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Abstract - House price prediction remains a complex task due to the interplay of structural, locational, and economic factors. This 

study proposes a machine learning-based predictive framework tailored to the residential real estate market in Hulu Langat, 

Malaysia, a district undergoing rapid urbanization. Using open-source datasets, three structured variations are developed: one 

containing only housing and locational attributes, another incorporating regional-level macroeconomic data, and a third combining 

both regional and national macroeconomic indicators. The proposed model (Ensemble Weighted Average) is trained and evaluated 

using evaluation metrics, then compared with models such as Random Forest, XGBoost, LightGBM, and Ensemble Stacking. The 

proposed model trained solely on housing and locational data achieved the highest accuracy, outperforming all other models across 

most evaluation metrics, while XGBoost achieves the fastest computation time. Models trained with the inclusion of 

macroeconomic indicators consistently underperforms, suggesting that macroeconomic indicators added noise to model prediction, 

potentially due to spatial resolution mismatches or multicollinearity. The interpretability of the best-performing model was further 

enhanced with SHapley Additive exPlanations (SHAP), the resulting SHAP analysis reveals that land parcel area, property type, 

and local housing supply are the top contributing features to model’s performance. These findings validate the effectiveness of 

ensemble models for localized price prediction and highlight the importance of house attributes over broader economic trends. The 

proposed framework yields a practical and interpretable approach to house price prediction and may assist policymakers, developers, 

and planners in making informed decisions. 
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1. INTRODUCTION  

The residential real estate market represents the cornerstone for developed and developing economies, as it is one of 

the most fundamental basic human needs. Malaysia, as an emerging economy, is currently experiencing rapid 

urbanization, admission districts such as Hulu Langat have seen a significant population growth and increased 

attention from homebuyers due to its proximity to Kuala Lumpur. However, the determinants of house prices are often 

complex and influenced by a multidimensional interplay of factors. But recent breakthrough in Machine Learning 

(ML) technologies and big data analysis enables a new opportunity for deploying an accurate predictive framework 
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for localized housing markets. The research aims to utilize advanced ML algorithms to address the unique challenges 

and opportunities of house price prediction in Hulu Langat, providing a detailed and localized perspective. The 

findings contribute to the research on ML applications in house price prediction, demonstrate the effectiveness of 

advanced models, offer a foundational ML framework for future studies in Malaysia, and support policymakers in 

urban planning strategies. 

The complex nature of house price prediction can particularly be explained by theories such as Hedonic Pricing Theory 

(HPT) [1], Spatial Economic Theory [2], and the law of supply and demand [3]. HPT posits that in a free marketplace, 

houses are treated as a collection of unique, inseparable property characteristics such as house size [4], [5], [6], 

basement size [7], and external structure [4]. Spatial Economic Theory further extends by 

emphasizing that spatial distribution of economic activity near Central Business District (CBT) [7], schools, public 

transport, and shopping malls [4], and public facilities [8], plays a significantly role in influences house prices, making 

location a pivotal factor. Moreover, the law of supply and demand states that rising demand can lead to price surges 

when supply is constrained. Due to these factors, effective integration of these complex, multidimensional, and often 

non-linear factors into accurate and interpretable predictive models remains a significant challenge for traditional 

statistical techniques. 

The complex and multidimensional factor often hampers traditional models, such as Hedonic model and Multiple 

Regression Analysis (MRA) [10], [11]. Although MRA can outperform more advanced ML models with smaller 

datasets [11], advanced ML models generally provide superior performance for complex datasets [10], [11], [12]. 

However, these advanced models are often affected by issues such as interpretability [12] and overfitting [11], [13]. 

Notably, hybrid models have demonstrated the capacity to mitigate overfitting while also achieving higher 

performance than standalone advanced ML models [13]. 

The research holds significant implications by contributing to the existing body of literature on ML applications in 

house price prediction, particularly within the underexplored Hulu Langat district. It demonstrates the effectiveness 

of advanced ML models in house price prediction, while provide a basis ML framework for future studies relating to 

house price prediction in Hulu Langat context or Malaysian context. Furthermore, the findings support policymakers 

in decision-making on housing policies and urban planning strategies. 

 

2. LITERATURE REVIEW  

2.1 Determinants of the Housing Market  

The housing market and house prices are influenced by a myriad of factors, which can be broadly categorized into 2 

different overarching subsections, such as internal factors and external factors. This section aims to explore the many 

factors that have been identified from various existing studies and research that have contributed to the field of house 

price analysis and prediction. 

