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Abstract

This study explains the price interactions in the housing market using a spatial framework. Introduced spatial
model connects the average Euclidean distance between social and luxury houses to house pricing. When a
cheaper alternative exists, even if it’s not perfect, there will be pressure on the prices of expensive goods or
services. In addition to this, the cost, and hence the price of houses, depends on the price of lots. Lots closer to
highly priced house clusters tend to be more expensive. Concerning social justice, the social planner aims to
produce as many social houses as possible. Also, in line with macroeconomic stability aim, government tries to
keep the house price index low. These goals, however, presents a dual optimization problem. The planner must
allocate the social houses far away from luxury houses to maximize their number. On the other hand, in order to
keep the housing price index low, social houses must be built near to luxury houses in order to create a serious
price pressure. The model introduced in this paper provides a method for balancing social fairness with economic
viability. Introducing models with dynamic factors such as population growth and migration could be considered
for further research. Also, testing the models in different urban areas could be a good option. By connecting spatial
planning with economic and social goals, this study adds an analytical aspect to sustainable urban design and fair
housing policy.
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0z

Bu c¢alismada, konut piyasasindaki fiyat etkilesimlerinin mekdnsal bir c¢erceve icinde ac¢iklanmasi
amaglanmaktadir. Sunulan mekdnsal model, sosyal konutlar ile litks konutlar arasindaki ortalama Oklidyen
mesafeyi konut fiyatlariyla iliskilendirmektedir. Miikemmel olmasa da, gorece daha ucuz bir alternatif mevcut
oldugunda, pahali mal veya hizmetler iizerinde fiyat baskisi olugur. Ayrica konutlarin maliyeti ve dolayisiyla fiyati,
arsa fiyatina baghdir. Liiks konut kiimelerine yakin arsalar genellikle daha pahalidir. Bu nedenle, amact hem
miimkiin oldugunca fazla sayida sosyal konut iiretmek hem de konut fiyat endeksini diigiik tutmak olan bir sosyal
planlayici, ikili bir optimizasyon problemiyle karsi karsyyadir. Baska bir deyisle, planlayict sosyal konutlar: éyle
bir sekilde yerlestirmelidir ki, sosyal konut sayist maksimuma ulasirken konut fiyat endeksi miimkiin olan en diisiik
seviyede tutulabilsin. Bu model, sosyal adalet ile ekonomik siirdiiriilebilirlik arasinda denge kurmaya yonelik
sistematik bir yaklasim sunmaktadir. Gelecek arastirmalar, niifus artisi ve gé¢ gibi dinamik faktérlerin modele
dahil edilmesini ve modelin farkli kentsel baglamlarda uygulanarak uyarlanabilirliginin test edilmesini

icermelidir. Mekansal planlamayr ekonomik ve sosyal hedeflerle uyumlu hadle getirerek, bu arastirma
stirdiiriilebilir kentsel kalkinma ve adil konut politikasi igin veriye dayal bir bakis a¢ist sunmaktadir.
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1. Introduction

The fundamental intention of housing production is to satisfy the basic human need of shelter. Yet,
demand for housing and instability of its prices are driven by far more than the mere fact of need of
accommodation. Prices of houses are affected by many determinants such as economic conditions,
demographic change, cultural forces, technological advances and monetary and fiscal policies.
Therefore, there is very strong correlation and interaction between housing market and financial system
and therefore the overall economy. Housing cost, whether in rent payment or mortgage payment, takes
significant share of household expenses. Therefore, housing cost directly or indirectly impacts total
demand and therefore the rate of economic growth. Moreover, housing market contributes importantly
towards keeping the financial health. These said crucial functions and contributions of housing markets,
in a sense, provide bases for government intervention in the housing market. These tools for intervention
are: rent control, regulation of housing loans, tax incentives, subsidies and, lastly, supply of low-cost
housing.

The mutual and complicated interaction between urban planning and housing market brings us
challenges related to social equality, fairness and urban growth. That is why this study is interested in
the connection between spatial distribution of houses and price interactions. The idea relies on the
sensitivity of price threat to spatial distance. When there is a cheaper alternative, such as social houses,
the price of luxury houses will tend to decrease. This effect will be higher when the distance is getting
less.

