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Abstract: Accurate understanding of residential housing price formation is essential for urban 

planning, real estate market transparency, and informed decision-making by buyers and sellers. In 

recent years, online real estate platforms have emerged as valuable sources of large-scale market data; 

however, empirical studies based on local housing data in Uzbekistan remain limited. This paper 

presents an interpretable analysis of residential apartment prices in Tashkent using multiple linear 

regression applied to real listing data collected from an online real estate platform. 

The dataset consists of 7,421 apartment listings and includes structural characteristics 

(apartment size, number of rooms, floor level, and total building floors) as well as geographic 

attributes represented by latitude and longitude. A systematic preprocessing pipeline involving outlier 

removal and train–test splitting is employed. Several linear models, including ordinary least squares, 

Ridge, Lasso, and Elastic Net regression, are evaluated and compared using standard performance 

metrics. 

Experimental results show that all linear variants achieve comparable performance, with an R² 

value of approximately 0.67 on the test set, indicating that a substantial proportion of price variability 

can be explained using linear relationships. The analysis highlights the dominant role of spatial 

location and apartment size in price formation, while regression coefficients provide clear 

interpretability of individual feature effects. Residual analysis confirms the absence of systematic 

prediction bias, with increased variability observed for higher-priced apartments. 

Overall, the findings demonstrate that simple and interpretable linear regression models provide 

a robust baseline for residential price analysis in the Tashkent housing market. The study offers 

practical insights for market participants and lays the groundwork for future extensions incorporating 

nonlinear and spatially explicit modeling approaches. 

Keywords: Residential property prices; Linear regression; Housing market analysis; Spatial 

factors; Real estate listings; Data-driven analysis; Tashkent housing market. 

INTRODUCTION 

Residential housing markets play a critical role in urban economic development, influencing 

household welfare, investment decisions, and city planning strategies. Understanding the factors that 

determine apartment prices is therefore essential for policymakers, real estate professionals, and 

individual buyers. In recent years, the rapid growth of online real estate platforms has enabled access 

to large volumes of market data, creating new opportunities for data-driven analysis of housing price 

formation. 

A common and well-established approach to housing price analysis is the use of hedonic pricing 

models, where property prices are expressed as a function of structural, locational, and environmental 

attributes. Among these approaches, multiple linear regression remains widely used due to its 

transparency, ease of interpretation, and solid theoretical foundation. Several studies have 

demonstrated that linear regression models can effectively capture key price determinants such as 

apartment size, number of rooms, building characteristics, and location variables [1-3]. Despite the 

growing popularity of complex machine learning and deep learning models, linear regression 

continues to serve as a strong baseline for housing price analysis, particularly when interpretability is 

a primary objective [4,5]. 

Recent literature has increasingly explored advanced regression techniques and machine 

learning models for housing price prediction, including regularized linear models, ensemble methods, 
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and neural networks [6-10]. While these approaches often achieve improved predictive accuracy, they 

may sacrifice interpretability, making it difficult to understand the economic significance of 

individual features. For emerging housing markets and policy-oriented studies, interpretable models 

remain especially valuable, as they allow stakeholders to clearly assess how specific attributes 

contribute to price variation [7,11]. 

Despite the extensive global literature on housing price modeling, empirical studies based on 

real estate data from Uzbekistan remain scarce. The Tashkent housing market exhibits unique 

structural and spatial characteristics shaped by rapid urban growth, heterogeneous neighborhood 

development, and evolving market dynamics. The lack of systematic, data-driven analyses using local 

housing data represents a notable research gap, particularly with respect to interpretable models that 

can provide actionable insights into price formation mechanisms. 

In this study, we address this gap by conducting an interpretable analysis of residential 

apartment prices in Tashkent using multiple linear regression applied to real listing data collected 

from an online real estate platform. The proposed approach incorporates both structural apartment 

attributes and geographic coordinates to account for spatial effects. Several linear model variants, 

including ordinary least squares and regularized regressions, are evaluated and compared. The 

primary objective is not to achieve maximum predictive accuracy, but rather to identify and interpret 

the dominant factors influencing apartment prices in the Tashkent housing market, thereby providing 

a transparent and reliable baseline for future research and more advanced modeling approaches. 