 

2.1.1 Internal Factors 

Internal factors refer to house attributes such as size, number of rooms, bathrooms, and structural design. These 

features directly influence buyer preferences and market demand, with their impact varying across local market 

conditions [14]. In Malaysia, housing satisfaction is closely linked to built-up size, number of bathrooms and rooms, 

as well as internal and external structural features [4]. House size and number of bathrooms exhibit a strong positive 

correlation with price, while car parks and rooms have moderate effects. In contrast, greater distances to amenities 

such as schools and public transport are negatively associated with house prices [6]. In the Ames dataset, general 

living area and basement size significantly influence prices, while in the Melbourne dataset, number of rooms, 

bathrooms, land area, and proximity to CBD are the most impactful attributes [7]. In Selangor, attributes such as lot 

size, tenure, number of bedrooms, and building size are significant determinants, with district-specific variations 

observed in areas like Petaling Jaya and Shah Alam [5]. 
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2.1.2 External Factors 

External factors encompass macroeconomic indicators and geographic proximity. Real GDP accounts for nearly 60% 

of house price changes in Malaysia and is similarly influential in the USA and OECD countries [15], [16], [17], [18]. 

Inflation, CPI, and median household income also show strong positive correlations with Malaysian house prices, 

reflecting economic stability and affordability trends [4], [18], [19], [20]. Although population growth is statistically 

insignificant in the U.S. context [16], it correlates positively with housing demand in Malaysia [21]. 

Geographical factors further shape price dynamics. In Kuala Lumpur, shorter distances to schools, MRT/LRT stations, 

and shopping malls are moderately associated with higher prices, while proximity to hospitals has a weaker effect [6]. 

Comparable results in Beijing confirm the importance of access to public facilities in house price modelling [8].  

 

2.2. Comparison of ML Models with Traditional Models  

Traditional models such as the Hedonic Pricing Model (HPM) are widely used in house price prediction due to their 

simplicity and interpretability [22]. However, they are limited in handling nonlinear relationships and often 

underperform in large or complex datasets [10]. With the increasing availability of housing data, ML models have 

become more prominent for their superior predictive accuracy. 

Several studies demonstrate that models like RF, K-Nearest Neighbours (KNN), and Artificial Neural Networks (ANN) 

consistently outperform traditional models such as HPM [12], [23]. For instance, in Kuala Lumpur, Malaysia, 

XGBoost and LightGBM achieved higher accuracy than MRA and Ridge Regression [6]. In Taiwan, both regression 

models and Long Short-Term Memory (LSTM) networks demonstrated strong performance in forecasting the Taiwan 

House Price Index (THPI) [19], while Back Propagation Neural Networks (BPNN) and Convolutional Neural 

Networks (CNN) also showed high accuracy [24]. 

Ensemble methods such as Hybrid Regression Models (e.g., 65% Lasso, 35% XGBoost) and Stacked Generalization 

have been shown to outperform standalone ML models like RF, XGBoost, and LightGBM [6]. Additionally, the lack 

of interpretability in complex ML models has been addressed through explainable AI methods such as SHAP, applied 

to both linear and tree-based models for clearer insight into feature importance [7].  

These findings collectively suggest a shift from traditional statistical models to more powerful and flexible ML and 

deep learning models, particularly when enhanced through hybridization and explainable methods. 

 

3. RESEARCH METHODOLOGY  

This section details the research methodology employed for developing the proposed house price prediction 

framework in Hulu Langat. It details a structured and systematic workflow to design extensive experimentation, model 

development, model testing, and insightful evaluation of the framework.  

 

3.1 Proposed Hybrid ML Model 

The proposed Hybrid ML model utilizes the weighted averaging hybrid approach in combining three distinct models, 

RF [25], XGBoost [26], and LightGBM [27] to enhance predictive accuracy and robustness by exploiting their 

complementary strengths. The final prediction of the hybrid model, 𝑃𝐻𝑦𝑏𝑟𝑖𝑑, is calculated as: 

𝑃𝐻𝑦𝑏𝑟𝑖𝑑 = 𝑤1 ⋅  𝑃𝑅𝐹 +  𝑤2 ⋅ 𝑃𝑋𝐺𝐵 + 𝑤3 ⋅ 𝑃𝐿𝑖𝑔ℎ𝑡𝐺𝐵𝑀  

Where: 

❖ 𝑃𝑅𝐹: Final prediction of RF. 