In addition, cost and hence price of both social and luxury houses depend on the lot cost and material
costs, besides many other factors. So, when the distance to luxury houses gets smaller, although the
price threat on luxury houses increases indirectly causing a smaller housing price index, the lot price
and cost of social houses tend to increase, which in turn causes a less social house production. Thus,
there is a trade-off between the goals of social planner. On one hand, the social planner wants to achieve
a smaller housing price index, which favors less distance to luxury houses. On the other hand, social
planner wants to produce as much social houses as possible which favors greater distances to luxury
houses (due to favorable lot prices). Thus, there could exist an optimal spatial distribution of social
houses providing both a maximum amount of social house production and a minimum level of housing
price index.

Drawing from interdisciplinary insights, including hedonic price theories and macroeconomic
influences, this paper contributes a nuanced perspective to the discourse on sustainable urban planning
and housing affordability. This paper is organized as follows: The following section provide a brief
review of literature on house pricing. In this section literature on mostly hedonic house pricing models
is analyzed. The third section introduces a summary of selected research on spatial optimization. The
spatial distribution optimization model of social housing is introduced in the fourth section. And the
final section is conclusion.

2. Literature on House Pricing

The analytical framework of this paper is based on the relationship between housing prices and distance.
The closer a property is to highly sought-after, expensive areas, the higher its price tends to be.
Consequently, when social housing is built near desirable districts, its cost increases, reducing the
overall quantity of social housing that can be provided within a fixed budget. Conversely, when social
housing is located near luxury properties, it tends to lower the rental prices and, by extension, the prices
of the luxury homes themselves. This creates downward pressure on the housing price index, which
ultimately contributes to lower inflation. Therefore, a trade-off exists between the number of social
housing units and the housing price index. This relationship transforms the housing issue into an
optimization problem, given its non-linear nature. To sum up, house pricing and spatial optimization are
the two trivets of the analytical framework of this paper. Therefore, firstly a brief summary of the
literature on house pricing will be introduced in this section and it will be followed by the literature on
spatial optimization.

A comprehensive review of the literature on housing market price formation highlights a diverse array
of focal points. Certain studies emphasize the dynamics of housing prices, others delve into rental prices,
while some approach housing as an investment asset, analyzing the interplay between rental prices and
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house prices. Empirical investigations into the rental price-to-house price ratio frequently draw parallels
with the standard rate of return observed in financial investments. In studies that conceptualize housing
purchases from an investment perspective, the analysis is often grounded in an investment rate
framework (Duca, Muellbauer, & Murphy, May 2011).

A seminal study by Poterba et al. (1991) analyzing housing price dynamics across various U.S. regions
from 1963 to 1989 identified several critical factors influencing housing prices. These included inflation
rates, income tax rates, nominal interest rates, expectations of future housing price appreciation, housing
depreciation rates, and land prices. Among these, land prices emerged as the primary determinant of
intercity housing price disparities, while demographic variables exhibited no statistically significant
impact.

Similarly, an investigation into housing price trends in selected Canadian cities from 1985 to 2005
revealed the absence of a unified housing market or consistent pricing trends across cities. Notably,
while long-term interest rates showed minimal influence on housing prices, city-specific factors—
particularly wage levels influenced by union negotiations—proved to be significant drivers (Allen,
Amano, & Gregory, 2009).

A parallel observation arose from a study of housing prices in various Chinese cities, employing a
general equilibrium model based on the movement of capital and labor. The findings highlighted that
greater distances from metropolitan hubs—characterized by high productivity and wages—and elevated
levels of air pollution exerted downward pressure on housing prices. Conversely, factors such as a higher
number of doctors per capita, improved student-to-teacher ratios, favorable air temperatures, and
proximity to ports positively influenced housing prices (Gong, de Haan, & Boelhouwer, 2016).

Interest rates, inflation, property taxes, and regulations on long-term housing loans, alongside broader
monetary policy adjustments, exert significant influence on price formation within the housing market.
A study employing the rent-to-house price ratio to analyze the U.S. housing market highlighted that
housing loan regulations markedly affect demand and pricing, particularly among first-time buyers
(Duca, Muellbauer, & Murphy, May 2011).

