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Abstract 
The United States housing market has historically exhibited regional imbalances in housing supply and demand, which 
have contributed to reduced housing affordability and market volatility. The application of big data technology enables 
the utilisation of data to enhance comprehension of these imbalances, thereby informing the formulation of policy. We 
put forth a model for analyzing the housing supply and demand based on big data, which employs a comprehensive 
approach to examine both the demand and supply sides. With regard to the demand side, the model incorporates a 
multitude of data sources to ascertain and delineate the pivotal elements influencing housing demand. These include 
population growth rate, household income level, employment opportunity distribution, migration and flow trends, and 
cost of living. By constructing cubes, the model is capable of capturing the characteristics of dynamic demand changes 
in different regions. With regard to the supply side, the model assesses land use, building materials and labor costs, 
the timeliness of building permitting and approval processes, and the impact of regional policies and regulations. By 
means of a quantitative analysis of the aforementioned factors, the model is able to identify housing supply bottlenecks 
in different regions. The model’s efficacy in identifying significant imbalances between supply and demand in the United 
States housing market was validated through experimental analysis of historical data.
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Introduction
The issue of housing is not solely concerned with the fundamental living requirements of the population; it also has a 
significant bearing on the country's economic growth and social stability. This issue has a significant impact on the well-
being, quality of life, economic performance, and social cohesion of individuals. In recognition of the pressing need to 
address the housing crisis, governments have identified it as a core objective of their governance [1]. By implementing 
a range of measures, the government aims to enhance the quality of life for the population and improve their living 
environment.

As one of the largest capitalist countries in the world, the United States occupies a pivotal position and exerts anexemplary 
effect in the field of housing security. Since the Great Depression of the 1930s, the United States government has 
consistently advanced the development and enhancement of the housing security system through legislative action, 
financial investment, and policy innovation. The United States' housing security system encompasses federal, state, 
and local governmental entities and is characterized by a multi-layered and diversified policy design, financial support, 
and service delivery structure [2]. For instance, augmenting the availability of public housing enables the government 
to directly intervene in the housing market and rectify the disequilibrium between supply and demand. Moreover, the 
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government offers housing subsidies to low- and middle-income families, thereby facilitating greater access to adequate 
housing for these demographic groups [3].

The United States' housing security system is notable for its innovative policy design and relatively mature construction 
and management of public housing. The federal government collaborates closely with local governments and civil 
society organizations to advance inclusive and sustainable housing initiatives. For instance, the government is partnering 
with nonprofit organizations to guarantee that housing policies continue to bolster the rights and interests of low- and 
middle-income groups, while also preventing policy "gaps." These strategies not only safeguard the housing rights and 
interests of low- and middle-income groups, but also effectively mitigate social contradictions and promote social equity 
and stability [4].

The advent of big data has provided policymakers and researchers with an unparalleled opportunity to gain insights 
into the nuances of housing market imbalances [5]. The use of big data allows for a more detailed examination of 
housing market trends, encompassing information such as demographics, migration patterns, economic conditions, and 
housing inventory in real time. This enables a more comprehensive evaluation of the qualitative and quantitative factors 
influencing housing supply and demand across regions [6].

The objective of this study is to conduct a qualitative analysis of the imbalance between housing supply and demand in 
the United States, and to use big data to identify the key indicators that affect these dynamic changes. By examining 
demand-side factors, including population growth, income levels, and migration patterns, as well as supply-side 
constraints, such as land availability, construction costs, and regulatory policies, this study will identify the regions most 
affected by these imbalances. Furthermore, we will employ clustering techniques to categorize regions with analogous 
housing characteristics.

Related Work
Initially, Hsieh et al. sought to quantify the extent of spatial mismatch of labor and its overall economic cost between 
cities in the United States [7]. The study revealed that high-productivity cities, such as New York and the San Francisco 
Bay Area, have experienced a reduction in overall United States economic growth due to the presence of significant 
restrictions on the supply of new housing. Further, Stacy et al. investigate the influence of relaxed land-use regulations 
on the supply and cost of housing [8]. The study revealed that the relaxation of restrictions was linked to an expansion 
in the housing supply and a decline in prices, although the impact was observed to vary across regions. Furthermore, 
the study indicates that the influence of such reforms on the high-end rental market is more discernible.

Alig and colleagues examined the influence of population growth and individual income levels on urbanization since 
World War II, and the subsequent alterations to forest ecosystems [9]. The study observes that between 1982 and 1997, 
the population of the United States increased by 17 percent, while the area of urbanization grew by 47 percent. During 
this period, more than 60 percent of new housing was constructed in or near areas of wild vegetation, resulting in a 
significant reduction in forest area. Furthermore, the authors project that as the United States population is anticipated 
to increase by over 120 million (approximately 40%) by 2050, the area associated with deforestation will surpass 20 
million hectares, representing 13% of the existing private forest area.

Reifschneider et al. conducted an analysis of the impact of the 2007-2009 financial crisis and subsequent recession on 
the productive capacity of the United States economy, with a particular focus on changes in the aggregate supply side 
[10]. The model employs a methodology based on non-observed variables to estimate the change in the United States' 
potential gross domestic product (GDP) subsequent to the financial crisis. The findings indicate that potential GDP is 
approximately 7% lower than the projected trajectory prior to 2007. 

Methodologies
Supply and Demand Models
It is assumed that the demand for housing in region i at time t is Di,t and that the supply is Si,t. These are multivariate 
functions that are driven by a variety of dynamic factors. Let us initially define the demand function, Di,t, and the supply 
function, Si,t, which are represented by Equations 1 and 2.

In this model, the variables represented by Xi,t are demand-side variables, including population growth rate ∆Pi,t, 
income level Ii,t, employment rate Ei,t, migration rate Mi,t, and cost of living Ci,t. In contrast, the variables represented 
by Yi,t are supply-side variables, including land availability Ai,t, construction cost Bi,t, policy environment Ri,t, and 
permit approval time Ti,t. Both sets of variables are modelled comprehensively through supply and demand models, 
which reflect the state of the market more comprehensively.
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time 𝑡𝑡 is 𝐷𝐷𝑖𝑖,𝑡𝑡 and that the supply is  𝑆𝑆𝑖𝑖,𝑡𝑡. These are multivariate 
functions that are driven by a variety of dynamic factors. Let us 
initially define the demand function, 𝐷𝐷𝑖𝑖,𝑡𝑡 , and the supply 
function, 𝑆𝑆𝑖𝑖,𝑡𝑡, which are represented by Equations 1 and 2.
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side variables, including population growth rate ∆𝑃𝑃𝑖𝑖,𝑡𝑡, income 
level 𝐼𝐼𝑖𝑖,𝑡𝑡, employment rate 𝐸𝐸𝑖𝑖,𝑡𝑡, migration rate 𝑀𝑀𝑖𝑖,𝑡𝑡, and cost of 
living 𝐶𝐶𝑖𝑖,𝑡𝑡 . In contrast, the variables represented by 𝑌𝑌𝑖𝑖,𝑡𝑡 are 
supply-side variables, including land availability 𝐴𝐴𝑖𝑖,𝑡𝑡 , 
construction cost 𝐵𝐵𝑖𝑖,𝑡𝑡 , policy environment 𝑅𝑅𝑖𝑖,𝑡𝑡 , and permit 
approval time 𝑇𝑇𝑖𝑖,𝑡𝑡 . Both sets of variables are modelled 
comprehensively through supply and demand models, which 
reflect the state of the market more comprehensively.

The limitations of simple linear models in capturing the 
intricate interdependencies between supply and demand are 
well-documented. To address this challenge, we propose the 
incorporation of interaction terms, which are defined as 
nonlinear interactions between demand-side and supply-side 
variables. These interactions are employed to elucidate the 
dynamics of demand and supply, such as the impact of 
population growth on housing supply within a specified policy 
context. The interaction item 𝐻𝐻𝑖𝑖,𝑡𝑡 is defined as Equations 3.
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where 𝛾𝛾𝑘𝑘𝑘𝑘 represents the interaction coefficient, which reflects 
the intensity of the interaction between the 𝑘𝑘 variable on the 
demand side and the 𝑙𝑙 variable on the supply side. To illustrate, 
the interaction of construction cost 𝐵𝐵𝑖𝑖,𝑡𝑡 with income level 𝐼𝐼𝑖𝑖,𝑡𝑡
may demonstrate that regions with higher incomes are more 
capable of bearing higher construction costs and, consequently, 
demonstrate greater sensitivity to income growth on supply 
side. The incorporation of these interactions into the demand 
and supply functions allows for the expression of the integrated 
model as Equation 4 and 5.
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By means of the demand and supply functions, we define 
the regional supply-demand deficit measurement 𝐼𝐼𝑖𝑖,𝑡𝑡 as 
Equation 6.

𝐼𝐼𝑖𝑖,𝑡𝑡 = 𝐷𝐷𝑖𝑖,𝑡𝑡 − 𝑆𝑆𝑖𝑖,𝑡𝑡 . #(6)

In order to gain further insight into and predict the dynamic 
changes of supply and demand imbalance, we minimise the 
squared error of supply and demand imbalance in order to 
obtain the optimal solution of the model parameters 𝛼𝛼, 𝛽𝛽 and 𝛾𝛾. 
The objective function is given by Equation 7.
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��𝛾𝛾𝑘𝑘𝑘𝑘(𝑋𝑋𝑖𝑖,𝑡𝑡𝑘𝑘 ∙ 𝑌𝑌𝑖𝑖,𝑡𝑡𝑙𝑙 )
4

𝑙𝑙=1

5

𝑘𝑘=1

+ 𝜂𝜂𝑖𝑖,𝑡𝑡 . #(5)

By means of the demand and supply functions, we define 
the regional supply-demand deficit measurement 𝐼𝐼𝑖𝑖,𝑡𝑡 as 
Equation 6.

𝐼𝐼𝑖𝑖,𝑡𝑡 = 𝐷𝐷𝑖𝑖,𝑡𝑡 − 𝑆𝑆𝑖𝑖,𝑡𝑡 . #(6)

In order to gain further insight into and predict the dynamic 
changes of supply and demand imbalance, we minimise the 
squared error of supply and demand imbalance in order to 
obtain the optimal solution of the model parameters 𝛼𝛼, 𝛽𝛽 and 𝛾𝛾. 
The objective function is given by Equation 7.

min
𝛼𝛼,𝛽𝛽,𝛾𝛾

��(𝐷𝐷𝑖𝑖,𝑡𝑡 − 𝑆𝑆𝑖𝑖,𝑡𝑡)2
𝑇𝑇

𝑡𝑡=1

𝑁𝑁

𝑖𝑖=1

. #(7)
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The limitations of simple linear models in capturing the intricate interdependencies between supply and demand are 
well-documented. To address this challenge, we propose the incorporation of interaction terms, which are defined as 
nonlinear interactions between demand-side and supply-side variables. These interactions are employed to elucidate the 
dynamics of demand and supply, such as the impact of population growth on housing supply within a specified policy 
context. The interaction item Hi,t is defined as Equations 3.

where γkl represents the interaction coefficient, which reflects the intensity of the interaction between the k variable on 
the demand side and the l variable on the supply side. To illustrate, the interaction of construction cost Bi,t with income 
level Ii,t may demonstrate that regions with higher incomes are more capable of bearing higher construction costs and, 
consequently, demonstrate greater sensitivity to income growth on supply side. The incorporation of these interactions 
into the demand and supply functions allows for the expression of the integrated model as Equation 4 and 5.

By means of the demand and supply functions, we define the regional supply-demand deficit measurement Ii,t as 
Equation 6. 

In order to gain further insight into and predict the dynamic changes of supply and demand imbalance, we minimise 
the squared error of supply and demand imbalance in order to obtain the optimal solution of the model parameters α, 
β and γ. The objective function is given by Equation 7. 