Dataset 

The dataset used in this study was collected from publicly available residential apartment 

listings published on an online real estate platform. The analysis focuses exclusively on apartments 

located in Tashkent, the capital city of Uzbekistan. After initial data collection, the dataset consists 

of 7,421 listings, each representing a unique apartment offering. The listings include information 

provided by sellers or agents at the time of publication and reflect asking prices rather than finalized 

transaction prices. All prices are reported in United States dollars (USD), which is a commonly used 

reference currency in the local real estate market. 

Each apartment listing contains a set of structural and geographic attributes used for modeling. 

The target variable is the total apartment price, while explanatory variables capture physical 

characteristics of the apartment and its location. A summary of the variables is provided below: 

• Price: Total listed price of the apartment (USD), used as the target variable. 

• Size: Apartment area in square meters (m²). 

• Rooms: Number of rooms in the apartment. 

• Level: Floor number on which the apartment is located. 

• Max_levels: Total number of floors in the building. 

• Latitude (lat): Geographic latitude of the apartment location. 

• Longitude (lng): Geographic longitude of the apartment location. 

Geographic coordinates are used as continuous spatial proxies to capture location-related price 

variation across different parts of the city. 

Prior to model training, several preprocessing steps were applied to ensure data quality and 

robustness of the analysis. Listings with missing or invalid values in essential fields (price, size, 

number of rooms, floor level, building height, and geographic coordinates) were removed. 

To reduce the influence of extreme values, outlier filtering was performed using a quantile-

based approach. Specifically, observations with prices or apartment sizes below the 1st percentile or 

above the 99th percentile, computed on the training subset, were excluded from the analysis. This 

procedure preserves the core structure of the housing market while mitigating the impact of atypical 

luxury listings and data anomalies. The effect of this filtering is illustrated in Figure 1. 
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Figure 1. Distribution of apartment prices before and after outlier removal. 

The dataset was then randomly shuffled and divided into training (75%) and test (25%) subsets 

to enable an unbiased evaluation of model performance. 

Preliminary exploration of the cleaned dataset reveals substantial heterogeneity in both 

apartment prices and spatial distribution. Figure 2 illustrates the geographic dispersion of listings 

across Tashkent, highlighting pronounced spatial price gradients and clustering effects. These 

observations motivate the inclusion of geographic coordinates as explanatory variables in the 

regression models. 

 

Figure 2. Spatial distribution of apartment listings in Tashkent after outlier filtering. 

Overall, the resulting dataset provides a representative and sufficiently large sample of the 

Tashkent apartment market, enabling interpretable regression-based analysis of residential price 

formation. 

METHODOLOGY AND RESULTS 

This study employs multiple linear regression to analyze residential apartment prices in 

Tashkent. Linear regression is selected due to its interpretability, transparency, and suitability for 

assessing the marginal contribution of individual housing attributes to price formation. The general 

regression model is defined as: 

𝑦 = 𝛽0 + ∑ 𝛽𝑖𝑥𝑖 + 𝜀

𝑛

𝑖=1

 (1) 
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where 𝑦  denotes the apartment price, 𝑥𝑖 represents the explanatory variables, 𝛽𝑖  are the 

regression coefficients, and 𝜀 is the error term. 

The explanatory variables include apartment size, number of rooms, floor level, total number 

of floors in the building, and geographic coordinates (latitude and longitude), which are used as 

continuous proxies for spatial location. Prior to model training, the dataset was randomly divided into 

training (75%) and test (25%) subsets. To reduce the influence of extreme observations, a quantile-

based outlier filtering strategy was applied, excluding values below the 1st percentile and above the 

99th percentile for apartment price and size. Importantly, percentile thresholds were computed using 

the training set and subsequently applied to the test set to avoid data leakage. 

In addition to ordinary least squares (OLS) regression, several regularized linear models, Ridge, 

Lasso, and Elastic Net, were evaluated to assess whether coefficient regularization improves 

predictive performance or model stability. All models were trained using identical feature sets and 

evaluated under the same conditions. Model performance was assessed using the coefficient of 

determination (𝑅2), root mean squared error (RMSE), and mean absolute error (MAE). 

Table 1 summarizes the predictive performance of the evaluated linear regression models on 

the test dataset. The OLS model achieves an 𝑅2  value of approximately 0.67, indicating that a 

substantial portion of apartment price variability is explained by the selected explanatory variables. 