The relaxation of criteria for long-term housing loans and the extension of credit to high-risk borrowers
can perpetuate housing price growth, fostering expectations of continued appreciation. This
phenomenon was evident during the early 2000s U.S. real estate bubble, which ended in a sharp decline
in property values as high-risk borrowers defaulted on repayments. Since the 1980s, the U.S. housing
market has transitioned from a risk-averse to a risk-seeking orientation, leading to increased market
fragility and culminating in the severe financial crisis of 2008 (Immergluck, 2011).

When housing prices rise significantly above average inflation rates, rational economic agents may deem
these prices unsustainable, anticipating a market correction. Classical asset pricing models, which
exclude the influence of investor sentiment, often fail to capture this dynamic. Behavioral finance
models, on the other hand, focus on the essential function of investors’ emotions in determination of
prices, regardless of basic financial parameters (Ling, Ooi, & Le, 2015). Investor sentiment is often
shaped by past price movements, with rising prices fostering confidence and falling prices leading to
caution. These emotional reactions can push prices far beyond what economic fundamentals—Iike
interest rates, inflation, GDP growth, unemployment rates, and resource utilization—would logically
suggest. Although such price fluctuations may stray significantly from short-term expectations, they
usually return to align with underlying economic realities over time. (Li & Bao, 2017).

In the housing market, demand originates from buyers, while supply encompasses construction
companies and loan providers. When all three parties anticipate rising prices based on historical trends,
this expectation often materializes, further driving prices upward. Loan providers, confident that
mortgage values will remain below market prices, persist in taking risks. This dynamic creates
autocorrelation in housing prices, whereby rising prices fuel expectations of further increases, and
falling prices amplify expectations of continued declines (Ling, Ooi, & Le, 2015).

This sequential dependency in housing prices suggests that econometric models such as autoregressive
(AR) and vector autoregressive (VAR) frameworks are particularly effective for analysis. For instance,
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an AR model study examining housing prices across 20 U.S. metropolitan cities from 1985 to 2004
found statistically significant results in all cities except Los Angeles (Nagaraja, Brown, & Zhao, 2011).

Given the housing market's sensitivity to macroeconomic variables, some studies have analyzed it within
the context of the business cycle model. During periods of rising demand, asset prices, including
housing, increase, and inflation enhances net wealth by reducing the real value of fixed nominal debts.
Since borrowers typically have a higher marginal propensity to consume than lenders, this creates an
expansionary effect on demand. Simultaneously, rising consumer price indices negatively correlate with
product supply, creating a contractionary force that counterbalances demand-driven expansion
(lacoviello, 2005).

Another area of inquiry explores whether housing markets exhibit global coordination or correlated
movements. International trade and financial flows are believed to drive interconnected housing price
trends. For example, Case, Goetzmann, and Rouwenhorst (2000) found evidence of coordinated
movements through an output link mechanism in their analysis of international commercial real estate
dynamics from 1987 to 1997. Similarly, using an FVAR model, Terrones and Otrok (September, 2004)
demonstrated synchronization between housing prices and global income across 14 developed countries
from 1970 to 2004. De Bandt, Barhoumi, and Bruneau (2010), employing the FAVAR model, found
that U.S. housing prices lead movements in other OECD countries. Furthermore, Beltratti and Morana
(2010), utilizing an FVAR model across G7 nations, established that house prices, stock prices, and
market movements are interconnected, with supply shocks playing a particularly critical role.

In the housing market, price formation is influenced by demand, land prices, housing supply, and
construction costs. A study used a simultaneous equations model to show that house prices are affected
by land prices and construction costs, as well as other demand factors. It analyzed housing price data
from both rural and urban areas in Georgia, USA, from 1970 to 2012. This research looked at the
relationship between land and house prices. It found some coordination but also a growing gap between
the house price index and land price index after 1980 in both settings. The study also revealed lagged
effects. It showed that increases in house prices explained 52% of later land price rises, while the reverse
effect accounted for only 6% (Zhang & Hou, 2015). These results highlight that rising house prices
have a much stronger impact on land prices than the other way around.

