ngoendee and 

Charoenruengkit (2021) showed an ensemble 

classifier of Random Forest and Decision Tree to 

investigate the relationship between locations 

and human behavior. The results showed that 

this combination of models could produce high 

accuracy in prediction. This is consistent with the 

findings of Ngoendee and Charoenruengkit 

(2021), who determined that the use of an 

ensemble model was the most effective and 

precise approach in data mining. The study by 

László and Ghous (2020) also concluded that the 

utilization of model integration techniques is an 

appropriate method for combining multiple 

models to obtain the most accurate and optimal 

predictions. 

METHODOLOGY 

The development of a machine learning model 

necessitates the consideration of key factors as 

inputs for the forecasting model. Due to the fact 

that each housing estate pattern in each country 

varies (Nilubon et al., 2019), the sub-factors of 

each group of factors must be taken into account 

when determining the type of housing estate 

development project. This information was 

extracted from the real estate market survey 

report in the Bangkok Metropolitan Region 

published by the Agency for Real Estate Affair 

(2011, 2014, 2017, 2021). The selection of 

projects for the study was based on a 

comparison of average monthly sales rates data. 

The chosen projects were those with higher 

average monthly sales rates than the overall 

average for all sample projects. The types of 

residences studied included single-detached 

houses, semi-detached houses, and 

townhouses, with a total of 59 projects - 22 

single-detached, six semi-detached, and 31 

townhouses. 

After that, the researchers collected information 

including location details (distance from various 

amenities and facilities), nearby utilities, land 

appraisal price, land size, land use map, and 

project type, using market research reports and 

online sources. The collected data was verified, 

and any missing data was obtained from the 

project websites. The retrieved data were then 

analyzed through RapidMiner, a software 

recommended by László and Ghous (2020) for 

its high accuracy in data analysis. In total, seven 

models were analyzed, including: (1) Decision 

Tree (DT), (2) Random Forest (RF), (3) Gradient 

Boosted Tree (GBT), (4) an Ensemble Classifier 

of DT and RF, (5) an Ensemble Classifier of DT 

and GBT, (6) an Ensemble Classifier of RF and 

GBT, and (7) an Ensemble Classifier of DT, RF, 

and GBT. During prediction, the Ensemble 

Classifiers apply a majority vote criteria using the 

predictions of the sub-models as the input data 

(RapidMiner, 2023). 

To filter the good-sales-performance data for the 

analyses, the 59 data results with higher-than-

average sales rates were determined and divided 

into two groups using systematic sampling: 48 

were used for model development, and 11 were 

used for model verification. The purpose of this 

division was to compare the obtained results and 

determine the technique that results in the most 

accurate model, based on the accuracy value. In 

addition, the researchers conducted an analysis 

of project patterns for all 59 projects to determine 

the factors affecting the specification of a housing 

development project of various types through 

descriptive statistics in accordance with the 

machine learning techniques. 

RESULTS 

In this section, the results of the data selection, 

which includes the details of the factors used as 

variables in the machine learning process, are 

presented. The obtained results from the study 

are as follows. 
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Proportion of Data Before 

and After Data Screening 

The proportion of the data before and after the 

screening process are shown in Figure 3. 

Figure 3 presents a classification of the data 

before and after the data screening process by 

eliminating the data with an average monthly 

sales rate lower than the average of all sample 

projects. The pre-screening data set consisted of 

a total of 179 data points. It was found that 

townhouses were the most numerous housing 

type, with a total of 100 projects (56%). Single 

houses made up 32% of the total with 58 

projects, followed by semi-detached houses with 

21 projects, or 12%. As to the post-screening 

data set of 59 data, townhouses were found to be 

the largest category of housing type, with 31 

projects representing 53%, followed by 22 

detached housing projects, 37%, and six semi-

detached house projects, 10%. 

Factors in Data Analysis 

From the selection of 59 projects with average 

monthly sales rates higher than the average of all 

sample projects, which included single-detached 

houses, semi-detached houses, and 

townhouses, data were collected according to the 

principles identified in the literature review. The 

obtained details of the factors can be divided as 

in Table 1. 

Table 1 presents the factors obtained from 

literature reviews, real estate market survey 

reports, and internet searches that are grouped 

into properties of the project and its location. 

These factors served as inputs in subsequent 

data analysis using machine learning techniques. 

Machine Learning Models 

Model Accuracy 

After developing the model using data from 

housing projects with higher-than-average 

monthly sales rates through seven machine 

learning techniques, it was found that all acquired 

models produced accuracy, class recall, and 

class precision values, as shown in Table 2. The 

accuracy of a model can be calculated from the 

percentage of the total correct prediction cases to 

the total cases.  In addition, the class precision of 

the model for a type of project can be calculated 

by the percentage of the correctly predicted 

cases to the total cases for the type of project, 

while the class recall of the model for a type of 

project can be calculated by the percentage of 

the detected cases to the total true cases for the 

type of project. These performance values can 

be calculated from a confusion matrix.  An 

example of the calculations will be illustrated in 

detail in Section of Precision and Recall Values 

of Proposed Model. 

