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 

Abstract— This paper demonstrates the utilization of machine 

learning algorithms in the prediction of housing selling prices on 

real dataset collected from the Petaling Jaya area, Selangor, 

Malaysia. To date, literature about research on machine learning 

prediction of housing selling price in Malaysia is scarce. This 

paper provides a brief review of the existing machine learning 

algorithms for the prediction problem and presents the 

characteristics of the collected datasets with different groups of 

feature selection. The findings indicate that using irrelevant 

features from the dataset can decrease the accuracy of the 

prediction models. 

 

Index Terms: House pricing, machine learning, prediction, 

real dataset. 

I. INTRODUCTION 

In the era of Industry 4.0, many urgent issues in industries 

can be effectively solved with big data techniques including 

machine learning. Research shows that machine learning 

tools have been very useful in solving many problems of 

prediction and classification with wide spectrums of 

application including medical diagnosis, business analysis, 

fraud detection, and handwriting recognition. Unfortunately, 

the utilization of machine learning in real estate applications 

mainly in the Malaysian context is relatively few and far 

between. 

Evaluating property prices/values is extremely important 

for real estate, the stock market, the tax sector, the economy, 

and the size of buyers’ and sellers’ wallets. While the 

researchers are reasonably spot-on with current predictions, 

the current methodologies limited by the scope of data of the 

current systems in the real estate industry should be taken 

into consideration. Provided with an estimated price for a 

given subject property, the machine learning tool is always 

able to accurately see the potential by considering the 

significant factors. However, to use the machine learning tool 

in the real estate industry, the determination of significant 

factors is crucial; requiring pre-processing and exploration of 

the collected datasets. The accuracy of the results produced 

by the machine learning model is highly dependent on the 

dataset pattern, the parameter tunings, and the feature 

selections.  

This paper reports the findings of analyzing machine learning 

predictors on real dataset of house pricing in an urban area in 

Malaysia. The objective of this study is to identify which  
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features from the dataset highly contribute to the prediction 

accuracy when tested with the selected machine learning 

algorithms. This study will also verify how the significant 

level of each factor from the features set affects the 

performances of machine learning algorithms.   

This paper is organized as follows: Section II provides the 

literature on the trends of housing prices and their predictions 

as well as the utilization of the machine learning tools. The 

methodology of research is presented in Section III, while a 

discussion of the results in Section IV is followed with the 

concluding remarks in the last section.  

II. BACKGROUND OF THE STUDY 

A. Housing price prediction  

There are a few data analysis modelling techniques being 

implemented in various property pricing research. These 

modelling techniques are under econometrics whereby 

modelling is more concerned with the use of a statistical 

method, or a mathematical method. An example is 

autoregressive integrated moving average (ARIMA), 

artificial intelligence (AI), linear regression, artificial neural 

network (ANN), fuzzy logic, and hedonic price model [1], 

[2]. A plethora of researchers have reviewed the applications 

of these model techniques in the real estate field.  

The artificial neural network (ANN) is an AI model 

technique that is already extensively used in property pricing 

and being widely implemented in other diverse research areas 

as well. This modelling technique possess highly promising 

methods and proves significantly efficient for property 

pricing appraisal research [3]. The most impressively 

reviewed of this modelling technique is currently applied in  a 

broad range of science disciplines and business fields such as 

studies in credit card fraud detection, cursive hand writing 

recognition, loan approvals, real estate analyses and 

marketing analyses, telecommunications, sound and 

vibration controls, automotive, and speech recognition [4]. 

This research bears semblance to other research [5] 

reviewing the application of the ANN modelling technique in 

health and medicine, accounting and finance, engineering, 

marketing, manufacturing and other application fields. These 

reviews demonstrate the versatility of this modelling 

technique that is applicable not only for property price 

research, but in other industries of science disciplines and 

business. 

Consequently, the hedonic price model (HPM) [6] cited  

studies conducted by [7] that claim that HPM was already  
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used in real estate appraisals prior to 1954, between 1954 to 

1964, and between 1964 to 1977. In [7] insisted that during 

their study duration, this modelling technique has been 

practiced on a few classes of real estate properties, like urban 

bare lands, rural bare lands, multiple-family residences, and 

single-family residences. A detailed theoretical review of the 

implementation evolution of the HPM modelling technique 

in the real estate aspect was presented by [8], [9] in concert 

with other research [10] that analyzed articles on the 

implementation of HPM to measure the variables that 

determine property values. One of the advantages of the 

HPM modelling technique includes its ability to estimate the 

prediction values based on the variable choices besides being 

particularly applicable to property market research. 

Simultaneously, this modelling technique is capable of being 

adapted in case studies having relationships between other 

market goods and external factors such as structure and 

construction, property internal features, property external 

amenities, environmental, neighborhood and location. 