Hedonic housing demand models further explain what drives housing demand. They focus on factors
like interest rates, inflation, taxes, income, and expected price increases, along with individual
preferences and the physical features of properties. These models come from hedonic pricing theories
developed in the 1930s. They describe housing prices based on various characteristics, such as property
size, distance to amenities like shopping centers, public transit, places of worship, and schools, as well
as neighborhood traits like residents' socioeconomic status, ethnic makeup, and the house's age, view,
and materials (Sirmans, Macpherson, & Zietz, 2005).

A key aspect of hedonic models is how the significance of explanatory variables can change based on
personal preferences. For example, older adults might prefer homes that are farther from schools to
avoid noise, while families with children look for nearby educational facilities. Likewise, preferences
for quiet neighborhoods versus central locations can differ among buyers, affecting the importance and
direction of variables in the model.

Since housing purchases are often financed through long-term loans, some hedonic models adopt a
dynamic life cycle framework. These models compare the lifetime utility of homeownership against
renting, positing that rational individuals will choose the option offering greater lifetime benefits.
Simulation models examining choices between investing in financial assets or purchasing a home with
a long-term mortgage to hedge against retirement income loss analyze variables such as age, income,
interest rates, family size, and the rent-to-mortgage payment ratio. They also assess how shocks to
factors like interest rates, income, and house prices influence purchasing decisions. For instance, Bajari
et al. (2013) used household survey data to calibrate a model and found that sudden declines in interest
rates or house prices positively impacted the decision to buy, whereas drops in income or rental prices
had the opposite effect.

Regional heterogeneity is another critical consideration in hedonic housing studies (Sirmans,
Macpherson, & Zietz, 2005). For example, a study of 1,691 detached houses sold across Norwegian
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cities (1997-2002) demonstrated that variables like building age, room and bathroom count, garage
presence, and distance to city centers or workplaces exerted different impacts on prices depending on
the region (Osland, July 2010). Similarly, a geographically weighted regression analysis of 3,887
detached houses sold in Austria (1998-2009) revealed significant geographic variations, underscoring
the importance of location-specific considerations for policymakers and financial institutions (Helbich,
Brunauer, Vaz, & Nijkamp, 2014). In Turkey, an analysis of rural and urban housing rents using the
2004 Household Budget Survey found that coefficients for key variables like house type, size, room
count, and access to utilities differed significantly between these areas (Selim, 2008).

Beyond physical characteristics, socioeconomic attributes of neighborhoods also influence housing
prices. Factors such as the proportion of Black residents, education levels, unemployment rates, and
poverty levels play a role. A study on housing prices in socioeconomically diverse neighborhoods found
that property-specific attributes largely drove price variations, while in homogeneous neighborhoods,
variations were attributed to measurement errors or omitted variables (Goodman, 1977). This suggests
that in economically homogeneous areas, physical characteristics have a minimal impact on price
differences, making it economically irrational to construct luxury homes in predominantly low-income
neighborhoods.

The following section summarizes some of the research on spatial optimization, since it forms the second
trivet of the basic framework introduced in this paper. As mentioned at the introduction of this section,
the aim of this study is to provide an analytical framework for social planning via the connection between
house pricing and distance.

3. Literature on Spatial Optimization

As shown below, the existing literature on spatial optimization generally focuses on broader urban
planning issues. Therefore, this study is likely the first to apply spatial optimization to the dual problem
faced by a social planner dealing with social housing problem. On the one hand, the social planner aims
to maximize the production of social housing. On the other hand, the planner must work to reduce the
housing price index as part of the effort to combat inflation.

In spatial optimization, distance can function as a constraint or variable when facility locations are
unknown, as in the Weber problem with Euclidean metrics. It may also serve as a predefined model
parameter. Regardless of its role—constraint, function, or parameter—distance is integral to model
design and structure. Geographic studies frequently employ proximity measures to optimize service
facility locations (Goodchild & Massam, 1969; ReVelle & Swain., 1970; Hillsman, 1984; Densham &
Rushton, 1988; Church, 1990). Sensitivity analyses using different distance metrics, such as those by
Peeters and Thomas (2000), further illustrate the significance of this concept in spatial optimization.