Based on the accuracy values, it was determined 

that the Ensemble Classification of DT & GBT 

model achieved the highest accuracy of 90.91%. 

The other models, including Decision Tree, 

Random Forest, Ensemble Classification of DT & 

RF, Ensemble Classification of RF & GBT, and 

Ensemble Classification of DT & RF & GBT, 

produced accuracy values of 81.82%, and the 

Gradient Boosted Tree model had the lowest 

accuracy of 72.73%. Consequently, it can be 

inferred that all tested models have high 

accuracy. However, one limitation should be 

noted for the study, which was the limited 

number of datasets used in the model testing that 

led to high fluctuations in the recall and precision 

values. Particularly, the recall and precision of 

the model in the case of semi-detached houses, 

which had only one test dataset, produced only 

two values of 0.00% and 100.00%, as shown in 

Table 2. 
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Figure 3 

Comparison of Proportions Before and After Data Screening. 

 

(a) Before Data Screening 

 

(b) After Data Screening 

Table 1 

Details of Factors Retrieved from Data Collection 

Factor Types Details 

Project properties • Entrepreneur type 

• Appraisal price of land in the project 

Location properties • Project zoning 

• Distance from expressway 

• Distance from sky train station 

• Distance from department store 

• Distance from public park  

• Distance from bus stop 

• Distance from market 

• Distance from hospital  

• Distance from main road 

• Distance from temple 

• Distance from petrol station 

Table 2 

Validity of Data Used in the Models 

Model Accuracy 
Recall Precision 

SDH TW TH SDH TW TH 

Gradient Boosted Tree (GBT) 72.73% 75.00 0.00 83.33 75.00 0.00 71.43 

Decision Tree (DT) 81.82% 75.00 100.00 83.33 100.00 100.00 83.33 

Random Forest (RF) 81.82% 100.00 0.00 83.33 80.00 0.00 83.33 

Ensembled Classification of 
DT & RF 

81.82% 100.00 100.00 83.33 80.00 100.00 83.33 

Ensembled Classification of 
RF & GBT 

81.82% 100.00 0.00 83.33 80.00 0.00 83.33 

Ensembled Classification of 
DT & RF & GBT 

81.82% 100.00 100.00 83.33 80.00 100.00 83.33 

Ensembled Classification of 
DT & GBT 

90.91% 100.00 100.00 83.33 80.00 100.00 100.00 

Note. SDH = Single-detached house, TW = Semi-detached house (twin house), TH = Townhous
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Proposed Model 

From Table 2, it can be concluded that the 

Ensemble Classification of DT & GBT technique 

(as illustrated in Figure 4) achieved the highest 

data accuracy of 90.91%. The model was 

acquired by combining the Decision Tree model 

(as shown in Figure 5), with the Gradient 

Boosted Tree, which consisted of 50 sub-model’s 

sub-trees. It should be noted that there are five 

key criteria for the classification in the acquired 

Decision Tree model: Distance from main road, 

Distance from sky train station, Distance from 

bus stop, Distance from hospital, and Distance 

from shopping mall. 

Precision and Recall Values of Proposed 

Model 

The proposed model, Ensembled Classification 

of Decision Tree (DT) & Gradient Boosted Tree 

(GBT) model, has Precision and Recall values 

shown in Table 2, where the details of how they 

can be calculated are shown in Table 3. 

Table 3 provides details on the calculation of the 

Precision and Recall values of the proposed 

model. The Precision values for single-detached 

houses, semi-detached houses, and townhouses 

are 80.00%, 100.00%, and 100.00%, 

respectively, indicating the accuracy of the 

forecast for different housing project types. 

Meanwhile, the Recall values for single-detached 

houses, semi-detached houses, and townhouses 

are 100.00%, 100.00%, and 83.33% respectively, 

reflecting the ability to retrieve data for various 

housing project types.  

Figure 4  

Ensembled Classification Model 

 

(a) Process Operators of Ensembled Classification Model 

 

(b) Cross Validation Operator 
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Figure 4 (Continued) 

 
(c) Vote Operator 

Note. From  Vote by RapidMiner, 2023 

(https://docs.rapidminer.com/latest/studio/operators/modeling/predictive/ensembles/vote.html). 

Copyright 2023 by RapidMiner.  

 

Figure 5  

Decision Tree Model 

 

Note. From  Vote by RapidMiner, 2023 

(https://docs.rapidminer.com/latest/studio/operators/modeling/predictive/ensembles/vote.html). 

Copyright 2023 by RapidMiner.  