By solving this function, the optimal combination of parameters can be estimated in order to minimise the imbalance 
between supply and demand. In practice, certain variables in the supply and demand model may be constrained by 
external factors. For instance, land availability Ai,t and construction costs Bi,t are frequently contingent upon local 
government policies and market conditions. These constraints are then introduced into the model, whereupon the 
Lagrange multiplier method is employed to solve the nonlinear optimisation problem with constraints. The aforementioned 
constraint can be expressed as Equation 8. 

The introduction of the Lagrange multiplier λA, λB, λT allows us to define Lagrange objective function as Equation 9. 

By solving the aforementioned Lagrangian function, the optimal supply-demand equilibrium solution, taking into account 
the constraints, can be obtained.

Cluster Analysis
The initial step in the classification process is the utilisation of cluster analysis, which facilitates the grouping of regions 
with analogous characteristics pertaining to the housing market. Let us suppose that the supply-demand characteristics 
of region i at time t are represented by the pair of values Zi,j=[Xi,j,Yi,j], where Xi,j denoting the demand-side feature 
and Yi,j denoting the supply-side feature. In order to facilitate the interpretation of complex multidimensional data, 

in the United States, and to use big data to identify the key 
indicators that affect these dynamic changes. By examining 
demand-side factors, including population growth, income 
levels, and migration patterns, as well as supply-side 
constraints, such as land availability, construction costs, and 
regulatory policies, this study will identify the regions most 
affected by these imbalances. Furthermore, we will employ 
clustering techniques to categorize regions with analogous 
housing characteristics.

II. RELATED WORK

Initially, Hsieh et al. [7] sought to quantify the extent of 
spatial mismatch of labor and its overall economic cost 
between cities in the United States. The study revealed that 
high-productivity cities, such as New York and the San 
Francisco Bay Area, have experienced a reduction in overall 
United States economic growth due to the presence of 
significant restrictions on the supply of new housing. Further, 
Stacy et al. [8]

Alig and colleagues

investigate the influence of relaxed land-use 
regulations on the supply and cost of housing. The study 
revealed that the relaxation of restrictions was linked to an 
expansion in the housing supply and a decline in prices, 
although the impact was observed to vary across regions. 
Furthermore, the study indicates that the influence of such 
reforms on the high-end rental market is more discernible.

[9]

Reifschneider et al.

examined the influence of population 
growth and individual income levels on urbanization since 
World War II, and the subsequent alterations to forest 
ecosystems. The study observes that between 1982 and 1997, 
the population of the United States increased by 17 percent, 
while the area of urbanization grew by 47 percent. During this 
period, more than 60 percent of new housing was constructed 
in or near areas of wild vegetation, resulting in a significant 
reduction in forest area. Furthermore, the authors project that as 
the United States population is anticipated to increase by over 
120 million (approximately 40%) by 2050, the area associated 
with deforestation will surpass 20 million hectares, 
representing 13% of the existing private forest area.

[10]

III. METHODOLOGIES

conducted an analysis of the impact 
of the 2007-2009 financial crisis and subsequent recession on 
the productive capacity of the United States economy, with a 
particular focus on changes in the aggregate supply side. The 
model employs a methodology based on non-observed 
variables to estimate the change in the United States' potential 
gross domestic product (GDP) subsequent to the financial crisis. 
The findings indicate that potential GDP is approximately 7% 
lower than the projected trajectory prior to 2007. 

A. Supply and demand models
It is assumed that the demand for housing in region 𝑖𝑖 at 

time 𝑡𝑡 is 𝐷𝐷𝑖𝑖,𝑡𝑡 and that the supply is  𝑆𝑆𝑖𝑖,𝑡𝑡. These are multivariate 
functions that are driven by a variety of dynamic factors. Let us 
initially define the demand function, 𝐷𝐷𝑖𝑖,𝑡𝑡 , and the supply 
function, 𝑆𝑆𝑖𝑖,𝑡𝑡, which are represented by Equations 1 and 2.

𝐷𝐷𝑖𝑖,𝑡𝑡 = 𝑓𝑓�𝑋𝑋𝑖𝑖,𝑡𝑡� = 𝛼𝛼1∆𝑃𝑃𝑖𝑖,𝑡𝑡 + 𝛼𝛼2𝐼𝐼𝑖𝑖,𝑡𝑡 + 𝛼𝛼3𝐸𝐸𝑖𝑖,𝑡𝑡
+𝛼𝛼4𝑀𝑀𝑖𝑖,𝑡𝑡 + 𝛼𝛼5𝐶𝐶𝑖𝑖,𝑡𝑡 + 𝜖𝜖𝑖𝑖,𝑡𝑡 , #(1)

𝑆𝑆𝑖𝑖,𝑡𝑡 = 𝑔𝑔�𝑌𝑌𝑖𝑖,𝑡𝑡� = 𝛽𝛽1𝐴𝐴𝑖𝑖,𝑡𝑡 + 𝛽𝛽2𝐵𝐵𝑖𝑖,𝑡𝑡 + 𝛽𝛽3𝑅𝑅𝑖𝑖,𝑡𝑡 + 𝛽𝛽4𝑇𝑇𝑖𝑖,𝑡𝑡 + 𝜂𝜂𝑖𝑖,𝑡𝑡 . #(2)

In this model, the variables represented by 𝑋𝑋𝑖𝑖,𝑡𝑡 are demand-
side variables, including population growth rate ∆𝑃𝑃𝑖𝑖,𝑡𝑡, income 
level 𝐼𝐼𝑖𝑖,𝑡𝑡, employment rate 𝐸𝐸𝑖𝑖,𝑡𝑡, migration rate 𝑀𝑀𝑖𝑖,𝑡𝑡, and cost of 
living 𝐶𝐶𝑖𝑖,𝑡𝑡 . In contrast, the variables represented by 𝑌𝑌𝑖𝑖,𝑡𝑡 are 
supply-side variables, including land availability 𝐴𝐴𝑖𝑖,𝑡𝑡 , 
construction cost 𝐵𝐵𝑖𝑖,𝑡𝑡 , policy environment 𝑅𝑅𝑖𝑖,𝑡𝑡 , and permit 
approval time 𝑇𝑇𝑖𝑖,𝑡𝑡 . Both sets of variables are modelled 
comprehensively through supply and demand models, which 
reflect the state of the market more comprehensively.

The limitations of simple linear models in capturing the 
intricate interdependencies between supply and demand are 
well-documented. To address this challenge, we propose the 
incorporation of interaction terms, which are defined as 
nonlinear interactions between demand-side and supply-side 
variables. These interactions are employed to elucidate the 
dynamics of demand and supply, such as the impact of 
population growth on housing supply within a specified policy 
context. The interaction item 𝐻𝐻𝑖𝑖,𝑡𝑡 is defined as Equations 3.

𝐻𝐻𝑖𝑖,𝑡𝑡 = ��𝛾𝛾𝑘𝑘𝑘𝑘(𝑋𝑋𝑖𝑖,𝑡𝑡𝑘𝑘 ∙ 𝑌𝑌𝑖𝑖,𝑡𝑡𝑙𝑙 )
4

𝑙𝑙=1

5

𝑘𝑘=1

, #(3)

where 𝛾𝛾𝑘𝑘𝑘𝑘 represents the interaction coefficient, which reflects 
the intensity of the interaction between the 𝑘𝑘 variable on the 
demand side and the 𝑙𝑙 variable on the supply side. To illustrate, 
the interaction of construction cost 𝐵𝐵𝑖𝑖,𝑡𝑡 with income level 𝐼𝐼𝑖𝑖,𝑡𝑡
may demonstrate that regions with higher incomes are more 
capable of bearing higher construction costs and, consequently, 
demonstrate greater sensitivity to income growth on supply 
side. The incorporation of these interactions into the demand 
and supply functions allows for the expression of the integrated 
model as Equation 4 and 5.

𝐷𝐷𝑖𝑖,𝑡𝑡 = 𝛼𝛼1∆𝑃𝑃𝑖𝑖,𝑡𝑡 + 𝛼𝛼2𝐼𝐼𝑖𝑖,𝑡𝑡 + 𝛼𝛼3𝐸𝐸𝑖𝑖,𝑡𝑡 + 𝛼𝛼4𝑀𝑀𝑖𝑖,𝑡𝑡 + 𝛼𝛼5𝐶𝐶𝑖𝑖,𝑡𝑡 +

��𝛾𝛾𝑘𝑘𝑘𝑘(𝑋𝑋𝑖𝑖,𝑡𝑡𝑘𝑘 ∙ 𝑌𝑌𝑖𝑖,𝑡𝑡𝑙𝑙 )
4

𝑙𝑙=1

5

𝑘𝑘=1

+ 𝜖𝜖𝑖𝑖,𝑡𝑡 , #(4)

𝑆𝑆𝑖𝑖,𝑡𝑡 = 𝑔𝑔�𝑌𝑌𝑖𝑖,𝑡𝑡� = 𝛽𝛽1𝐴𝐴𝑖𝑖,𝑡𝑡 + 𝛽𝛽2𝐵𝐵𝑖𝑖,𝑡𝑡 + 𝛽𝛽3𝑅𝑅𝑖𝑖,𝑡𝑡 + 𝛽𝛽4𝑇𝑇𝑖𝑖,𝑡𝑡 +

��𝛾𝛾𝑘𝑘𝑘𝑘(𝑋𝑋𝑖𝑖,𝑡𝑡𝑘𝑘 ∙ 𝑌𝑌𝑖𝑖,𝑡𝑡𝑙𝑙 )
4

𝑙𝑙=1

5

𝑘𝑘=1

+ 𝜂𝜂𝑖𝑖,𝑡𝑡 . #(5)

By means of the demand and supply functions, we define 
the regional supply-demand deficit measurement 𝐼𝐼𝑖𝑖,𝑡𝑡 as 
Equation 6.

𝐼𝐼𝑖𝑖,𝑡𝑡 = 𝐷𝐷𝑖𝑖,𝑡𝑡 − 𝑆𝑆𝑖𝑖,𝑡𝑡 . #(6)

In order to gain further insight into and predict the dynamic 
changes of supply and demand imbalance, we minimise the 
squared error of supply and demand imbalance in order to 
obtain the optimal solution of the model parameters 𝛼𝛼, 𝛽𝛽 and 𝛾𝛾. 
The objective function is given by Equation 7.

min
𝛼𝛼,𝛽𝛽,𝛾𝛾

��(𝐷𝐷𝑖𝑖,𝑡𝑡 − 𝑆𝑆𝑖𝑖,𝑡𝑡)2
𝑇𝑇

𝑡𝑡=1

𝑁𝑁

𝑖𝑖=1

. #(7)

in the United States, and to use big data to identify the key 
indicators that affect these dynamic changes. By examining 
demand-side factors, including population growth, income 
levels, and migration patterns, as well as supply-side 
constraints, such as land availability, construction costs, and 
regulatory policies, this study will identify the regions most 
affected by these imbalances. Furthermore, we will employ 
clustering techniques to categorize regions with analogous 
housing characteristics.

II. RELATED WORK

Initially, Hsieh et al. [7] sought to quantify the extent of 
spatial mismatch of labor and its overall economic cost 
between cities in the United States. The study revealed that 
high-productivity cities, such as New York and the San 
Francisco Bay Area, have experienced a reduction in overall 
United States economic growth due to the presence of 
significant restrictions on the supply of new housing. Further, 
Stacy et al. [8]

Alig and colleagues

investigate the influence of relaxed land-use 
regulations on the supply and cost of housing. The study 
revealed that the relaxation of restrictions was linked to an 
expansion in the housing supply and a decline in prices, 
although the impact was observed to vary across regions. 
Furthermore, the study indicates that the influence of such 
reforms on the high-end rental market is more discernible.

[9]

Reifschneider et al.

examined the influence of population 
growth and individual income levels on urbanization since 
World War II, and the subsequent alterations to forest 
ecosystems. The study observes that between 1982 and 1997, 
the population of the United States increased by 17 percent, 
while the area of urbanization grew by 47 percent. During this 
period, more than 60 percent of new housing was constructed 
in or near areas of wild vegetation, resulting in a significant 
reduction in forest area. Furthermore, the authors project that as 
the United States population is anticipated to increase by over 
120 million (approximately 40%) by 2050, the area associated 
with deforestation will surpass 20 million hectares, 
representing 13% of the existing private forest area.