The concept of proximity, whether defined by physical distance or travel time, is a common focus in
geographic studies. Nystuen (1968) emphasized that distance is a core spatial principle. Depending on
the situation, one might examine the average distance individuals travel in a region, the farthest distance
someone must go to access a service, the shortest route between two locations, or the quickest connection
among multiple points. Distance essentially represents the separation between two geographic points
and can be quantified differently depending on the study’s purpose. Various methods, including
Euclidean, rectilinear and network distances, have been employed in two-dimensional spatial
optimization applications (Church & Murray, 2009). Since the Earth is three-dimensional, its curvature
must be accounted for, leading to metrics like geodesic or great-circle distances, based on the Earth's
assumed shape. Reviews of these measures are available in Church and Murray (2009), Miller and
Wentz (2003), and de Smith et al. (2011). Tools like GIS software facilitate the calculation and
application of these measures.

Lark (2016) investigates the optimization of spatial sampling using multi-objective optimization
algorithms, such as simulated annealing and Pareto fronts. The study concentrates on balancing
conflicting objectives such as sampling efficiency and cost, demonstrated through a case study of
regional soil sampling. The research also seeks applications in wireless sensor networks and unmanned
aerial vehicles, presenting insights into logistical and statistical trade-offs. The study highlights the
heterogeneity of these methods for various domains and makes suggestions for future research.

4233



Akgil, T., 4229-4244

Wang et al. (2018) provide an overview of the allocation of heterogeneous spatial crowdsourcing tasks
based on multi-objective optimization techniques like enhanced particle swarm optimization. The study
tries to maximize task coverage and reduce incentive spending given worker mobility and deadline for
tasks. The study introduces methods to determine Pareto-optimal solutions, and such solutions are
evaluated using real and synthetic data and hence enhance efficiency and stability in spatial
crowdsourcing systems

Chen et al. (2023) form a multi-objective spatial model for optimizing fire station locations using the
combination of traffic dynamics and real demand areas. A case study of Nanjing, China, validates the
model's effectiveness in reducing response times, eliminating duplications of resources, and optimizing
urban safety. Combining urban functional areas with traffic data enhances the shortcomings of existing
models and has real-world implications for fire service policies.

Li etal. (2024) explore regional spatial structures using a simulation optimization framework to promote
balanced development. The study models regional dynamics via spatial networks, focusing on resource
flow and equilibrium matching. It introduces a quantitative framework integrating network modeling
and optimization strategies, applied to the Guangdong-Hong Kong-Macao Greater Bay Area. The key
outcomes are to determine spatial imbalances, to define stages of optimization, and to achieve improved
equilibrium and resource utilization. The authors emphasize incorporating policy networks to enhance
macro-governance and spatial planning. Li et al. (2024) introduces data-informed regional
policymaking, ensuring balanced development and disparities.

Wang and Mu (2024) propose a spatial optimization method to demarcating metropolitan areas,
overcoming the challenges of polycentric urban systems and geographical coherence. The method
optimizes industry and everyday life intercounty relations, guarantees geographical contiguity, and
prevents boundary anomalies. The research proves, with the case of Nanjing and Lhasa metropolitan
areas, how the method can be employed to demarcate rational metropolitan boundaries. This research
stresses the importance of taking into account different intercounty interactions, and it demands stronger
urban planning and development policies.

Xu et al. (2019) investigate the spatial optimization of Chinese rural settlements based on quality-of-life
(QoL) theory. According to the research, there is an implied "road-oriented” model of spatial
organization that optimizes spatial functions, structures, and scales. It weighs balancing settlement size
and distances to achieve maximum economic and social benefits and address ecological challenges. The
approach integrates rural development with QoL improvement, lending insights into sustainable rural
planning and integration.

4. A Spatial Distribution Model of Social Housing for Effective Price Control

The idea behind the model for social housing is the link between price and distance. When there is a
cheaper option for any good or service nearby, suppliers must lower their prices. This principle applies
to the housing market as well. If there is a social housing option close by those costs less, the rental or
selling price of more expensive houses should decrease somewhat due to the competition. Consequently,
having more affordable social housing choices puts downward pressure on rental prices throughout the
entire property market.

Consider a region containing “m” luxury properties, represented as points in a Euclidean space. A social
planner seeks to construct “n” social housing units to minimize the overall housing price index,
effectively maximizing the price-reducing impact of social housing while accounting for the spatial
distribution of existing properties and adhering to budgetary constraints. The extent to which social
housing exerts price pressure is determined by its average Euclidean distance from other properties: the
closer the social housing is situated to existing properties, the stronger its price-pressure effect. For
simplicity, assume the housing market comprises only two categories: luxury properties and social
housing.