RapidMiner. (2023). Vote (apidMiner Studio Core) [Computer software]. Rapidminer Documentation.  
Retrieved July 8, 2023, from  
https://docs.rapidminer.com/latest/studio/operators/modeling/predictive/ensembles/vote.html 
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Table 3  

Precision and Recall Values of Proposed Model 

 True SDH True TW True TH Class Precision 

Predicted SDH 4 0 1 80.00% 

Predicted TW 0 1 0 100.00% 

Predicted TH 0 0 5 100.00% 

Class Recall 100.00% 100.00% 83.33%  

Note. SDH = Single-detached house, TW = Semi-detached house (twin house), TH = Townhouse 

DISCUSSION 

The results of the analysis showed the 

effectiveness of using precise machine learning 

techniques for real estate problem analysis. This 

aligns with the findings of Afonso et al. (2019), 

who researched the forecasting of housing 

project sale prices to aid decision-making for 

entrepreneurs and residents. The study found 

that combining the Random Forest technique 

with Artificial Neural Networks, through 

combining models, resulted in better 

performance compared to using a single model 

technique, which is one of the most effective 

machine learning approaches. 

The results retrieved from the Decision Tree 

model indicated that the factors considered for 

classifying the type of housing project included 

the proximity to a main road, train station, bus 

stop, hospital, and department store, etc., which 

is in line with the research by Sirithananonsakun 

and Tochaiwat (2018). It was found that (1) the 

land which is (1a) located within 2.25 km of a 

main road and within 6.65 km of a bus stop or 

(1b) located within 2.25 km of a main road and 

more than 6.65 km and 1.65 km from a bus stop 

and a hospital respectively, but within 8.80 km of 

a department store, is suitable for developing 

single-detached houses; (2) the land which is 

(2a) located more than 2.25 km from a main road 

and more than 17.15 km from a sky train station 

or (2b) located within 2.25 km of a main road but 

more than 6.65, 1.65 and 8.8 km from a bus stop, 

a hospital, and a department store, respectively, 

is suitable for semi-detached houses; and (3) the 

land which is (3a) located more than 2.25 km 

from a main road but within 17.15 km of a sky 

train station or (3b) located within 2.25 km and 

1.65 km of a main road and a hospital, 

respectively, but more than 6.65 km from a bus 

stop is suitable for developing townhouses. 

The results indicated that the factors affecting 

project formulation include the location 

properties, represented by the distance from a 

bus stop and the distance from a park, as well as 

the project properties of land appraisal price. This 

aligns with the findings of Khan et al. (2017) and 

Rymarzak and Siemińska (2012), who noted that 

the distance to important places in each area 

plays a crucial role in determining the project 

style and, therefore, the location's value and 

selling price. Furthermore, the study supports the 

research by Li et al. (2021) that the value and 

potential of a location are dependent on the 

proximity to the city center and green spaces, 

such as parks. 

Additionally, the analysis of data generated by 

machine learning techniques revealed that the 

Decision Tree and Random Forest models 

produced the highest accuracy for the single 

model cases (81.82% accuracy). However, the 

analysis further indicated that combining 

Decision Tree with Gradient Boosted Tree 

resulted in the most accurate model with higher 

accuracy (90.91%). 

CONCLUSION AND 

RECOMMENDATIONS 

The results of the modeling performed using four 

machine learning techniques showed that a bus 

stop, local park, and land appraisal price were 

the factors affecting the determination of the 

project type, according to the decision tree. 

These findings can be used by entrepreneurs as 

a guide and recommendation as follows. 
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1. Single-Detached House Project: It is 

ideal for areas with high potential and value that 

have easy access to essential amenities and 

transportation hubs. If the location has moderate 

potential and value, it should still be situated if it 

is near to recreational areas, such as parks or 

green spaces. 

2. Townhouse Project: This type of 

project is suitable for areas with moderate 

potential and value. Although it may be farther 

from certain key amenities, it should still have 

convenient access to transportation, such as bus 

stations. Additionally, proximity to green spaces, 

like parks, is important, even if the location 

potential is lower compared to more prime areas. 

3. Semi-detached House Project: It is 

appropriate for areas with moderate potential and 

value. Although the proximity to important 

locations may be limited, the accessibility via 

convenient transportation is a critical factor to 

consider. Entrepreneurs should evaluate the 

distance from key transportation hubs, such as 

main roads or expressways, which may differ 

based on the specific context of each location. 

However, it should be noted that this research 

has a limitation due to the limited sample size 

obtained from the data collection process, which 

had to acquire the project absorption rate data 

from market research reports. Entrepreneurs 

normally treat such data as confidential because 

it can be used in the marketing strategy 

formulation process of their competitors. 

Therefore, in applying the results from this 

research, entrepreneurs and stakeholders should 

supplement the findings with a thorough analysis 

of the context of each project. This limitation 

made the model performance indicators 

(accuracy, class precision and class recall) of all 

models seem to be in some specific numbers. 

For example, several acquired models have the 

same 81.82% accuracy. Researchers who are 

interested in doing similar research may try other 

approaches to cope with the overfitting problem 

that may occur. To illustrate, if the objective of 

the study is to identify the features that have 

impacts on the sales rate of the housing project, 

the researcher can use all data but measure the 

feature importance instead of filtering only high-

sales-performance data, to keep more data for 

the model development process.  
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