❖ 𝑃𝑋𝐺𝐵: Final prediction of XGBoost. 

❖ 𝑃𝐿𝑖𝑔ℎ𝑡𝐺𝐵𝑀: Final prediction of LightGBM 

Where 𝑤1,  𝑤2, and 𝑤3 are the respective weights assigned to the RF, XGBoost, and LightGBM predictions, chosen 

such that 𝑤1 + 𝑤2 + 𝑤3 = 1 (Figure 1). 
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Figure 1. Ensemble Weighted Average Model Diagram 

 

3.2 Research Procedure and Experimental Design 

The research methodology employs a structured, five-phase approach, as visualized in Figure 2, to develop and 

evaluate the house price prediction framework and identify the key determinants of house prices. 

 

Figure 2. Research Procedure 

 

3.2.1 Phase 1: Research Foundation 

The initial phase focused on identifying the core challenges for house price prediction, then formulating the research 

scopes and research objectives to give the research a clear goal to achieve. Finally, past works and studies done on the 

field of house price prediction were researched and reviewed to gain better understanding and insight into the field. 
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3.2.2 Phase 2: Data Preparation 

Data collection focused on Malaysian national and regional contexts, specifically for economics and housing. Mainly 

sources from government platforms such as National Property Information Centre (NAPIC), OpenDOSM, and 

Department of Statistics Malaysia (DOSM), supplemented third-party platforms such as OSM and Google Maps. The 

raw data were pre-processed to ensure quality and consistency, including data cleaning, transformation, and 

integration into a unified dataset. 

Exploratory Data Analysis (EDA) was performed to understand data distributions, identify outliers, and examine inter-

variable relationships and multicollinearity. Feature engineering included encoding categorical data, normalizing 

house price using 𝑙𝑜𝑔1𝑝, and geocoding is conducted on location data to extract latitude/longitude coordinates and 

calculate distance measurements to key public facilities. For experimental purposes, three distinct datasets were 

prepared: 

Dataset 1: House attributes, coordinates, and proximity features 

Dataset 2: Dataset 1 with regional-level macroeconomic indicators 

Dataset3: The full dataset with national-level macroeconomic data. 

 

3.2.3 Phase 3: Model Development 

ML models such as RF, XGBoost, and LightGBM were developed alongside hybrid approaches, including a proposed 

hybrid model and an ensemble stacking model (uses RF and XGBoost as the base learner, and Ridge Regression as 

the meta learner). These models were selected based on their demonstrated effectiveness in previous literature and 

their suitability for structured tabular data. 

Each model was separately on the training sets of the three distinct datasets to evaluate performance variations across 

different data compositions. Hyperparameter tuning was performed using both grid search and random search 

strategies on models that achieved the best cross-validation scores. This process aims to improve prediction accuracy 

and mitigate the risk of overfitting. 

 

3.2.4 Phase 4: Model Comparison & Interpretation 

All models were evaluated on their corresponding test sets with evaluation metrics, including Root Mean Squared 

Logarithmic Error (RMSLE), Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), Mean Squared Error 

(MSE), coefficient of determination (𝑅2), adjusted 𝑅2, and computation time, which is the time taken during model 

evaluation.  

The interpretability best-performing models were enhanced by using the SHAP algorithm. The algorithm produces a 

Shapley value for each feature input into the best-performing model, which enables further analysis of each feature's 

contribution to the model's predictions. This allows a clear understanding into the key features influencing the model 

house price predictions. 

 

3.2.5 Phase 5: Insights & Recommendations  

The final phase focused on analysing the resultant Shapley values derived from the best-performing model, to identify 

the key determinants of house prices in Hulu Langat district. These findings enable stakeholders such as policymakers, 

developers, and homebuyers to make an informed decision regarding Hulu Langat’s housing market, by providing 

them with valuable information. 