[10]

III. METHODOLOGIES

conducted an analysis of the impact 
of the 2007-2009 financial crisis and subsequent recession on 
the productive capacity of the United States economy, with a 
particular focus on changes in the aggregate supply side. The 
model employs a methodology based on non-observed 
variables to estimate the change in the United States' potential 
gross domestic product (GDP) subsequent to the financial crisis. 
The findings indicate that potential GDP is approximately 7% 
lower than the projected trajectory prior to 2007. 

A. Supply and demand models
It is assumed that the demand for housing in region 𝑖𝑖 at 

time 𝑡𝑡 is 𝐷𝐷𝑖𝑖,𝑡𝑡 and that the supply is  𝑆𝑆𝑖𝑖,𝑡𝑡. These are multivariate 
functions that are driven by a variety of dynamic factors. Let us 
initially define the demand function, 𝐷𝐷𝑖𝑖,𝑡𝑡 , and the supply 
function, 𝑆𝑆𝑖𝑖,𝑡𝑡, which are represented by Equations 1 and 2.

𝐷𝐷𝑖𝑖,𝑡𝑡 = 𝑓𝑓�𝑋𝑋𝑖𝑖,𝑡𝑡� = 𝛼𝛼1∆𝑃𝑃𝑖𝑖,𝑡𝑡 + 𝛼𝛼2𝐼𝐼𝑖𝑖,𝑡𝑡 + 𝛼𝛼3𝐸𝐸𝑖𝑖,𝑡𝑡
+𝛼𝛼4𝑀𝑀𝑖𝑖,𝑡𝑡 + 𝛼𝛼5𝐶𝐶𝑖𝑖,𝑡𝑡 + 𝜖𝜖𝑖𝑖,𝑡𝑡 , #(1)

𝑆𝑆𝑖𝑖,𝑡𝑡 = 𝑔𝑔�𝑌𝑌𝑖𝑖,𝑡𝑡� = 𝛽𝛽1𝐴𝐴𝑖𝑖,𝑡𝑡 + 𝛽𝛽2𝐵𝐵𝑖𝑖,𝑡𝑡 + 𝛽𝛽3𝑅𝑅𝑖𝑖,𝑡𝑡 + 𝛽𝛽4𝑇𝑇𝑖𝑖,𝑡𝑡 + 𝜂𝜂𝑖𝑖,𝑡𝑡 . #(2)

In this model, the variables represented by 𝑋𝑋𝑖𝑖,𝑡𝑡 are demand-
side variables, including population growth rate ∆𝑃𝑃𝑖𝑖,𝑡𝑡, income 
level 𝐼𝐼𝑖𝑖,𝑡𝑡, employment rate 𝐸𝐸𝑖𝑖,𝑡𝑡, migration rate 𝑀𝑀𝑖𝑖,𝑡𝑡, and cost of 
living 𝐶𝐶𝑖𝑖,𝑡𝑡 . In contrast, the variables represented by 𝑌𝑌𝑖𝑖,𝑡𝑡 are 
supply-side variables, including land availability 𝐴𝐴𝑖𝑖,𝑡𝑡 , 
construction cost 𝐵𝐵𝑖𝑖,𝑡𝑡 , policy environment 𝑅𝑅𝑖𝑖,𝑡𝑡 , and permit 
approval time 𝑇𝑇𝑖𝑖,𝑡𝑡 . Both sets of variables are modelled 
comprehensively through supply and demand models, which 
reflect the state of the market more comprehensively.

The limitations of simple linear models in capturing the 
intricate interdependencies between supply and demand are 
well-documented. To address this challenge, we propose the 
incorporation of interaction terms, which are defined as 
nonlinear interactions between demand-side and supply-side 
variables. These interactions are employed to elucidate the 
dynamics of demand and supply, such as the impact of 
population growth on housing supply within a specified policy 
context. The interaction item 𝐻𝐻𝑖𝑖,𝑡𝑡 is defined as Equations 3.

𝐻𝐻𝑖𝑖,𝑡𝑡 = ��𝛾𝛾𝑘𝑘𝑘𝑘(𝑋𝑋𝑖𝑖,𝑡𝑡𝑘𝑘 ∙ 𝑌𝑌𝑖𝑖,𝑡𝑡𝑙𝑙 )
4

𝑙𝑙=1

5

𝑘𝑘=1

, #(3)

where 𝛾𝛾𝑘𝑘𝑘𝑘 represents the interaction coefficient, which reflects 
the intensity of the interaction between the 𝑘𝑘 variable on the 
demand side and the 𝑙𝑙 variable on the supply side. To illustrate, 
the interaction of construction cost 𝐵𝐵𝑖𝑖,𝑡𝑡 with income level 𝐼𝐼𝑖𝑖,𝑡𝑡
may demonstrate that regions with higher incomes are more 
capable of bearing higher construction costs and, consequently, 
demonstrate greater sensitivity to income growth on supply 
side. The incorporation of these interactions into the demand 
and supply functions allows for the expression of the integrated 
model as Equation 4 and 5.

𝐷𝐷𝑖𝑖,𝑡𝑡 = 𝛼𝛼1∆𝑃𝑃𝑖𝑖,𝑡𝑡 + 𝛼𝛼2𝐼𝐼𝑖𝑖,𝑡𝑡 + 𝛼𝛼3𝐸𝐸𝑖𝑖,𝑡𝑡 + 𝛼𝛼4𝑀𝑀𝑖𝑖,𝑡𝑡 + 𝛼𝛼5𝐶𝐶𝑖𝑖,𝑡𝑡 +

��𝛾𝛾𝑘𝑘𝑘𝑘(𝑋𝑋𝑖𝑖,𝑡𝑡𝑘𝑘 ∙ 𝑌𝑌𝑖𝑖,𝑡𝑡𝑙𝑙 )
4

𝑙𝑙=1

5

𝑘𝑘=1

+ 𝜖𝜖𝑖𝑖,𝑡𝑡 , #(4)

𝑆𝑆𝑖𝑖,𝑡𝑡 = 𝑔𝑔�𝑌𝑌𝑖𝑖,𝑡𝑡� = 𝛽𝛽1𝐴𝐴𝑖𝑖,𝑡𝑡 + 𝛽𝛽2𝐵𝐵𝑖𝑖,𝑡𝑡 + 𝛽𝛽3𝑅𝑅𝑖𝑖,𝑡𝑡 + 𝛽𝛽4𝑇𝑇𝑖𝑖,𝑡𝑡 +

��𝛾𝛾𝑘𝑘𝑘𝑘(𝑋𝑋𝑖𝑖,𝑡𝑡𝑘𝑘 ∙ 𝑌𝑌𝑖𝑖,𝑡𝑡𝑙𝑙 )
4

𝑙𝑙=1

5

𝑘𝑘=1

+ 𝜂𝜂𝑖𝑖,𝑡𝑡 . #(5)

By means of the demand and supply functions, we define 
the regional supply-demand deficit measurement 𝐼𝐼𝑖𝑖,𝑡𝑡 as 
Equation 6.

𝐼𝐼𝑖𝑖,𝑡𝑡 = 𝐷𝐷𝑖𝑖,𝑡𝑡 − 𝑆𝑆𝑖𝑖,𝑡𝑡 . #(6)

In order to gain further insight into and predict the dynamic 
changes of supply and demand imbalance, we minimise the 
squared error of supply and demand imbalance in order to 
obtain the optimal solution of the model parameters 𝛼𝛼, 𝛽𝛽 and 𝛾𝛾. 
The objective function is given by Equation 7.

min
𝛼𝛼,𝛽𝛽,𝛾𝛾

��(𝐷𝐷𝑖𝑖,𝑡𝑡 − 𝑆𝑆𝑖𝑖,𝑡𝑡)2
𝑇𝑇

𝑡𝑡=1

𝑁𝑁
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. #(7)

in the United States, and to use big data to identify the key 
indicators that affect these dynamic changes. By examining 
demand-side factors, including population growth, income 
levels, and migration patterns, as well as supply-side 
constraints, such as land availability, construction costs, and 
regulatory policies, this study will identify the regions most 
affected by these imbalances. Furthermore, we will employ 
clustering techniques to categorize regions with analogous 
housing characteristics.

II. RELATED WORK

Initially, Hsieh et al. [7] sought to quantify the extent of 
spatial mismatch of labor and its overall economic cost 
between cities in the United States. The study revealed that 
high-productivity cities, such as New York and the San 
Francisco Bay Area, have experienced a reduction in overall 
United States economic growth due to the presence of 
significant restrictions on the supply of new housing. Further, 
Stacy et al. [8]

Alig and colleagues

investigate the influence of relaxed land-use 
regulations on the supply and cost of housing. The study 
revealed that the relaxation of restrictions was linked to an 
expansion in the housing supply and a decline in prices, 
although the impact was observed to vary across regions. 
Furthermore, the study indicates that the influence of such 
reforms on the high-end rental market is more discernible.

[9]

Reifschneider et al.

examined the influence of population 
growth and individual income levels on urbanization since 
World War II, and the subsequent alterations to forest 
ecosystems. The study observes that between 1982 and 1997, 
the population of the United States increased by 17 percent, 
while the area of urbanization grew by 47 percent. During this 
period, more than 60 percent of new housing was constructed 
in or near areas of wild vegetation, resulting in a significant 
reduction in forest area. Furthermore, the authors project that as 
the United States population is anticipated to increase by over 
120 million (approximately 40%) by 2050, the area associated 
with deforestation will surpass 20 million hectares, 
representing 13% of the existing private forest area.

[10]

III. METHODOLOGIES

conducted an analysis of the impact 
of the 2007-2009 financial crisis and subsequent recession on 
the productive capacity of the United States economy, with a 
particular focus on changes in the aggregate supply side. The 
model employs a methodology based on non-observed 
variables to estimate the change in the United States' potential 
gross domestic product (GDP) subsequent to the financial crisis. 
The findings indicate that potential GDP is approximately 7% 
lower than the projected trajectory prior to 2007. 

A. Supply and demand models
It is assumed that the demand for housing in region 𝑖𝑖 at 

time 𝑡𝑡 is 𝐷𝐷𝑖𝑖,𝑡𝑡 and that the supply is  𝑆𝑆𝑖𝑖,𝑡𝑡. These are multivariate 
functions that are driven by a variety of dynamic factors. Let us 
initially define the demand function, 𝐷𝐷𝑖𝑖,𝑡𝑡 , and the supply 
function, 𝑆𝑆𝑖𝑖,𝑡𝑡, which are represented by Equations 1 and 2.

𝐷𝐷𝑖𝑖,𝑡𝑡 = 𝑓𝑓�𝑋𝑋𝑖𝑖,𝑡𝑡� = 𝛼𝛼1∆𝑃𝑃𝑖𝑖,𝑡𝑡 + 𝛼𝛼2𝐼𝐼𝑖𝑖,𝑡𝑡 + 𝛼𝛼3𝐸𝐸𝑖𝑖,𝑡𝑡
+𝛼𝛼4𝑀𝑀𝑖𝑖,𝑡𝑡 + 𝛼𝛼5𝐶𝐶𝑖𝑖,𝑡𝑡 + 𝜖𝜖𝑖𝑖,𝑡𝑡 , #(1)

𝑆𝑆𝑖𝑖,𝑡𝑡 = 𝑔𝑔�𝑌𝑌𝑖𝑖,𝑡𝑡� = 𝛽𝛽1𝐴𝐴𝑖𝑖,𝑡𝑡 + 𝛽𝛽2𝐵𝐵𝑖𝑖,𝑡𝑡 + 𝛽𝛽3𝑅𝑅𝑖𝑖,𝑡𝑡 + 𝛽𝛽4𝑇𝑇𝑖𝑖,𝑡𝑡 + 𝜂𝜂𝑖𝑖,𝑡𝑡 . #(2)

In this model, the variables represented by 𝑋𝑋𝑖𝑖,𝑡𝑡 are demand-
side variables, including population growth rate ∆𝑃𝑃𝑖𝑖,𝑡𝑡, income 
level 𝐼𝐼𝑖𝑖,𝑡𝑡, employment rate 𝐸𝐸𝑖𝑖,𝑡𝑡, migration rate 𝑀𝑀𝑖𝑖,𝑡𝑡, and cost of 
living 𝐶𝐶𝑖𝑖,𝑡𝑡 . In contrast, the variables represented by 𝑌𝑌𝑖𝑖,𝑡𝑡 are 
supply-side variables, including land availability 𝐴𝐴𝑖𝑖,𝑡𝑡 , 
construction cost 𝐵𝐵𝑖𝑖,𝑡𝑡 , policy environment 𝑅𝑅𝑖𝑖,𝑡𝑡 , and permit 
approval time 𝑇𝑇𝑖𝑖,𝑡𝑡 . Both sets of variables are modelled 
comprehensively through supply and demand models, which 
reflect the state of the market more comprehensively.

