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Housing price models in a feature-price system can provide strong support for the
housing-purchase decisions of households, real estate appraisal, bank credit risk control and
urban planning. To determine the added value of various factors in the construction
characteristics, location features and neighbourhood environments on house prices, several
regressions can be employed. Real-world housing datasets generally have the following
statistical problems: multicollinearity, outliers and model instability. This paper
systematically reviews the theoretical basis and empirical methods for multiple linear
regression and regularisation (Ridge regression, Lasso and Elastic Net) in housing price
modelling and introduces fundamental concepts such as the response variable, explanatory
variables and design matrix, as well as data standardisation and pre-processing techniques.
Cutting-edge empirical research based on public datasets, such as the Ames Housing,
California Housing, and King County House Sales datasets, is reviewed in this paper,
together with model diagnostics, evaluation metrics, and the strengths and weaknesses of
least squares and regularised regression. The traditional linear housing price model does not
consider spatial differences or nonlinear relationships; therefore, in the future, researchers
will integrate spatial regression, robust modelling and multiple sources of data to improve
both the accuracy and interpretability of this model. Collectively, this paper shows how
linear algebra, statistical inference and data science can support interpretable regression
modelling for socioeconomic research.

housing price modelling, hedonic price model, multiple linear regression,
regularisation

Housing price analysis offers a reference for social and economic policies, helps households decide
where to live, buy or sell houses, take out mortgages, etc. The reasons for changes in house prices
are varied, including floor area, number of rooms, age of the house, location in terms of
transportation, schools, economy of the area, etc. Differences in housing prices for urban
administrators are due to varying levels of capitalised value in public facilities, such as
transportation and schools, and provide empirical support for public resource allocation and housing
policies. These factors can be classified into structural, location-based and neighbourhood attributes.
Under the traditional hedonic pricing system, a house price can be expressed as a function of several
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characteristics of the property, and regression coefficients indicate how much these attributes change
the value of the house [1]. Data on public housing transactions have been collected in several studies
for various multiple linear regression analyses of housing prices. Real-world housing data also have
some well-known statistical problems, such as feature selection, multicollinearity, measurement
error and model instability; these are still significant applied issues in statistics and data science [2,
3].

A large body of literature applies hedonic pricing theory in conjunction with multiple linear
regression to predict housing prices using benchmark public datasets, such as Ames Housing,
California Housing and King County House Sales. These studies build prediction models based on
predictors such as floor area, house age, number of bedrooms, location, neighbourhood median
income and community facilities. Ordinary Least Squares (OLS) can be sensitive to severe
multicollinearity and outliers. To address multicollinearity and coefficient instability, regularisation
methods such as Ridge, Lasso and Elastic-Net are frequently employed; Ridge regression stabilises
parameter estimation through L.-penalisation, Lasso performs embedded feature selection using an
Li-penalty, and Elastic-Net combines L: and L. penalties to handle groups of highly correlated
predictors [4, 5]. In addition to penalised linear regression, several other nonlinear machine-learning
algorithms have been proposed to address complex location-effect models for prediction [6].
Recently, some research has compared regularised linear estimators and non-linear approaches on
public housing data and discussed the circumstances under which each method is more suitable [7].
Although many empirical results have been reported, fewer studies have systematically explained
how the linear-algebraic construction of design matrices is applied in statistical inference for
hedonic housing regression.

This paper reviews the application of multiple linear regression and regularisation to house price
prediction. This paper shows the organisation of the raw housing features in design matrices for
estimating feature effects and evaluating prediction errors. The following sections will present the
basic ideas of housing data and linear regression, demonstrate a typical model construction and
diagnostic process, compare some representative empirical studies, and discuss methodological
deficiencies and future directions. Through this analysis, this paper demonstrates how linear algebra,
statistical inference and data-science techniques jointly support interpretable housing-price analysis.

In housing price modelling under the hedonic pricing method, the housing price is taken as the
dependent variable and observable property attributes are used as independent variables. In this
model, housing prices are the response variables to be predicted; the explanatory variables are
various observable attributes of houses that are thought to affect housing prices [1]. Common
predictors of house prices in research include floor area, number of rooms, location, neighbourhood
income and school quality. The above buildings and their surrounding areas represent the features of
a home and provide the foundation for hedonic pricing theory [8].