It is interesting to note that a lot of previous research using 

the HPM modelling technique compares other modelling 

techniques that focus on property market pricing in North 

America, the West, and Europe in particular. Of these,  just a 

few were conducted in the East, such as in Japan [9], Hong 

Kong [10], and Taiwan [11]. 

The fuzzy logic system (FLS) is a modelling technique 

utilizing a multiple criteria decision-making method or tool. 

Notable articles on the application of FLS articles were 

published between 1994 to 2014 [12]; most prominently in 

2013. Based on reviews, this technique is mostly 

implemented in the fields of management and business, 

engineering, and science and technology. In [12] reports a 

hybrid system where the FLS modelling technique integrates 

with the analytic hierarchy process (AHP) to form a 

combined modelling technique.  

Similarly, the AHP modelling technique is another 

multiple criterion decision-making technique that has been 

used in the real estate research [13]. This paper states that 

AHP is also suitable for application in different studies 

namely conflict resolution, economic and planning, 

manufacturing, accounting and auditing, politics and 

environmental marketing, and education. In summary, the 

FLS modelling technique is widely used by previous 

researchers on a variety of studies, but it is not widely 

implemented in the real estate aspect as compared with the 

HPM model. 

B. Machine learning 

Machine learning is prevalent in solving many kinds of 

problem domains [14]-[17]. Due to the higher accuracy 

performance of machine learning compared to statistical 

methods, the existence of house price predictor based of 

machine learning has been very attractive to many 

professionals involved in property valuation. Researchers 

have started to use a variation of machine learning algorithms 

and this paper give a review of five common algorithms 

namely Linear Regression, Random Forest, Decision Tree, 

Lasso, and Ridge. Linear Regression [18] machine learning 

focuses on multiple input variable regression, which uses a 

linear combination of independent variables to estimate a 

continuous dependent variable, thus making it relevant to 

problem prediction. Meanwhile, Random Forest [19] is one 

of the most popular machine learning algorithms and 

recognized as the most powerful supervised machine 

learning. It has the capability to perform both regression and 

classification tasks. This algorithm was introduced based on 

the forest and trees as the underlying concept. Similar to 

Random Forest, Decision Tree is another type of machine 

learning tool covering both prediction and classification 

problems [20]. These both algorithms are useful for decision 

analyses to visually and explicitly represent a set of 

decision-making possibilities. The idea behind the Random 

Forest creation is to resolve the over-fitting issues in decision 

tree algorithms. 

Multi co-linearity is a condition of near-linear 

relationships among the independent variables of prediction 

[21].  Inaccurate estimation of prediction is the main problem 

appearing with multi co-linearity conditions; thus the Ridge 

regression was introduced to resolve the problem [22]. 

Lasso or Least Absolute Selection and Shrinkage Operator 

is an alternative to Ridge for regularizing with linear 

regression [23]. With an objective to find sparse solutions for 

better interpretation, Lasso replaces both co-efficient vector 

penalties in the ridge algorithm with a different formulation. 

To summarize, Table 1 provides a comparison of research 

regarding the five mentioned machine learning algorithms 

used in this study. ANN as mentioned in the previous section 

is a kind of deep learning from the family of machine learning 

but is more suitable for complex dataset problems. 

Table 1: A comparison of machine learning house price 

predictions (2016-2018) 

Paper 

Linear 

Regressio

n 

Rando

m 

Forest 

Decisio

n Tree 

Ridg

e 

Lass

o 

[20] 
     

[24]      

[25]      

[26]      

[27]      

[28]      

[29]      

[30]      

[31]      

[32]      

 

Based on the reviewed literature, Random Forest is the 

most popular machine learning. This paper demonstrates the 

utilization of machine learning algorithms in the prediction of 

housing selling prices on real dataset collected from the 

Petaling Jaya area, Selangor, Malaysia. To date, literature 

about research on machine learning prediction of housing 

selling price in Malaysia is scarce. This paper provides a brief 

review of the existing machine learning algorithms for the 

prediction problem and presents the characteristics of the 

collected datasets with different groups of feature selection.  

The findings indicate that using irrelevant features from the 

dataset can decrease the accuracy of the prediction models. 
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III. METHODOLOGY & RESULTS 

A. Dataset 

The dataset is a collection of housing prices in 2016 with 

some attributes or factor variables. As this paper uses 

machine learning predictions, these variables are called 

features. Table 2 shows the set of features to develop the 

prediction model. This study uses 19 attributes or features as 

independent variables for predicting house prices.  