The limitations of simple linear models in capturing the 
intricate interdependencies between supply and demand are 
well-documented. To address this challenge, we propose the 
incorporation of interaction terms, which are defined as 
nonlinear interactions between demand-side and supply-side 
variables. These interactions are employed to elucidate the 
dynamics of demand and supply, such as the impact of 
population growth on housing supply within a specified policy 
context. The interaction item 𝐻𝐻𝑖𝑖,𝑡𝑡 is defined as Equations 3.

𝐻𝐻𝑖𝑖,𝑡𝑡 = ��𝛾𝛾𝑘𝑘𝑘𝑘(𝑋𝑋𝑖𝑖,𝑡𝑡𝑘𝑘 ∙ 𝑌𝑌𝑖𝑖,𝑡𝑡𝑙𝑙 )
4

𝑙𝑙=1

5

𝑘𝑘=1

, #(3)

where 𝛾𝛾𝑘𝑘𝑘𝑘 represents the interaction coefficient, which reflects 
the intensity of the interaction between the 𝑘𝑘 variable on the 
demand side and the 𝑙𝑙 variable on the supply side. To illustrate, 
the interaction of construction cost 𝐵𝐵𝑖𝑖,𝑡𝑡 with income level 𝐼𝐼𝑖𝑖,𝑡𝑡
may demonstrate that regions with higher incomes are more 
capable of bearing higher construction costs and, consequently, 
demonstrate greater sensitivity to income growth on supply 
side. The incorporation of these interactions into the demand 
and supply functions allows for the expression of the integrated 
model as Equation 4 and 5.

𝐷𝐷𝑖𝑖,𝑡𝑡 = 𝛼𝛼1∆𝑃𝑃𝑖𝑖,𝑡𝑡 + 𝛼𝛼2𝐼𝐼𝑖𝑖,𝑡𝑡 + 𝛼𝛼3𝐸𝐸𝑖𝑖,𝑡𝑡 + 𝛼𝛼4𝑀𝑀𝑖𝑖,𝑡𝑡 + 𝛼𝛼5𝐶𝐶𝑖𝑖,𝑡𝑡 +

��𝛾𝛾𝑘𝑘𝑘𝑘(𝑋𝑋𝑖𝑖,𝑡𝑡𝑘𝑘 ∙ 𝑌𝑌𝑖𝑖,𝑡𝑡𝑙𝑙 )
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𝑙𝑙=1
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𝑘𝑘=1

+ 𝜖𝜖𝑖𝑖,𝑡𝑡 , #(4)

𝑆𝑆𝑖𝑖,𝑡𝑡 = 𝑔𝑔�𝑌𝑌𝑖𝑖,𝑡𝑡� = 𝛽𝛽1𝐴𝐴𝑖𝑖,𝑡𝑡 + 𝛽𝛽2𝐵𝐵𝑖𝑖,𝑡𝑡 + 𝛽𝛽3𝑅𝑅𝑖𝑖,𝑡𝑡 + 𝛽𝛽4𝑇𝑇𝑖𝑖,𝑡𝑡 +

��𝛾𝛾𝑘𝑘𝑘𝑘(𝑋𝑋𝑖𝑖,𝑡𝑡𝑘𝑘 ∙ 𝑌𝑌𝑖𝑖,𝑡𝑡𝑙𝑙 )
4

𝑙𝑙=1

5

𝑘𝑘=1

+ 𝜂𝜂𝑖𝑖,𝑡𝑡 . #(5)

By means of the demand and supply functions, we define 
the regional supply-demand deficit measurement 𝐼𝐼𝑖𝑖,𝑡𝑡 as 
Equation 6.

𝐼𝐼𝑖𝑖,𝑡𝑡 = 𝐷𝐷𝑖𝑖,𝑡𝑡 − 𝑆𝑆𝑖𝑖,𝑡𝑡 . #(6)

In order to gain further insight into and predict the dynamic 
changes of supply and demand imbalance, we minimise the 
squared error of supply and demand imbalance in order to 
obtain the optimal solution of the model parameters 𝛼𝛼, 𝛽𝛽 and 𝛾𝛾. 
The objective function is given by Equation 7.

min
𝛼𝛼,𝛽𝛽,𝛾𝛾

��(𝐷𝐷𝑖𝑖,𝑡𝑡 − 𝑆𝑆𝑖𝑖,𝑡𝑡)2
𝑇𝑇
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in the United States, and to use big data to identify the key 
indicators that affect these dynamic changes. By examining 
demand-side factors, including population growth, income 
levels, and migration patterns, as well as supply-side 
constraints, such as land availability, construction costs, and 
regulatory policies, this study will identify the regions most 
affected by these imbalances. Furthermore, we will employ 
clustering techniques to categorize regions with analogous 
housing characteristics.

II. RELATED WORK

Initially, Hsieh et al. [7] sought to quantify the extent of 
spatial mismatch of labor and its overall economic cost 
between cities in the United States. The study revealed that 
high-productivity cities, such as New York and the San 
Francisco Bay Area, have experienced a reduction in overall 
United States economic growth due to the presence of 
significant restrictions on the supply of new housing. Further, 
Stacy et al. [8]

Alig and colleagues

investigate the influence of relaxed land-use 
regulations on the supply and cost of housing. The study 
revealed that the relaxation of restrictions was linked to an 
expansion in the housing supply and a decline in prices, 
although the impact was observed to vary across regions. 
Furthermore, the study indicates that the influence of such 
reforms on the high-end rental market is more discernible.

[9]

Reifschneider et al.

examined the influence of population 
growth and individual income levels on urbanization since 
World War II, and the subsequent alterations to forest 
ecosystems. The study observes that between 1982 and 1997, 
the population of the United States increased by 17 percent, 
while the area of urbanization grew by 47 percent. During this 
period, more than 60 percent of new housing was constructed 
in or near areas of wild vegetation, resulting in a significant 
reduction in forest area. Furthermore, the authors project that as 
the United States population is anticipated to increase by over 
120 million (approximately 40%) by 2050, the area associated 
with deforestation will surpass 20 million hectares, 
representing 13% of the existing private forest area.

[10]

III. METHODOLOGIES

conducted an analysis of the impact 
of the 2007-2009 financial crisis and subsequent recession on 
the productive capacity of the United States economy, with a 
particular focus on changes in the aggregate supply side. The 
model employs a methodology based on non-observed 
variables to estimate the change in the United States' potential 
gross domestic product (GDP) subsequent to the financial crisis. 
The findings indicate that potential GDP is approximately 7% 
lower than the projected trajectory prior to 2007. 

A. Supply and demand models
It is assumed that the demand for housing in region 𝑖𝑖 at 

time 𝑡𝑡 is 𝐷𝐷𝑖𝑖,𝑡𝑡 and that the supply is  𝑆𝑆𝑖𝑖,𝑡𝑡. These are multivariate 
functions that are driven by a variety of dynamic factors. Let us 
initially define the demand function, 𝐷𝐷𝑖𝑖,𝑡𝑡 , and the supply 
function, 𝑆𝑆𝑖𝑖,𝑡𝑡, which are represented by Equations 1 and 2.

𝐷𝐷𝑖𝑖,𝑡𝑡 = 𝑓𝑓�𝑋𝑋𝑖𝑖,𝑡𝑡� = 𝛼𝛼1∆𝑃𝑃𝑖𝑖,𝑡𝑡 + 𝛼𝛼2𝐼𝐼𝑖𝑖,𝑡𝑡 + 𝛼𝛼3𝐸𝐸𝑖𝑖,𝑡𝑡
+𝛼𝛼4𝑀𝑀𝑖𝑖,𝑡𝑡 + 𝛼𝛼5𝐶𝐶𝑖𝑖,𝑡𝑡 + 𝜖𝜖𝑖𝑖,𝑡𝑡 , #(1)

𝑆𝑆𝑖𝑖,𝑡𝑡 = 𝑔𝑔�𝑌𝑌𝑖𝑖,𝑡𝑡� = 𝛽𝛽1𝐴𝐴𝑖𝑖,𝑡𝑡 + 𝛽𝛽2𝐵𝐵𝑖𝑖,𝑡𝑡 + 𝛽𝛽3𝑅𝑅𝑖𝑖,𝑡𝑡 + 𝛽𝛽4𝑇𝑇𝑖𝑖,𝑡𝑡 + 𝜂𝜂𝑖𝑖,𝑡𝑡 . #(2)

In this model, the variables represented by 𝑋𝑋𝑖𝑖,𝑡𝑡 are demand-
side variables, including population growth rate ∆𝑃𝑃𝑖𝑖,𝑡𝑡, income 
level 𝐼𝐼𝑖𝑖,𝑡𝑡, employment rate 𝐸𝐸𝑖𝑖,𝑡𝑡, migration rate 𝑀𝑀𝑖𝑖,𝑡𝑡, and cost of 
living 𝐶𝐶𝑖𝑖,𝑡𝑡 . In contrast, the variables represented by 𝑌𝑌𝑖𝑖,𝑡𝑡 are 
supply-side variables, including land availability 𝐴𝐴𝑖𝑖,𝑡𝑡 , 
construction cost 𝐵𝐵𝑖𝑖,𝑡𝑡 , policy environment 𝑅𝑅𝑖𝑖,𝑡𝑡 , and permit 
approval time 𝑇𝑇𝑖𝑖,𝑡𝑡 . Both sets of variables are modelled 
comprehensively through supply and demand models, which 
reflect the state of the market more comprehensively.

The limitations of simple linear models in capturing the 
intricate interdependencies between supply and demand are 
well-documented. To address this challenge, we propose the 
incorporation of interaction terms, which are defined as 
nonlinear interactions between demand-side and supply-side 
variables. These interactions are employed to elucidate the 
dynamics of demand and supply, such as the impact of 
population growth on housing supply within a specified policy 
context. The interaction item 𝐻𝐻𝑖𝑖,𝑡𝑡 is defined as Equations 3.

𝐻𝐻𝑖𝑖,𝑡𝑡 = ��𝛾𝛾𝑘𝑘𝑘𝑘(𝑋𝑋𝑖𝑖,𝑡𝑡𝑘𝑘 ∙ 𝑌𝑌𝑖𝑖,𝑡𝑡𝑙𝑙 )
4

𝑙𝑙=1

5

𝑘𝑘=1

, #(3)

where 𝛾𝛾𝑘𝑘𝑘𝑘 represents the interaction coefficient, which reflects 
the intensity of the interaction between the 𝑘𝑘 variable on the 
demand side and the 𝑙𝑙 variable on the supply side. To illustrate, 
the interaction of construction cost 𝐵𝐵𝑖𝑖,𝑡𝑡 with income level 𝐼𝐼𝑖𝑖,𝑡𝑡
may demonstrate that regions with higher incomes are more 
capable of bearing higher construction costs and, consequently, 
demonstrate greater sensitivity to income growth on supply 
side. The incorporation of these interactions into the demand 
and supply functions allows for the expression of the integrated 
model as Equation 4 and 5.