Observed housing-price data constitute the outcome response vector in the matrix-based
framework for multiple linear regression. All attribute-related characteristics are contained in the
predictor design matrix; each row corresponds to an individual house sample, and each column is
one explanatory housing-related feature.

The regression model expresses house prices as a linear function of the predictors, weighted by
regression coefficients, and includes a random error term. The set of regression coefficients includes
the intercept term of the model. A residual is the difference between the actual observed house prices
and the house prices predicted by the regression model.
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Before regression fitting, the raw housing data need to be preprocessed; a training set and a test
set are separated from the data for parameter estimation and evaluation of generalisation ability,
respectively. Housing features are either continuous variables, such as floor area and neighbourhood
income, or categorical variables, such as administrative district and building type. The first few
processing steps generally include feature scaling, handling missing values, outlier detection and log
transformation of skewed price attributes. Logarithmic transformation is commonly used in the
study of housing prices to address right-skewness, and some coefficients can be interpreted as semi-
elasticities [7]. The concepts and preprocessing methods mentioned above provided the foundation
for building, diagnosing and evaluating the performance of the multiple regression model for
housing prices.

Multiple linear regression for housing-price modelling uses ordinary least squares (OLS) to find the
regression coefficients that minimise the sum of squared errors. Hedonic studies have been further
extended in practice by adding dummy variables for categorical attributes, interaction terms to
consider the joint effect of predictors, and polynomial terms to model partial non-linear
relationships. OLS estimators are unstable when there is severe multicollinearity among the housing
features. Variance Inflation Factor (VIF), residual analysis and cross-validation are typical
diagnostic tools; VIF measures the degree of multicollinearity, residual analysis tests model
misspecification, and cross-validation assesses out-of-sample generalisation performance.

Regularisation methods, such as Ridge, Lasso and Elastic-net, add a penalty term to the loss
function to prevent coefficient instability and thus reduce model complexity. Ridge Regression adds
a penalty to the size of the coefficients to keep all predictors. Lasso uses an L1 norm penalty and
thus performs automatic feature selection by setting some coefficients to zero. Elastic Net is a
combination of the L1 and L2 norms that performs well with datasets containing groups of highly
correlated housing attributes [4, 5].

For model evaluation, in-sample goodness-of-fit measures and out-of-sample prediction metrics
are used. The coefficient of determination and adjusted coefficient of determination indicate the
proportion of price variation explained by the predictor(s). Prediction error is shown as the mean
absolute error (MAE), root mean squared error (RMSE) and mean absolute percentage error
(MAPE). Explanatory power should not be confused with predictive ability, and a high coefficient of
determination does not ensure good generalisation of the model to new housing data. A good
housing-price model should have both an easily understandable coefficient output and high
predictive accuracy.

Recent research on housing price modelling has used the same public benchmark datasets, such as
Ames Housing, California Housing and King County House Sales, but they differ significantly in
terms of data sources, sample sizes, feature engineering and preprocessing. Researchers address
locational heterogeneity in many urban case studies by introducing neighbourhood dummy variables
or geospatial attributes; standard preprocessing steps, such as missing value imputation, outlier
filtering and logarithmic transformation of housing prices, are performed before building the feature
matrix. The split of the training and test sets, methods for variable transformation, and selection of
evaluation metrics all affect the final reported model results; thus, when experimental designs are
not the same, the raw prediction errors from different housing research reports cannot be directly
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compared across studies. Multicollinearity is a typical problem in practice: high correlation among
predictor variables related to building characteristics, location and neighbourhood can increase the
variance of ordinary least squares (OLS) estimates obtained by matrix-based OLS. To address the
instability caused by matrix properties, recently, researchers have systematically compared
benchmark OLS with ridge regression, Lasso and elastic net regularised regression; Lasso performs
embedded variable selection for high-dimensional housing attributes, ridge regression reduces
coefficient magnitudes without eliminating variables, and elastic net handles groups of highly
correlated housing features.