Thus; the basic assumptions of the model can be summarized as:

-There are only two types of houses: luxury and social, denoted with “L”” and “S” respectively.
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-The number of the luxury houses, “m”, is given and social planner has no control over it, and hence
the planner takes this as a parameter.

-The budget of the social planner, “B” is fixed and it is the monetary constraint of the optimization
problem.

-The cost of each and every social house depends on its plot cost and building costs.

-Plot (land) costs depend on the Euclidian distance to luxury houses: lower the distance to luxury
houses, higher the plot cost

-Building costs are independent of Euclidian distance and are uniform among social houses
-The number of the social houses, “n”, depends on the average cost of social houses

-Social planner has two aims: increasing the provision of social housing (maximizing “n”) and
minimizing the house pricing index which are non-linearly connected.

For simplicity, consider a scenario with three social houses and two luxury houses, as depicted in Figure
1. It is noteworthy to state that when there are n social houses and m luxury houses, we can define n x
m Euclidian distances. For instance, in the simple case defined in Figure 1 there are 2x3=6 Euclidian
distances. The Euclidean distance between a social house and a luxury house is defined as the shortest
straight-line path connecting them. For example, the Euclidean distance between social house 1 (S1)
and luxury house 1 (L1), represented as d(S1,L1) in the figure is defined as:

d(Ss1,L1) = \/(xs1 —x11)% + (Y51 — Y11)? )

where “Xs;”” and “X.1” represent the x-coordinates of social house 1 and luxury housel respectively, and
y’s represent same for y-coordinates of them.

To evaluate the impact of social housing on luxury house prices, the Euclidean distances between each
social house and every luxury house are calculated to determine the average distance. A smaller average
distance correlates with greater downward price pressure on luxury properties. In the simplified case
shown in Figure 1, the price pressure on L1 is greater than that on L2 because the average distance
between L1 and the social houses is shorter than the corresponding average distance for L2.
Consequently, all else being equal, the price of L1 would be expected to be lower than that of L2.

Figure 1: Hlustration of Euclidian Distance between social and luxury houses

d(s1.L1)

21 L1

(7341
1

Thus, if d(Si, Lj) denotes the distance between social house “i” and luxury house “j” the price of luxury

house “j”, PL;, will be defined as:

= (2
PL; = 9,X; + (%Z d(si, Lj))
i=1

where 9, denotes the coefficient vector of all other variables determining the price of luxury house j and
X; denotes all other variables vector. >0 since the price of luxury house will increase as the average
distance of it from social houses increases by our assumption on price pressure and distance relationship.
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The cost, and consequently the price, of each social house is primarily determined by the expenses
associated with land and building materials. For simplicity, we assume that building material costs are
uniform across all social houses, while land costs vary based on location. Generally, plots situated closer
to luxury houses tend to command higher prices. As a result, the price of a social house increases as its
average proximity to luxury houses decreases, and conversely, it decreases as the average distance
increases. Accordingly, the price of social house “i", denoted as “PS;”, is defined as:

o ©
PS; = 95X, + @ EZ d(Si, Lj)
=

o
1

where 95 denotes the coefficient vector of all other variables determining the price of social house
and X; denotes all other variables vector. a<0 since the price of social house will decrease as the average
distance of it from luxury houses increases by our assumption about lot price. Therefore, reducing the
average Euclidean distance to luxury properties results in both higher social housing costs and greater
price pressure effects.

We posit that the social planner operates with two primary objectives. First, the planner seeks to
maximize the provision of social housing to address societal needs. Constrained by a fixed budget, the
planner endeavors to produce the greatest possible humber of social housing units. As the average
distance between social and luxury housing increases, the reduced cost of land plots enables the
production of a larger quantity of social housing units.

Second, the social planner aims to minimize the housing price index. A decrease in the average distance
between social and luxury housing exerts upward pressure on luxury housing prices, thereby reducing
the overall housing price index. However, this comes at the expense of a reduced output of social housing
units. Conversely, increasing the distance between social and luxury housing mitigates price pressure
on luxury homes, leading to a higher housing price index. This trade-off allows the planner to allocate
resources toward greater social housing production.