𝐷𝐷𝑖𝑖,𝑡𝑡 = 𝛼𝛼1∆𝑃𝑃𝑖𝑖,𝑡𝑡 + 𝛼𝛼2𝐼𝐼𝑖𝑖,𝑡𝑡 + 𝛼𝛼3𝐸𝐸𝑖𝑖,𝑡𝑡 + 𝛼𝛼4𝑀𝑀𝑖𝑖,𝑡𝑡 + 𝛼𝛼5𝐶𝐶𝑖𝑖,𝑡𝑡 +

��𝛾𝛾𝑘𝑘𝑘𝑘(𝑋𝑋𝑖𝑖,𝑡𝑡𝑘𝑘 ∙ 𝑌𝑌𝑖𝑖,𝑡𝑡𝑙𝑙 )
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5
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+ 𝜖𝜖𝑖𝑖,𝑡𝑡 , #(4)

𝑆𝑆𝑖𝑖,𝑡𝑡 = 𝑔𝑔�𝑌𝑌𝑖𝑖,𝑡𝑡� = 𝛽𝛽1𝐴𝐴𝑖𝑖,𝑡𝑡 + 𝛽𝛽2𝐵𝐵𝑖𝑖,𝑡𝑡 + 𝛽𝛽3𝑅𝑅𝑖𝑖,𝑡𝑡 + 𝛽𝛽4𝑇𝑇𝑖𝑖,𝑡𝑡 +

��𝛾𝛾𝑘𝑘𝑘𝑘(𝑋𝑋𝑖𝑖,𝑡𝑡𝑘𝑘 ∙ 𝑌𝑌𝑖𝑖,𝑡𝑡𝑙𝑙 )
4
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+ 𝜂𝜂𝑖𝑖,𝑡𝑡 . #(5)

By means of the demand and supply functions, we define 
the regional supply-demand deficit measurement 𝐼𝐼𝑖𝑖,𝑡𝑡 as 
Equation 6.

𝐼𝐼𝑖𝑖,𝑡𝑡 = 𝐷𝐷𝑖𝑖,𝑡𝑡 − 𝑆𝑆𝑖𝑖,𝑡𝑡 . #(6)

In order to gain further insight into and predict the dynamic 
changes of supply and demand imbalance, we minimise the 
squared error of supply and demand imbalance in order to 
obtain the optimal solution of the model parameters 𝛼𝛼, 𝛽𝛽 and 𝛾𝛾. 
The objective function is given by Equation 7.

min
𝛼𝛼,𝛽𝛽,𝛾𝛾

��(𝐷𝐷𝑖𝑖,𝑡𝑡 − 𝑆𝑆𝑖𝑖,𝑡𝑡)2
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By solving this function, the optimal combination of 
parameters can be estimated in order to minimise the imbalance 
between supply and demand. In practice, certain variables in 
the supply and demand model may be constrained by external 
factors. For instance, land availability 𝐴𝐴𝑖𝑖,𝑡𝑡 and construction 
costs 𝐵𝐵𝑖𝑖,𝑡𝑡 are frequently contingent upon local government 
policies and market conditions. These constraints are then 
introduced into the model, whereupon the Lagrange multiplier 
method is employed to solve the nonlinear optimisation 
problem with constraints. The aforementioned constraint can 
be expressed as Equation 8.

𝐴𝐴𝑖𝑖,𝑡𝑡 ≤ 𝐴̅𝐴𝑖𝑖 , 𝐵𝐵𝑖𝑖,𝑡𝑡 ≤ 𝐵𝐵�𝑖𝑖 , 𝑇𝑇𝑖𝑖,𝑡𝑡 ≤ 𝑇𝑇�𝑖𝑖 . #(8)

The introduction of the Lagrange multiplier 𝜆𝜆𝐴𝐴 , 𝜆𝜆𝐵𝐵 , 𝜆𝜆𝑇𝑇
allows us to define Lagrange objective function as Equation 9.

𝐿𝐿(𝛼𝛼,𝛽𝛽, 𝛾𝛾, 𝜆𝜆) = ��𝐷𝐷𝑖𝑖,𝑡𝑡 − 𝑆𝑆𝑖𝑖,𝑡𝑡�
2

𝑖𝑖,𝑡𝑡

+

𝜆𝜆𝐴𝐴�𝐴𝐴𝑖𝑖,𝑡𝑡 − 𝐴̅𝐴𝑖𝑖� + 𝜆𝜆𝐵𝐵�𝐵𝐵𝑖𝑖,𝑡𝑡 − 𝐵𝐵�𝑖𝑖� + 𝜆𝜆𝑇𝑇�𝑇𝑇𝑖𝑖,𝑡𝑡 − 𝑇𝑇�𝑖𝑖�. #(9)

By solving the aforementioned Lagrangian function, the 
optimal supply-demand equilibrium solution, taking into 
account the constraints, can be obtained.

B. Cluster analysis
The initial step in the classification process is the utilisation 

of cluster analysis, which facilitates the grouping of regions 
with analogous characteristics pertaining to the housing market. 
Let us suppose that the supply-demand characteristics of region 
𝑖𝑖 at time 𝑡𝑡 are represented by the pair of values 𝑍𝑍𝑖𝑖,𝑗𝑗 =
[𝑋𝑋𝑖𝑖,𝑗𝑗 ,𝑌𝑌𝑖𝑖,𝑗𝑗], where 𝑋𝑋𝑖𝑖,𝑗𝑗 denoting the demand-side feature and 𝑌𝑌𝑖𝑖,𝑗𝑗
denoting the supply-side feature. In order to facilitate the 
interpretation of complex multidimensional data, the k-means 
clustering algorithm is employed to divide the 𝑁𝑁 regions into 𝑘𝑘
clusters. This is done with the objective of minimising intra-
class variance, as illustrated in Equation 10.

min
𝜇𝜇1,…,𝜇𝜇𝑘𝑘

��𝑤𝑤𝑖𝑖𝑖𝑖 ∥ 𝑍𝑍𝑖𝑖,𝑗𝑗 − 𝜇𝜇𝑗𝑗 ∥2
𝑘𝑘

𝑗𝑗=1

𝑁𝑁

𝑖𝑖=1

, #(10)

where 𝜇𝜇𝑗𝑗 denotes the centroid of class 𝑗𝑗, while 𝑤𝑤𝑖𝑖𝑖𝑖 represents 
the indicator function. If region 𝑖𝑖 is deemed to belong to class 𝑗𝑗, 
then 𝑤𝑤𝑖𝑖𝑖𝑖 is assigned a value of 1; otherwise, it is assigned a 
value of 0. By employing an iterative approach and adjusting 
the centroid position, it is possible to group regions with 
analogous supply and demand dynamics into a single class.

This classification not only facilitates the identification of 
the supply and demand characteristics of specific regions, but 
also allows for the implementation of disparate models or 
strategies for varying categories of regions in subsequent 
predictive analysis. In order to predict future imbalances 
between supply and demand, we have employed the use of 
machine learning algorithms based on regional clustering. The 
measurement of the supply-demand deficit is defined by the 
following Equation 11.

𝐼𝐼𝑖𝑖,𝑡𝑡 = 𝐷𝐷𝑖𝑖,𝑡𝑡 − 𝑆𝑆𝑖𝑖,𝑡𝑡 , #(11)

where 𝐷𝐷𝑖𝑖,𝑡𝑡 represents the housing demand of the 𝑖𝑖 region at the 
time 𝑡𝑡, while 𝑆𝑆𝑖𝑖,𝑡𝑡 denotes the housing supply of the region. The 

objective is to forecast a de-measured 𝐼𝐼𝑖𝑖,𝑡𝑡+1 at a future point in 
time based on historical data. In order to capture the complex 
non-linear relationships between supply and demand variables, 
machine learning methods such as gradient boosted trees 
(GBMs) are employed.

The input features of the machine learning model comprise 
demand-side feature 𝑋𝑋𝑖𝑖,𝑡𝑡 and supply-side feature 𝑌𝑌𝑖𝑖,𝑡𝑡 , in 
addition to the results of cluster classification. By utilising the 
training set, the model is able to discern the historical trends 
associated with imbalances in supply and demand. The 
predictive model is expressed by the following Equation 12.

𝐼𝐼𝑖𝑖,𝑡𝑡+1 = ℎ�𝑋𝑋𝑖𝑖,𝑡𝑡 ,𝑌𝑌𝑖𝑖,𝑡𝑡 ,𝐶𝐶𝑖𝑖�, #(12)

where ℎ(·) represents the prediction function of the machine 
learning model, whereas 𝐶𝐶𝑖𝑖 denotes the cluster classification 
result for the 𝑖𝑖 region. The clustering results, 𝐶𝐶𝑖𝑖 , provide 
specific supply and demand dynamics for different categories 
of regions. Consequently, similar prediction models are 
employed for regions of the same class.

IV. EXPERIMENTS

A. Experimental setup
The dataset encompasses the period from 2010 to 2020 and 

comprises approximately 5 million real estate transactions and 
over 1,000 regional economic indicators from all 50 states and 
major cities in the United States. The dataset includes a number 
of specific variables, including population growth, which 
exhibits an average annual growth of between 2% and 5% 
across different regions. Additionally, it encompasses median 
household income, which is approximately $50,000 in most 
areas but exceeds $80,000 in some. The dataset also 
incorporates unemployment rates, which fluctuate between 2% 
and 10%. Furthermore, it comprises housing stock data, 
covering approximately 12 million residential units, of which 
2% to 4% are vacant. Furthermore, the influence of building 
permits and land use regulations on the housing supply is 
examined. 

In the experiments, we undertake a comparative analysis of 
the proposed model with the Dynamic Stochastic General 
Equilibrium (DSGE) model and the Structural Vector 
Autoregressive (SVAR) model. The DSGE model employs a 
dynamic approach to analyze changes in housing prices and 
supply. It incorporates the supply and demand dynamics of the 
housing market, coupled with fluctuations in the economic 
cycle. The SVAR model employs time series data to examine 
the interrelationship between housing supply, demand, and 
prices.

B. Experimental analysis
The Housing Affordability Index (HAI) is a metric that 

assesses the capacity of middle-income households to procure 
housing at a reasonable cost. It considers a range of variables, 
including household income, housing prices, and loan interest 
rates, to determine the extent to which middle-income 
households can afford to purchase housing. A higher HAI 
value indicates a greater degree of affordability with respect to 
housing.

By solving this function, the optimal combination of 
parameters can be estimated in order to minimise the imbalance 
between supply and demand. In practice, certain variables in 
the supply and demand model may be constrained by external 
factors. For instance, land availability 𝐴𝐴𝑖𝑖,𝑡𝑡 and construction 
costs 𝐵𝐵𝑖𝑖,𝑡𝑡 are frequently contingent upon local government 
policies and market conditions. These constraints are then 
introduced into the model, whereupon the Lagrange multiplier 
method is employed to solve the nonlinear optimisation 
problem with constraints. The aforementioned constraint can 
be expressed as Equation 8.

𝐴𝐴𝑖𝑖,𝑡𝑡 ≤ 𝐴̅𝐴𝑖𝑖 , 𝐵𝐵𝑖𝑖,𝑡𝑡 ≤ 𝐵𝐵�𝑖𝑖 , 𝑇𝑇𝑖𝑖,𝑡𝑡 ≤ 𝑇𝑇�𝑖𝑖 . #(8)

The introduction of the Lagrange multiplier 𝜆𝜆𝐴𝐴 , 𝜆𝜆𝐵𝐵 , 𝜆𝜆𝑇𝑇
allows us to define Lagrange objective function as Equation 9.