Table 2: Features in the dataset 

Features Description 

Selling price Dispose price/sqf (RM) 

Buying price Transaction price/sqf (RM) 

Floor Floor 

GC Green certificate 

MFA Main floor area 

Bed Number of bedrooms 

Distance Distance to CBD 

BC Building category 

Ownership Own 

CA Category area 

AC Area classification 

Floor Floor 

BC Building category 

CLASS Building classification 

Bed Number of bedroom 

Age Age of the building 

Buy Buyers 

Sell Seller 

B. Features selection 

Features selection is an important step of machine learning 

prediction. In this paper, features selection is divided into 

four groups. First group used all the independent parameters 

in the training dataset. It is a combination of variables with 

very weak, weak and strong relationships on the dependent 

variable sale price. In this paper, the level of relationship is 

defined as Strong if the coefficient correlation value is 

between 0.51 to 1.00 and moderate if the value is between 0.3 

to 0.5. Otherwise, weak level is between 0.2 to 0.29 and very 

weak level is between 0.1 to 0.19. Fig. 1 shows the Python 

heatmap plot of all variables in the dataset.  

 
Fig. 1: Correlation level of all features 

The following Fig. 2 shows the heatmap plot of weak 

relationship variables with the selling prices.  

 
Fig. 2: Correlation level of features with values 

between 0.20-0.29 (weak) 

 

Subsequently, Fig. 3 shows another five variables with 

very weak relationship with the selling prices. These 

variables are:  

 
Fig. 3: Correlation level of features with values 

between 0.1 to 0.19 (very week) 

 

Only the buying price variable is found to have a strong 

relationship with the selling prices with coefficient value 

0.73, as presented in the following Fig. 4. 

 
Fig. 4: The correlation level between selling price and 

buying price 
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It is interesting to observe the data distribution between the 

selling price and buying price, thus presented in the following 

Fig. 5. 

 
Fig. 5: Data distribution between selling prices and 

buying prices 

 

There exists a normal distribution trend between selling 

and distribution prices with very few outliers.  

Validation approach 

 In this study, split training approach is used with a ratio of 

80:20 between training and validation respectively. 

IV. RESULTS AND DISCUSSION 

Table 3 shows the results of R squared and RMSE of five 

machine learning algorithms on the tested dataset. R squared 

is a statistical measurement that represents the proportion of 

the variance for the dependent variable that is explicated by 

the independent variable/s. The accuracy of each machine 

learning algorithm can be presented with the R squared.   

Table 3: R squared of the five algorithms with different 

features selection 

Algorithm All Strong Weak Very Weak 

Random Forest 

Regressor 
0.991 0.991 0.992 0.817 

Decision Tree 

Regressor 
0.986 0.986 0.982 0.804 

Ridge 0.683 0.683 0.678 0.428 

Linear 

Regression 
0.683 0.683 0.678 0.428 

Lasso 0.683 0.683 0.641 0.428 

 

In general, the best accuracy was provided by the Random 

Forest Regressor followed by the Decision Tree Regressor. A 

similar result is generated by the Ridge and Linear 

Regression with a very slight reduction in Lasso. Across all 

groups of features selections, there is no extreme difference 

between all regardless of strong or weak groups. It gives a 

good sign that the buying prices can be solely used for 

predicting the selling prices without considering other 

features so as to disseminate model over-fitting. 

Additionally, a reduction in accuracy is apparent on the very 

weak features group. The same pattern of results is visible on 

the Root Square Mean Error (RMSE) for all feature selection 

groups of all algorithms as shown in the following Table 4. 

Table 4: RMSE of the algorithms with different 

features selection 

Algorithm All High Moderate Weak 

Random Forest 

Regressor 
0.044 0.044 0.040 0.202 

Decision Tree 

Regressor 
0.056 0.056 0.061 0.209 

Ridge 0.267 0.267 0.268 0.358 

Linear 

Regression 
0.267 0.267 0.268 0.358 

Lasso 0.283 0.283 0.283 0  0.358 

 

RMSE is the standard deviation of prediction errors. It 

represents the sample standard deviation of the differences 

between predicted values and observed values (called 

residuals of independent variables). The lower value is the 

error signifying the better fit of the algorithms. As presented 

in Table 1, the inclusion of all features does not affect the 

fitness of algorithms unless if the model was only utilizing 

the weak correlation features.  

V. CONCLUSION 

This paper presents the reviews and findings of using 

machine learning algorithms for real data of housing prices in 

the area of Petaling Jaya, Selangor. The researchers 

demonstrate that feature selection is an important component 

of machine learning prediction. Two important performances 

of machine learning prediction are accuracy of prediction, 

and averaging of errors or fitness, which may be affected 

according to the feature’s selection with different groups of 

relationship levels. However, these findings are limited to the 

tested dataset and therefore requires further investigations for 

different types of problems. 
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