The RMSE and MAE values are consistent with expectations for real estate listing data, which 

typically exhibit inherent noise and heterogeneity. 

 𝑹𝟐 RMSE MAE 

Ordinary Least Squares 0.67 24731 14356 

Lasso Regression 0.67 24731 14356 

Ridge Regression 0.67 24732 14363 

Elastic Net Regression 0.67 24732 14360 

Table 1. Predictive performance of linear regression models on the test dataset. 

The regularized models, Ridge, Lasso, and Elastic Net, exhibit nearly identical performance to 

the OLS model, with differences observable only at the third or fourth decimal place. This indicates 

that multicollinearity effects are limited and that regularization does not provide a meaningful 

advantage for this dataset. Consequently, the standard linear regression model is sufficient for 

capturing the dominant price formation mechanisms while maintaining maximum interpretability. 

The relationship between actual and predicted apartment prices is illustrated in Figure 3. Most 

observations lie close to the 45° reference line, confirming good agreement between predicted and 

observed values. Increased dispersion is observed for higher-priced apartments, reflecting greater 

heterogeneity and the presence of unobserved qualitative attributes such as interior quality or 

neighborhood amenities. 

 
Figure 3. Scatter plot of actual versus predicted apartment prices for the linear regression model. 
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To support interpretability, the estimated coefficients of the linear regression model for numeric 

explanatory variables are presented in Figure 4. Apartment size exhibits a positive coefficient, 

confirming its role as one of the primary determinants of housing prices. Geographic coordinates 

(latitude and longitude) display the largest coefficient magnitudes, highlighting the dominant 

influence of spatial location on price variation across the city. 

 

Figure 4. Estimated coefficients of the linear regression model for numeric explanatory variables. 

The number of rooms shows a negative coefficient when apartment size is held constant, 

indicating that, for a fixed total area, a higher number of rooms may correspond to smaller individual 

room sizes and reduced perceived value. Floor level and total building height exhibit smaller but 

consistent effects, suggesting secondary structural influences on apartment prices. 

It is important to note that the coefficients associated with latitude and longitude do not 

represent causal geographic effects, rather, they serve as spatial proxies capturing neighborhood-level 

price gradients and location-specific characteristics. 

The distribution of prediction residuals for the linear regression model is shown in Figure 5. 

The residuals are centered around zero and exhibit an approximately symmetric distribution, 

indicating the absence of systematic prediction bias. Slightly heavier tails are observed, particularly 

for higher-priced apartments, which is consistent with the increased heterogeneity and unobserved 

attributes associated with the luxury segment of the housing market. 

 

Figure 5. Distribution of prediction residuals for the linear regression model. 

Overall, the predictive performance metrics, coefficient analysis, and residual diagnostics 

demonstrate that linear regression provides a stable, interpretable, and reliable baseline for analyzing 

residential apartment prices in the Tashkent housing market. 
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CONCLUSION 

This paper presented an interpretable analysis of residential apartment prices in Tashkent using 

multiple linear regression applied to real listing data from an online real estate platform. By 

incorporating both structural apartment characteristics and geographic coordinates, the study 

examined key factors influencing housing price formation in an emerging urban market context. 

The experimental results demonstrate that linear regression models explain a substantial 

proportion of price variability, achieving an 𝑅2  value of approximately 0.67 on the test dataset. 

Comparisons with regularized linear variants show that Ridge, Lasso, and Elastic Net regressions 

provide no significant performance improvement over ordinary least squares, indicating that the 

underlying relationships between explanatory variables and apartment prices are largely linear and 

stable. The analysis highlights apartment size and spatial location as the dominant determinants of 

price variation, while other structural attributes exhibit secondary but consistent effects. 

Residual diagnostics confirm the absence of systematic prediction bias, with increased 

variability observed for higher-priced apartments due to greater heterogeneity and unobserved 

qualitative factors. Importantly, the use of linear regression enables transparent interpretation of 

individual feature effects, offering practical insights for buyers, sellers, and real estate analysts. 

Overall, the findings suggest that simple and interpretable linear regression models provide a 

reliable baseline for residential price analysis in the Tashkent housing market. Future work may 

extend this study by incorporating nonlinear machine learning models, explicit spatial regression 

techniques, or temporal dynamics to further improve predictive performance and capture more 

complex market behavior. 
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