𝐿𝐿(𝛼𝛼,𝛽𝛽, 𝛾𝛾, 𝜆𝜆) = ��𝐷𝐷𝑖𝑖,𝑡𝑡 − 𝑆𝑆𝑖𝑖,𝑡𝑡�
2

𝑖𝑖,𝑡𝑡

+

𝜆𝜆𝐴𝐴�𝐴𝐴𝑖𝑖,𝑡𝑡 − 𝐴̅𝐴𝑖𝑖� + 𝜆𝜆𝐵𝐵�𝐵𝐵𝑖𝑖,𝑡𝑡 − 𝐵𝐵�𝑖𝑖� + 𝜆𝜆𝑇𝑇�𝑇𝑇𝑖𝑖,𝑡𝑡 − 𝑇𝑇�𝑖𝑖�. #(9)

By solving the aforementioned Lagrangian function, the 
optimal supply-demand equilibrium solution, taking into 
account the constraints, can be obtained.

B. Cluster analysis
The initial step in the classification process is the utilisation 

of cluster analysis, which facilitates the grouping of regions 
with analogous characteristics pertaining to the housing market. 
Let us suppose that the supply-demand characteristics of region 
𝑖𝑖 at time 𝑡𝑡 are represented by the pair of values 𝑍𝑍𝑖𝑖,𝑗𝑗 =
[𝑋𝑋𝑖𝑖,𝑗𝑗 ,𝑌𝑌𝑖𝑖,𝑗𝑗], where 𝑋𝑋𝑖𝑖,𝑗𝑗 denoting the demand-side feature and 𝑌𝑌𝑖𝑖,𝑗𝑗
denoting the supply-side feature. In order to facilitate the 
interpretation of complex multidimensional data, the k-means 
clustering algorithm is employed to divide the 𝑁𝑁 regions into 𝑘𝑘
clusters. This is done with the objective of minimising intra-
class variance, as illustrated in Equation 10.

min
𝜇𝜇1,…,𝜇𝜇𝑘𝑘

��𝑤𝑤𝑖𝑖𝑖𝑖 ∥ 𝑍𝑍𝑖𝑖,𝑗𝑗 − 𝜇𝜇𝑗𝑗 ∥2
𝑘𝑘

𝑗𝑗=1

𝑁𝑁

𝑖𝑖=1

, #(10)

where 𝜇𝜇𝑗𝑗 denotes the centroid of class 𝑗𝑗, while 𝑤𝑤𝑖𝑖𝑖𝑖 represents 
the indicator function. If region 𝑖𝑖 is deemed to belong to class 𝑗𝑗, 
then 𝑤𝑤𝑖𝑖𝑖𝑖 is assigned a value of 1; otherwise, it is assigned a 
value of 0. By employing an iterative approach and adjusting 
the centroid position, it is possible to group regions with 
analogous supply and demand dynamics into a single class.

This classification not only facilitates the identification of 
the supply and demand characteristics of specific regions, but 
also allows for the implementation of disparate models or 
strategies for varying categories of regions in subsequent 
predictive analysis. In order to predict future imbalances 
between supply and demand, we have employed the use of 
machine learning algorithms based on regional clustering. The 
measurement of the supply-demand deficit is defined by the 
following Equation 11.

𝐼𝐼𝑖𝑖,𝑡𝑡 = 𝐷𝐷𝑖𝑖,𝑡𝑡 − 𝑆𝑆𝑖𝑖,𝑡𝑡 , #(11)

where 𝐷𝐷𝑖𝑖,𝑡𝑡 represents the housing demand of the 𝑖𝑖 region at the 
time 𝑡𝑡, while 𝑆𝑆𝑖𝑖,𝑡𝑡 denotes the housing supply of the region. The 

objective is to forecast a de-measured 𝐼𝐼𝑖𝑖,𝑡𝑡+1 at a future point in 
time based on historical data. In order to capture the complex 
non-linear relationships between supply and demand variables, 
machine learning methods such as gradient boosted trees 
(GBMs) are employed.

The input features of the machine learning model comprise 
demand-side feature 𝑋𝑋𝑖𝑖,𝑡𝑡 and supply-side feature 𝑌𝑌𝑖𝑖,𝑡𝑡 , in 
addition to the results of cluster classification. By utilising the 
training set, the model is able to discern the historical trends 
associated with imbalances in supply and demand. The 
predictive model is expressed by the following Equation 12.

𝐼𝐼𝑖𝑖,𝑡𝑡+1 = ℎ�𝑋𝑋𝑖𝑖,𝑡𝑡 ,𝑌𝑌𝑖𝑖,𝑡𝑡 ,𝐶𝐶𝑖𝑖�, #(12)

where ℎ(·) represents the prediction function of the machine 
learning model, whereas 𝐶𝐶𝑖𝑖 denotes the cluster classification 
result for the 𝑖𝑖 region. The clustering results, 𝐶𝐶𝑖𝑖 , provide 
specific supply and demand dynamics for different categories 
of regions. Consequently, similar prediction models are 
employed for regions of the same class.

IV. EXPERIMENTS

A. Experimental setup
The dataset encompasses the period from 2010 to 2020 and 

comprises approximately 5 million real estate transactions and 
over 1,000 regional economic indicators from all 50 states and 
major cities in the United States. The dataset includes a number 
of specific variables, including population growth, which 
exhibits an average annual growth of between 2% and 5% 
across different regions. Additionally, it encompasses median 
household income, which is approximately $50,000 in most 
areas but exceeds $80,000 in some. The dataset also 
incorporates unemployment rates, which fluctuate between 2% 
and 10%. Furthermore, it comprises housing stock data, 
covering approximately 12 million residential units, of which 
2% to 4% are vacant. Furthermore, the influence of building 
permits and land use regulations on the housing supply is 
examined. 

In the experiments, we undertake a comparative analysis of 
the proposed model with the Dynamic Stochastic General 
Equilibrium (DSGE) model and the Structural Vector 
Autoregressive (SVAR) model. The DSGE model employs a 
dynamic approach to analyze changes in housing prices and 
supply. It incorporates the supply and demand dynamics of the 
housing market, coupled with fluctuations in the economic 
cycle. The SVAR model employs time series data to examine 
the interrelationship between housing supply, demand, and 
prices.

B. Experimental analysis
The Housing Affordability Index (HAI) is a metric that 

assesses the capacity of middle-income households to procure 
housing at a reasonable cost. It considers a range of variables, 
including household income, housing prices, and loan interest 
rates, to determine the extent to which middle-income 
households can afford to purchase housing. A higher HAI 
value indicates a greater degree of affordability with respect to 
housing.
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the k-means clustering algorithm is employed to divide the N regions into k clusters. This is done with the objective of 
minimising intra-class variance, as illustrated in Equation 10.

Where μj denotes the centroid of class j, while wij represents the indicator function. If region i is deemed to belong 
to class j, then wij is assigned a value of 1; otherwise, it is assigned a value of 0. By employing an iterative approach 
and adjusting the centroid position, it is possible to group regions with analogous supply and demand dynamics into a 
single class.

This classification not only facilitates the identification of the supply and demand characteristics of specific regions, but 
also allows for the implementation of disparate models or strategies for varying categories of regions in subsequent 
predictive analysis. In order to predict future imbalances between supply and demand, we have employed the use of 
machine learning algorithms based on regional clustering. The measurement of the supply-demand deficit is defined by 
the following Equation 11.

Where Di,t represents the housing demand of the i region at the time t, while Si,t denotes the housing supply of the 
region. The objective is to forecast a de-measured Ii,t+1 at a future point in time based on historical data. In order to 
capture the complex non-linear relationships between supply and demand variables, machine learning methods such as 
gradient boosted trees (GBMs) are employed.

The input features of the machine learning model comprise demand-side feature Xi,t and supply-side feature Yi,t, in 
addition to the results of cluster classification. By utilising the training set, the model is able to discern the historical 
trends associated with imbalances in supply and demand. The predictive model is expressed by the following Equation 
12.

Where h(•) represents the prediction function of the machine learning model, whereas Ci denotes the cluster classification 
result for the i region. The clustering results, Ci, provide specific supply and demand dynamics for different categories 
of regions. Consequently, similar prediction models are employed for regions of the same class.

Experiments
Experimental Setup
The dataset encompasses the period from 2010 to 2020 and comprises approximately 5 million real estate transactions 
and over 1,000 regional economic indicators from all 50 states and major cities in the United States. The dataset includes 
a number of specific variables, including population growth, which exhibits an average annual growth of between 2% and 
5% across different regions. Additionally, it encompasses median household income, which is approximately $50,000 in 
most areas but exceeds $80,000 in some. The dataset also incorporates unemployment rates, which fluctuate between 
2% and 10%. Furthermore, it comprises housing stock data, covering approximately 12 million residential units, of 
which 2% to 4% are vacant. Furthermore, the influence of building permits and land use regulations on the housing 
supply is examined.

In the experiments, we undertake a comparative analysis of the proposed model with the Dynamic Stochastic General 
Equilibrium (DSGE) model and the Structural Vector Autoregressive (SVAR) model. The DSGE model employs a dynamic 
approach to analyze changes in housing prices and supply. It incorporates the supply and demand dynamics of the 
housing market, coupled with fluctuations in the economic cycle. The SVAR model employs time series data to examine 
the interrelationship between housing supply, demand, and prices.

Experimental Analysis
The Housing Affordability Index (HAI) is a metric that assesses the capacity of middle-income households to procure 
housing at a reasonable cost. It considers a range of variables, including household income, housing prices, and loan 
interest rates, to determine the extent to which middle-income households can afford to purchase housing. A higher HAI 
value indicates a greater degree of affordability with respect to housing.

K-Means was chosen for its simplicity and efficiency in dividing data into predefined clusters, making it ideal for analyzing 
large-scale real estate data like regional house prices. Hierarchical clustering captures nested patterns, while DBSCAN 
excels at identifying irregular clusters and handling noise, such as new constructions or rare transactions. Together, 
these methods offer a flexible and robust analysis of the real estate market.

By solving this function, the optimal combination of 
parameters can be estimated in order to minimise the imbalance 
between supply and demand. In practice, certain variables in 
the supply and demand model may be constrained by external 
factors. For instance, land availability 𝐴𝐴𝑖𝑖,𝑡𝑡 and construction 
costs 𝐵𝐵𝑖𝑖,𝑡𝑡 are frequently contingent upon local government 
policies and market conditions. These constraints are then 
introduced into the model, whereupon the Lagrange multiplier 
method is employed to solve the nonlinear optimisation 
problem with constraints. The aforementioned constraint can 
be expressed as Equation 8.

𝐴𝐴𝑖𝑖,𝑡𝑡 ≤ 𝐴̅𝐴𝑖𝑖 , 𝐵𝐵𝑖𝑖,𝑡𝑡 ≤ 𝐵𝐵�𝑖𝑖 , 𝑇𝑇𝑖𝑖,𝑡𝑡 ≤ 𝑇𝑇�𝑖𝑖 . #(8)

The introduction of the Lagrange multiplier 𝜆𝜆𝐴𝐴 , 𝜆𝜆𝐵𝐵 , 𝜆𝜆𝑇𝑇
allows us to define Lagrange objective function as Equation 9.

𝐿𝐿(𝛼𝛼,𝛽𝛽, 𝛾𝛾, 𝜆𝜆) = ��𝐷𝐷𝑖𝑖,𝑡𝑡 − 𝑆𝑆𝑖𝑖,𝑡𝑡�
2

𝑖𝑖,𝑡𝑡

+

𝜆𝜆𝐴𝐴�𝐴𝐴𝑖𝑖,𝑡𝑡 − 𝐴̅𝐴𝑖𝑖� + 𝜆𝜆𝐵𝐵�𝐵𝐵𝑖𝑖,𝑡𝑡 − 𝐵𝐵�𝑖𝑖� + 𝜆𝜆𝑇𝑇�𝑇𝑇𝑖𝑖,𝑡𝑡 − 𝑇𝑇�𝑖𝑖�. #(9)

By solving the aforementioned Lagrangian function, the 
optimal supply-demand equilibrium solution, taking into 
account the constraints, can be obtained.