 

4. RESULTS AND DISCUSSIONS  

The experimental results are shown in Table 1. 
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Table 1. Performance Evaluation Scores on All Models Trained on 3 Distinct Datasets 

Models Dataset RMSLE RMSE MAE MSE 𝑹𝟐 Adj 𝑹𝟐 Computation 

Time (s) 

Random 

Forest 

1 0.0123 0.1687 0.1156 0.0285 0.9443 0.9441 0.1535 

2 0.0123 0.1690 0.1164 0.0286 0.9442 0.9437 0.1064 

3 0.0126 0.1730 0.1202 0.0300 0.9414 0.9402 0.1247 

XGBoost 1 0.0121 0.1655 0.1171 0.0274 0.9464 0.9462 0.0096 

2 0.0122 0.1675 0.1187 0.0281 0.9451 0.9447 0.0302 

3 0.0125 0.1718 0.1214 0.0295 0.9423 0.9411 0.0190 

LightGBM 1 0.0121 0.1666 0.1180 0.0277 0.9458 0.9455 0.0206 

2 0.0123 0.1688 0.1196 0.0285 0.9443 0.9438 0.0164 

3 0.0124 0.1703 0.1213 0.0290 0.9433 0.9421 0.0170 

Ensemble 

Weighted 

Average 

Model 

1 0.0117 0.1608 0.1119 0.0258 0.9495 0.9493 0.3293 

2 0.0119 0.1629 0.1140 0.0265 0.9481 0.9477 0.1500 

3 0.0121 0.1667 0.1172 0.0278 0.9457 0.9445 0.1547 

Ensemble 

Stacking 

Model 

1 0.0118 0.1624 0.1138 0.0264 0.9484 0.9482 0.1244 

2 0.0119 0.1635 0.1149 0.0268 0.9477 0.9473 0.1312 

3 0.0122 0.1676 0.1182 0.0281 0.9450 0.9439 0.1474 

 

Experimental results demonstrate that the Ensemble Weighted Average Model trained on Dataset 1 achieved the best 

overall performance across all evaluation metrics, except for computational time, where XGBoost model trained on 

Dataset 1 recorded the fastest execution.  

The better performance of the ensemble method can be attributed to the ensemble techniques that combines the 

strengths of 3 base learner models: RF offering robustness to overfitting [25], while XGBoost and LightGBM provide 

high accuracy through additive optimization [26], [27], compel with the weighted averaging ensemble techniques have 

shown their ability to improve generalization and reduce model variance in structured data applications [28], [29]. 

The stark performance gap between models trained on dataset without macroeconomic data and those trained 

incorporating them. Furthermore, models with macroeconomic input have shown to consistently underperform, 

suggesting these features added noise rather than predictive value. This may stem from mismatches in spatial 

granularity (national/state-level data applied to district-level predictions) and multicollinearity among macro 

indicators [30], [31]. Figure 3 visualizes the generated Shapley values from the best-performing model.  

 

Figure 3. SHAP Summary Plot 
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Figure 3 reveals that land parcel size, number of existing supplies, and property types are among the top contributors. 

These findings align with HPT [32] , which posits that property value arises from its attributes. Larger land sizes 

generally contribute positively to price, reflecting scarcity and development potential. Property type differentiates 

housing utility and ownership desirability, landed homes command higher premiums than flats. The influence of 

existing supply suggests localized market dynamics also shape house prices. 

 

5. CONCLUSION   

The study presents a ML framework for house price prediction in Hulu Langat, Malaysia, using an ensemble of 

Random Forest, XGBoost, and LightGBM. Among all tested models, the proposed Ensemble Weighted Average 

Model trained on dataset of house attributes, coordinates, and proximity features, achieved the highest performance, 

demonstrating the model’s effectiveness in capturing nonlinear relationships in structured tabular data. 

Comparative experiments reveal that incorporating macroeconomic indicators do not enhance prediction accuracy; in 

fact, performance declined slightly across all models. This suggests that localized housing features are more predictive 

than broader economic variables at the district level. 

The SHAP analysis offers valuable interpretability by empirically identifying the most influential features driving 

house price predictions in Hulu Langat. Key predictors included land parcel area, existing supplies, and property type. 

These findings support established real estate valuation principles, particularly HPT, which emphasizes the role of 

intrinsic property attributes and location. 

Future works should further enhance the capabilities of the proposed system and methodology, by gathering a larger 

and more diverse localized dataset across time, improving geographical data quality, and experimenting with different 

ML or deep learning models such as ANN Model, Joint Self Attention Model, CatBoost Model, and Long Short-Term 

Memory Model that uses the same or different ensemble techniques, and combinations, to further enhance the 

predictive capabilities. 
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