Polynomial and interaction terms have also been added to the linear model by some scholars to
investigate local non-linear relationships between housing features and home prices. Although
RMSE, MAE and MAPE may decrease, one must still consider whether the in-sample explanatory
power shown by R? and adjusted R? corresponds to good out-of-sample performance. The well-
known Ames Housing dataset is used as an example to demonstrate a general empirical process:
selecting building, age and neighbourhood attributes; building a design matrix from processed
observations; estimating regression coefficients by minimising least squares or regularised loss; and
finally, comparing prediction errors under different regression models. At the base of this housing
price model application are fundamental mathematical tools: matrix construction, least-squares
optimisation, multicollinearity diagnostics derived from the properties of the design matrix,
regularisation terms, and quantitative error assessment. Therefore, research on house prices can be
considered an application in the field of real estate and a typical case for applying linear algebra and
statistical inference, etc., to build an interpretable socioeconomic model.

Linear Regression and Regularisation methods have achieved good interpretability and stable
performance in housing price modelling; however, the traditional hedonic linear model still has
some shortcomings for practical data analysis. First, standard multiple linear regression assumes a
fixed linear relationship between housing features and property prices and fails to capture complex
nonlinear patterns in the real urban housing market. Changes in house prices are often due to the
indirect effects of urban development policies, traffic changes and shifts in population distribution,
and pure structural or neighbourhood characteristics cannot be explained by linear models. Second,
regularisation models such as Ridge, Lasso and Elastic Net can address multicollinearity and
overfitting; however, they are still fundamentally linear estimators and lack the ability to model
spatial heterogeneity and regional price differences [2, 9]. Most public datasets, such as Ames
Housing and California Housing, are static cross-sectional records that do not consider the impact of
time-varying factors on price fluctuations.

Traditional housing regression models also require manual feature engineering, such as variable
transformation, outlier removal and missing value imputation. Subjective preprocessing choices can
affect the model's robustness and reproducibility across research environments. In addition, linear
regression models produce a single set of coefficients for the entire dataset and cannot describe
different local effects of school quality, neighbourhood income and traffic accessibility in various
urban areas.

Future work will improve the model's generality, spatial sensitivity and ability to capture dynamic
effects. First, a model of spatial regression and Geographically Weighted Regression (GWR) will be
employed to obtain location-varying feature coefficients and enhance the explanation of spatial
differences in housing prices. Second, interpretable machine learning methods such as Shapley
Additive Explanations and Local Interpretable Model-agnostic Explanations can enhance the
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interpretability of nonlinear housing-price models [10]. Thirdly, in the future, housing price models
will gradually move away from static cross-sectional regression to dynamic time-series analysis and
add interest rates, inflation, urban policies, etc., to build an all-encompassing socioeconomic
prediction system. At present, most research in data science for housing price data aims to balance
mathematical interpretability, statistical stability and predictive accuracy.

This paper systematically reviews the applications of multiple linear regression and regularisation
methods for interpretable housing price models. First, this paper introduces the general concepts of
housing datasets, such as the response variable, explanatory attributes, design matrices and
necessary data preprocessing steps, including standardisation, transformation and outlier detection.
Second, it presents the foundations and distinctions of ordinary least squares, Ridge, Lasso and
Elastic Net regression, as well as popular model diagnostic tools for multicollinearity, coefficient
instability and prediction bias. Thirdly, recent state-of-the-art empirical studies based on public
housing datasets are compared to identify existing methodological problems in feature engineering,
nonlinear fitting and model generalisation. In the future, Spatial regression will be used to construct
robust statistical models with multiple data sources for a comprehensive study of the complex price
system in urban areas. In short, this paper introduces a way to combine linear algebra, statistical
inference and data science techniques to build stable, interpretable and reliable continuous-variable
models for socio-economic research. Based on the above studies, different models may be selected
according to the characteristics of the housing data and different aims of inquiry. Ordinary least
squares is still suitable if its assumptions are reasonably met and coefficient interpretation is
required; otherwise, Ridge, Lasso and Elastic Net can be used to address problems such as many
predictors or multicollinearity. Data preprocessing, diagnostic tests and out-of-sample evaluation
need to be carried out, and a higher in-sample fit does not guarantee improved prediction
performance on new data. Other problems in the standard linear model include spatial non-
uniformity, time-varying effects, non-linear relationships and poor data quality. Therefore, the
following work will combine spatial and robust regression methods with interpretable nonlinear
models under consistent data division and transparent metrics. The above comparisons can reveal
whether an increase in model complexity adds value, and when a simpler regression model is more
suitable for interpretation, reproducibility and policy-oriented analysis.
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