B. Cluster analysis
The initial step in the classification process is the utilisation 

of cluster analysis, which facilitates the grouping of regions 
with analogous characteristics pertaining to the housing market. 
Let us suppose that the supply-demand characteristics of region 
𝑖𝑖 at time 𝑡𝑡 are represented by the pair of values 𝑍𝑍𝑖𝑖,𝑗𝑗 =
[𝑋𝑋𝑖𝑖,𝑗𝑗 ,𝑌𝑌𝑖𝑖,𝑗𝑗], where 𝑋𝑋𝑖𝑖,𝑗𝑗 denoting the demand-side feature and 𝑌𝑌𝑖𝑖,𝑗𝑗
denoting the supply-side feature. In order to facilitate the 
interpretation of complex multidimensional data, the k-means 
clustering algorithm is employed to divide the 𝑁𝑁 regions into 𝑘𝑘
clusters. This is done with the objective of minimising intra-
class variance, as illustrated in Equation 10.

min
𝜇𝜇1,…,𝜇𝜇𝑘𝑘
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where 𝜇𝜇𝑗𝑗 denotes the centroid of class 𝑗𝑗, while 𝑤𝑤𝑖𝑖𝑖𝑖 represents 
the indicator function. If region 𝑖𝑖 is deemed to belong to class 𝑗𝑗, 
then 𝑤𝑤𝑖𝑖𝑖𝑖 is assigned a value of 1; otherwise, it is assigned a 
value of 0. By employing an iterative approach and adjusting 
the centroid position, it is possible to group regions with 
analogous supply and demand dynamics into a single class.

This classification not only facilitates the identification of 
the supply and demand characteristics of specific regions, but 
also allows for the implementation of disparate models or 
strategies for varying categories of regions in subsequent 
predictive analysis. In order to predict future imbalances 
between supply and demand, we have employed the use of 
machine learning algorithms based on regional clustering. The 
measurement of the supply-demand deficit is defined by the 
following Equation 11.

𝐼𝐼𝑖𝑖,𝑡𝑡 = 𝐷𝐷𝑖𝑖,𝑡𝑡 − 𝑆𝑆𝑖𝑖,𝑡𝑡 , #(11)

where 𝐷𝐷𝑖𝑖,𝑡𝑡 represents the housing demand of the 𝑖𝑖 region at the 
time 𝑡𝑡, while 𝑆𝑆𝑖𝑖,𝑡𝑡 denotes the housing supply of the region. The 

objective is to forecast a de-measured 𝐼𝐼𝑖𝑖,𝑡𝑡+1 at a future point in 
time based on historical data. In order to capture the complex 
non-linear relationships between supply and demand variables, 
machine learning methods such as gradient boosted trees 
(GBMs) are employed.

The input features of the machine learning model comprise 
demand-side feature 𝑋𝑋𝑖𝑖,𝑡𝑡 and supply-side feature 𝑌𝑌𝑖𝑖,𝑡𝑡 , in 
addition to the results of cluster classification. By utilising the 
training set, the model is able to discern the historical trends 
associated with imbalances in supply and demand. The 
predictive model is expressed by the following Equation 12.

𝐼𝐼𝑖𝑖,𝑡𝑡+1 = ℎ�𝑋𝑋𝑖𝑖,𝑡𝑡 ,𝑌𝑌𝑖𝑖,𝑡𝑡 ,𝐶𝐶𝑖𝑖�, #(12)

where ℎ(·) represents the prediction function of the machine 
learning model, whereas 𝐶𝐶𝑖𝑖 denotes the cluster classification 
result for the 𝑖𝑖 region. The clustering results, 𝐶𝐶𝑖𝑖 , provide 
specific supply and demand dynamics for different categories 
of regions. Consequently, similar prediction models are 
employed for regions of the same class.

IV. EXPERIMENTS

A. Experimental setup
The dataset encompasses the period from 2010 to 2020 and 

comprises approximately 5 million real estate transactions and 
over 1,000 regional economic indicators from all 50 states and 
major cities in the United States. The dataset includes a number 
of specific variables, including population growth, which 
exhibits an average annual growth of between 2% and 5% 
across different regions. Additionally, it encompasses median 
household income, which is approximately $50,000 in most 
areas but exceeds $80,000 in some. The dataset also 
incorporates unemployment rates, which fluctuate between 2% 
and 10%. Furthermore, it comprises housing stock data, 
covering approximately 12 million residential units, of which 
2% to 4% are vacant. Furthermore, the influence of building 
permits and land use regulations on the housing supply is 
examined. 

In the experiments, we undertake a comparative analysis of 
the proposed model with the Dynamic Stochastic General 
Equilibrium (DSGE) model and the Structural Vector 
Autoregressive (SVAR) model. The DSGE model employs a 
dynamic approach to analyze changes in housing prices and 
supply. It incorporates the supply and demand dynamics of the 
housing market, coupled with fluctuations in the economic 
cycle. The SVAR model employs time series data to examine 
the interrelationship between housing supply, demand, and 
prices.

B. Experimental analysis
The Housing Affordability Index (HAI) is a metric that 

assesses the capacity of middle-income households to procure 
housing at a reasonable cost. It considers a range of variables, 
including household income, housing prices, and loan interest 
rates, to determine the extent to which middle-income 
households can afford to purchase housing. A higher HAI 
value indicates a greater degree of affordability with respect to 
housing.

By solving this function, the optimal combination of 
parameters can be estimated in order to minimise the imbalance 
between supply and demand. In practice, certain variables in 
the supply and demand model may be constrained by external 
factors. For instance, land availability 𝐴𝐴𝑖𝑖,𝑡𝑡 and construction 
costs 𝐵𝐵𝑖𝑖,𝑡𝑡 are frequently contingent upon local government 
policies and market conditions. These constraints are then 
introduced into the model, whereupon the Lagrange multiplier 
method is employed to solve the nonlinear optimisation 
problem with constraints. The aforementioned constraint can 
be expressed as Equation 8.

𝐴𝐴𝑖𝑖,𝑡𝑡 ≤ 𝐴̅𝐴𝑖𝑖 , 𝐵𝐵𝑖𝑖,𝑡𝑡 ≤ 𝐵𝐵�𝑖𝑖 , 𝑇𝑇𝑖𝑖,𝑡𝑡 ≤ 𝑇𝑇�𝑖𝑖 . #(8)

The introduction of the Lagrange multiplier 𝜆𝜆𝐴𝐴 , 𝜆𝜆𝐵𝐵 , 𝜆𝜆𝑇𝑇
allows us to define Lagrange objective function as Equation 9.

𝐿𝐿(𝛼𝛼,𝛽𝛽, 𝛾𝛾, 𝜆𝜆) = ��𝐷𝐷𝑖𝑖,𝑡𝑡 − 𝑆𝑆𝑖𝑖,𝑡𝑡�
2

𝑖𝑖,𝑡𝑡

+

𝜆𝜆𝐴𝐴�𝐴𝐴𝑖𝑖,𝑡𝑡 − 𝐴̅𝐴𝑖𝑖� + 𝜆𝜆𝐵𝐵�𝐵𝐵𝑖𝑖,𝑡𝑡 − 𝐵𝐵�𝑖𝑖� + 𝜆𝜆𝑇𝑇�𝑇𝑇𝑖𝑖,𝑡𝑡 − 𝑇𝑇�𝑖𝑖�. #(9)

By solving the aforementioned Lagrangian function, the 
optimal supply-demand equilibrium solution, taking into 
account the constraints, can be obtained.

B. Cluster analysis
The initial step in the classification process is the utilisation 

of cluster analysis, which facilitates the grouping of regions 
with analogous characteristics pertaining to the housing market. 
Let us suppose that the supply-demand characteristics of region 
𝑖𝑖 at time 𝑡𝑡 are represented by the pair of values 𝑍𝑍𝑖𝑖,𝑗𝑗 =
[𝑋𝑋𝑖𝑖,𝑗𝑗 ,𝑌𝑌𝑖𝑖,𝑗𝑗], where 𝑋𝑋𝑖𝑖,𝑗𝑗 denoting the demand-side feature and 𝑌𝑌𝑖𝑖,𝑗𝑗
denoting the supply-side feature. In order to facilitate the 
interpretation of complex multidimensional data, the k-means 
clustering algorithm is employed to divide the 𝑁𝑁 regions into 𝑘𝑘
clusters. This is done with the objective of minimising intra-
class variance, as illustrated in Equation 10.

min
𝜇𝜇1,…,𝜇𝜇𝑘𝑘
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where 𝜇𝜇𝑗𝑗 denotes the centroid of class 𝑗𝑗, while 𝑤𝑤𝑖𝑖𝑖𝑖 represents 
the indicator function. If region 𝑖𝑖 is deemed to belong to class 𝑗𝑗, 
then 𝑤𝑤𝑖𝑖𝑖𝑖 is assigned a value of 1; otherwise, it is assigned a 
value of 0. By employing an iterative approach and adjusting 
the centroid position, it is possible to group regions with 
analogous supply and demand dynamics into a single class.

This classification not only facilitates the identification of 
the supply and demand characteristics of specific regions, but 
also allows for the implementation of disparate models or 
strategies for varying categories of regions in subsequent 
predictive analysis. In order to predict future imbalances 
between supply and demand, we have employed the use of 
machine learning algorithms based on regional clustering. The 
measurement of the supply-demand deficit is defined by the 
following Equation 11.

𝐼𝐼𝑖𝑖,𝑡𝑡 = 𝐷𝐷𝑖𝑖,𝑡𝑡 − 𝑆𝑆𝑖𝑖,𝑡𝑡 , #(11)

where 𝐷𝐷𝑖𝑖,𝑡𝑡 represents the housing demand of the 𝑖𝑖 region at the 
time 𝑡𝑡, while 𝑆𝑆𝑖𝑖,𝑡𝑡 denotes the housing supply of the region. The 

objective is to forecast a de-measured 𝐼𝐼𝑖𝑖,𝑡𝑡+1 at a future point in 
time based on historical data. In order to capture the complex 
non-linear relationships between supply and demand variables, 
machine learning methods such as gradient boosted trees 
(GBMs) are employed.

The input features of the machine learning model comprise 
demand-side feature 𝑋𝑋𝑖𝑖,𝑡𝑡 and supply-side feature 𝑌𝑌𝑖𝑖,𝑡𝑡 , in 
addition to the results of cluster classification. By utilising the 
training set, the model is able to discern the historical trends 
associated with imbalances in supply and demand. The 
predictive model is expressed by the following Equation 12.

𝐼𝐼𝑖𝑖,𝑡𝑡+1 = ℎ�𝑋𝑋𝑖𝑖,𝑡𝑡 ,𝑌𝑌𝑖𝑖,𝑡𝑡 ,𝐶𝐶𝑖𝑖�, #(12)

where ℎ(·) represents the prediction function of the machine 
learning model, whereas 𝐶𝐶𝑖𝑖 denotes the cluster classification 
result for the 𝑖𝑖 region. The clustering results, 𝐶𝐶𝑖𝑖 , provide 
specific supply and demand dynamics for different categories 
of regions. Consequently, similar prediction models are 
employed for regions of the same class.

IV. EXPERIMENTS

A. Experimental setup
The dataset encompasses the period from 2010 to 2020 and 

comprises approximately 5 million real estate transactions and 
over 1,000 regional economic indicators from all 50 states and 
major cities in the United States. The dataset includes a number 
of specific variables, including population growth, which 
exhibits an average annual growth of between 2% and 5% 
across different regions. Additionally, it encompasses median 
household income, which is approximately $50,000 in most 
areas but exceeds $80,000 in some. The dataset also 
incorporates unemployment rates, which fluctuate between 2% 
and 10%. Furthermore, it comprises housing stock data, 
covering approximately 12 million residential units, of which 
2% to 4% are vacant. Furthermore, the influence of building 
permits and land use regulations on the housing supply is 
examined. 

In the experiments, we undertake a comparative analysis of 
the proposed model with the Dynamic Stochastic General 
Equilibrium (DSGE) model and the Structural Vector 
Autoregressive (SVAR) model. The DSGE model employs a 
dynamic approach to analyze changes in housing prices and 
supply. It incorporates the supply and demand dynamics of the 
housing market, coupled with fluctuations in the economic 
cycle. The SVAR model employs time series data to examine 
the interrelationship between housing supply, demand, and 
prices.

B. Experimental analysis
The Housing Affordability Index (HAI) is a metric that 

assesses the capacity of middle-income households to procure 
housing at a reasonable cost. It considers a range of variables, 
including household income, housing prices, and loan interest 
rates, to determine the extent to which middle-income 
households can afford to purchase housing. A higher HAI 
value indicates a greater degree of affordability with respect to 
housing.

By solving this function, the optimal combination of 
parameters can be estimated in order to minimise the imbalance 
between supply and demand. In practice, certain variables in 
the supply and demand model may be constrained by external 
factors. For instance, land availability 𝐴𝐴𝑖𝑖,𝑡𝑡 and construction 
costs 𝐵𝐵𝑖𝑖,𝑡𝑡 are frequently contingent upon local government 
policies and market conditions. These constraints are then 
introduced into the model, whereupon the Lagrange multiplier 
method is employed to solve the nonlinear optimisation 
problem with constraints. The aforementioned constraint can 
be expressed as Equation 8.

𝐴𝐴𝑖𝑖,𝑡𝑡 ≤ 𝐴̅𝐴𝑖𝑖 , 𝐵𝐵𝑖𝑖,𝑡𝑡 ≤ 𝐵𝐵�𝑖𝑖 , 𝑇𝑇𝑖𝑖,𝑡𝑡 ≤ 𝑇𝑇�𝑖𝑖 . #(8)

The introduction of the Lagrange multiplier 𝜆𝜆𝐴𝐴 , 𝜆𝜆𝐵𝐵 , 𝜆𝜆𝑇𝑇
allows us to define Lagrange objective function as Equation 9.
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By solving the aforementioned Lagrangian function, the 
optimal supply-demand equilibrium solution, taking into 
account the constraints, can be obtained.

B. Cluster analysis
The initial step in the classification process is the utilisation 

of cluster analysis, which facilitates the grouping of regions 
with analogous characteristics pertaining to the housing market. 
Let us suppose that the supply-demand characteristics of region 
𝑖𝑖 at time 𝑡𝑡 are represented by the pair of values 𝑍𝑍𝑖𝑖,𝑗𝑗 =
[𝑋𝑋𝑖𝑖,𝑗𝑗 ,𝑌𝑌𝑖𝑖,𝑗𝑗], where 𝑋𝑋𝑖𝑖,𝑗𝑗 denoting the demand-side feature and 𝑌𝑌𝑖𝑖,𝑗𝑗
denoting the supply-side feature. In order to facilitate the 
interpretation of complex multidimensional data, the k-means 
clustering algorithm is employed to divide the 𝑁𝑁 regions into 𝑘𝑘
clusters. This is done with the objective of minimising intra-
class variance, as illustrated in Equation 10.

min
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where 𝜇𝜇𝑗𝑗 denotes the centroid of class 𝑗𝑗, while 𝑤𝑤𝑖𝑖𝑖𝑖 represents 
the indicator function. If region 𝑖𝑖 is deemed to belong to class 𝑗𝑗, 
then 𝑤𝑤𝑖𝑖𝑖𝑖 is assigned a value of 1; otherwise, it is assigned a 
value of 0. By employing an iterative approach and adjusting 
the centroid position, it is possible to group regions with 
analogous supply and demand dynamics into a single class.

This classification not only facilitates the identification of 
the supply and demand characteristics of specific regions, but 
also allows for the implementation of disparate models or 
strategies for varying categories of regions in subsequent 
predictive analysis. In order to predict future imbalances 
between supply and demand, we have employed the use of 
machine learning algorithms based on regional clustering. The 
measurement of the supply-demand deficit is defined by the 
following Equation 11.

𝐼𝐼𝑖𝑖,𝑡𝑡 = 𝐷𝐷𝑖𝑖,𝑡𝑡 − 𝑆𝑆𝑖𝑖,𝑡𝑡 , #(11)

where 𝐷𝐷𝑖𝑖,𝑡𝑡 represents the housing demand of the 𝑖𝑖 region at the 
time 𝑡𝑡, while 𝑆𝑆𝑖𝑖,𝑡𝑡 denotes the housing supply of the region. The 

objective is to forecast a de-measured 𝐼𝐼𝑖𝑖,𝑡𝑡+1 at a future point in 
time based on historical data. In order to capture the complex 
non-linear relationships between supply and demand variables, 
machine learning methods such as gradient boosted trees 
(GBMs) are employed.

The input features of the machine learning model comprise 
demand-side feature 𝑋𝑋𝑖𝑖,𝑡𝑡 and supply-side feature 𝑌𝑌𝑖𝑖,𝑡𝑡 , in 
addition to the results of cluster classification. By utilising the 
training set, the model is able to discern the historical trends 
associated with imbalances in supply and demand. The 
predictive model is expressed by the following Equation 12.

𝐼𝐼𝑖𝑖,𝑡𝑡+1 = ℎ�𝑋𝑋𝑖𝑖,𝑡𝑡 ,𝑌𝑌𝑖𝑖,𝑡𝑡 ,𝐶𝐶𝑖𝑖�, #(12)

where ℎ(·) represents the prediction function of the machine 
learning model, whereas 𝐶𝐶𝑖𝑖 denotes the cluster classification 
result for the 𝑖𝑖 region. The clustering results, 𝐶𝐶𝑖𝑖 , provide 
specific supply and demand dynamics for different categories 
of regions. Consequently, similar prediction models are 
employed for regions of the same class.

IV. EXPERIMENTS

A. Experimental setup
The dataset encompasses the period from 2010 to 2020 and 

comprises approximately 5 million real estate transactions and 
over 1,000 regional economic indicators from all 50 states and 
major cities in the United States. The dataset includes a number 
of specific variables, including population growth, which 
exhibits an average annual growth of between 2% and 5% 
across different regions. Additionally, it encompasses median 
household income, which is approximately $50,000 in most 
areas but exceeds $80,000 in some. The dataset also 
incorporates unemployment rates, which fluctuate between 2% 
and 10%. Furthermore, it comprises housing stock data, 
covering approximately 12 million residential units, of which 
2% to 4% are vacant. Furthermore, the influence of building 
permits and land use regulations on the housing supply is 
examined. 

In the experiments, we undertake a comparative analysis of 
the proposed model with the Dynamic Stochastic General 
Equilibrium (DSGE) model and the Structural Vector 
Autoregressive (SVAR) model. The DSGE model employs a 
dynamic approach to analyze changes in housing prices and 
supply. It incorporates the supply and demand dynamics of the 
housing market, coupled with fluctuations in the economic 
cycle. The SVAR model employs time series data to examine 
the interrelationship between housing supply, demand, and 
prices.

B. Experimental analysis
The Housing Affordability Index (HAI) is a metric that 

assesses the capacity of middle-income households to procure 
housing at a reasonable cost. It considers a range of variables, 
including household income, housing prices, and loan interest 
rates, to determine the extent to which middle-income 
households can afford to purchase housing. A higher HAI 
value indicates a greater degree of affordability with respect to 
housing.
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Figure 1 depicts the actual Housing Affordability Index (HAI) in comparison to the projections of the three models 
(DSGE, SVAR, and the proposed model) for the period from January 2000 to December 2019. As illustrated in the figure, 
the prediction curve of the Ours model is the most proximate to the actual HAI value, exhibiting greater precision than 
the DSGE and SVAR models. This suggests that the Ours model demonstrates superior accuracy in forecasting housing 
affordability.

K-Means was chosen for its simplicity and efficiency in 
dividing data into predefined clusters, making it ideal for 
analyzing large-scale real estate data like regional house prices. 
Hierarchical clustering captures nested patterns, while 
DBSCAN excels at identifying irregular clusters and handling 
noise, such as new constructions or rare transactions. Together, 
these methods offer a flexible and robust analysis of the real 
estate market.

Figure 1 depicts the actual Housing Affordability Index 
(HAI) in comparison to the projections of the three models 
(DSGE, SVAR, and the proposed model) for the period from 
January 2000 to December 2019. As illustrated in the figure, 
the prediction curve of the Ours model is the most proximate to
the actual HAI value, exhibiting greater precision than the 
DSGE and SVAR models. This suggests that the Ours model 
demonstrates superior accuracy in forecasting housing 
affordability.

Figure 1. Housing Affordability Index Comparison

Figure 2 shows the clustering effect of three different 
clustering algorithms (KMeans, hierarchical clustering, and 
DBSCAN) on simulated housing supply and demand 
imbalance data in United States. Each subgraph corresponds to 
an algorithm, with different colored dots representing different 
clusters. The horizontal axis represents the normalized housing 
price, and the vertical axis represents the normalized housing 
supply. KMeans and hierarchical clustering generate a clear 
cluster structure, while DBSCAN can identify noisy data, 
demonstrating its advantages in dealing with outliers.

The results of the clustering analysis indicate that there is a 
shortage of affordable housing in some regions, while there is 
an excess of such housing in others. These results can inform 
the prioritisation of investment in infrastructure and affordable 
housing construction, particularly in areas where supply is 
inadequate. Furthermore, it may be advisable to consider 
implementing specific land-use adjustments or tax incentives 
for developers in these areas. In areas where there is a surplus 
of properties, policies can be implemented to encourage the 
conversion of vacant properties to other uses or to adjust rental 
control policies. In the long term, these findings could provide 
guidance for sustainable urban planning, enabling a balance to 
be struck between population growth and housing supply.

Figure 2. Clustering Comparison Comparison

V. Conclusions

In conclusion, the comparative analysis of different 
clustering algorithms, including KMeans, Agglomerative 
Clustering, and DBSCAN, on simulated U.S. housing supply 
and demand imbalance data reveals distinct advantages and 
limitations of each approach. KMeans and Agglomerative 
Clustering provided clear and consistent cluster structures, 
making them suitable for well-separated data. Meanwhile, 
DBSCAN demonstrated its strength in handling noise and 
identifying outliers, making it advantageous for more complex 
datasets. These findings highlight the importance of selecting 
the appropriate clustering algorithm based on the specific 
characteristics of housing market data, allowing for more 
accurate and meaningful insights into regional housing supply 
and demand imbalances. Future research can further improve 
the dynamics and timeliness of the model by integrating real-
time data from online real estate platforms. 
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clustering algorithms, including KMeans, Agglomerative 
Clustering, and DBSCAN, on simulated U.S. housing supply 
and demand imbalance data reveals distinct advantages and 
limitations of each approach. KMeans and Agglomerative 
Clustering provided clear and consistent cluster structures, 
making them suitable for well-separated data. Meanwhile, 
DBSCAN demonstrated its strength in handling noise and 
identifying outliers, making it advantageous for more complex 
datasets. These findings highlight the importance of selecting 
the appropriate clustering algorithm based on the specific 
characteristics of housing market data, allowing for more 
accurate and meaningful insights into regional housing supply 
and demand imbalances. Future research can further improve 
the dynamics and timeliness of the model by integrating real-
time data from online real estate platforms. 
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Conclusions
In conclusion, the comparative analysis of different clustering algorithms, including KMeans, Agglomerative Clustering, 
and DBSCAN, on simulated U.S. housing supply and demand imbalance data reveals distinct advantages and limitations 
of each approach. KMeans and Agglomerative Clustering provided clear and consistent cluster structures, making 
them suitable for well-separated data. Meanwhile, DBSCAN demonstrated its strength in handling noise and identifying 
outliers, making it advantageous for more complex datasets. These findings highlight the importance of selecting the 
appropriate clustering algorithm based on the specific characteristics of housing market data, allowing for more accurate 
and meaningful insights into regional housing supply and demand imbalances. Future research can further improve the 
dynamics and timeliness of the model by integrating real-time data from online real estate platforms.
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