This mechanism can be formally modeled by correlating the average Euclidean distance with both the
social planner’s budgetary constraints and the housing price index.

Let’s first show how the social planner’s budget is related to average Euclidean distance between social
and luxury houses. Assume that social planner has a fixed budget(B) for production of social houses
defined as:

n n 1 m n n m
a
B=zPSi=Z 9X; + a EZd(Si,Lj) =Z195Xi+EZZd(Si,Lj)
i j=1 i=1 j

i=1 i=1 i=1j=1

(4)

The second part of right-side expression (Yi=; X7, d(Si, Lj)) is in fact the sum of all Euclidian

distances of all social houses to all social houses. Since there are “m x n” distances between m luxury
and n social houses, we can write:

Zn: i d(Si,Lj) = mnd ©

i=1j=1
where d stands for the average distance of all social houses to all luxury houses.

Therefore, we can rewrite the budget equation as:

n p _ n _ (6)
B = ZﬁSXi +Emnd = ZﬁSXL- + and
i=1 i=1

Now we can write the number of social houses that could be built as:
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1 = @)
n= E;B _ (; 195Xi>}

Thus, higher the fixed budget B, higher the average distance d and/or lower the lot cost excluding costs
(X, 9sX;), higher the n. Therefore, the social planner must choose the locations and hence spatial
distribution of social houses so that the average distance d allows maximum possible quantity of social
houses, n. Namely, in a sense, d is the indirect decision variable and n is the target value, which means
Equation (7) is one of the object functions.

Now we can show how the average Euclidian distance affects the price index. We can define the housing
price index as a weighted average of luxury house prices and social house prices. Therefore, housing
price index, HPI is defined as:

HPI = e (; PS; + ; PL))

By substituting Equation (2) and Equation (3) we can rewrite the HPI as following:

n

m m n C))
1 1 o 1 .o

j:l i=1

Adding the definition we obtained in equation (5) we can rewrite the housing price index as:

P (10

n m
1 a -
HPl = ——— 22319,X- 22219 X d d
(m+n) £ s ‘+j_1 L% +(m+n)n +(m+n)m

Now our optimization problem is complete. In one hand, in Equation (7), we show that the average
distance between all social and luxury houses, d, is one of the paramaters in determination of the number
of the social houses, “n ”. On the other hand, we have shown in Equation (10) that average distance also
affects the housing price index. By the help of first order conditions, we can find the optimum level of
average distance which provides the maximum quantity of social houses and optimum level of average
distance which provides the minimum possible housing price index. Partial differential of Equation 7 is:

on -1 - (11)
5-3-G)

This partial derivative is equal to zero if either d is infinite or B = (3, 95X;). However, by definition
of budget in Equation 6, we know that the latter is impossible. Thus, this fact brings us to the fact that
this is a constrained optimization problem, since the maximum of distance will be equal to the maximum
possible Euclidian distance available in the region as illustrated in Figure 2. If the region is modelled as
a rectangle, then the maximum possible distance between any social house and any luxury house will
be equal to the diagonal of the rectangle.
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Figure 2: Maximum distance between any social house and luxury house
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Thus, the optimization problem for social house production will be:
Maximize

n=—{B — (T, 95X,)} subject to d < dynax (S, L;)

We can also formulate the optimization problem for housing price index as:
Minimize

n m
1 a - B -
HPl = ——— X; X;
(m+n) Zﬁs l+Zl9L’ +(m+n)nd+(m+n)md
i= j=

subject t0 d < dpax(S;, Lj) and n = %{B - Qlk19sX)}

Thus, the social planner has a dual optimization problem involving maximization of social housing
production and minimizing the housing price index. As shown in Equation (10) HPI is not a linear
function of the average distance between social houses and luxury houses, since the partial derivative
can be either zero, negative or positive depending on the value of the average distance. Therefore, this
optimization problem could be solved by several iteration methods and algorithms, once the model is
calibrated.

5. Algorithms for Solving Nonlinear Spatial Optimization Problems

Depending on the nature of the problem and the characteristics of the decision variables, a number of
algorithmic approaches may be adopted to solve nonlinear spatial optimization problems. Gradient-
based algorithms, such as Sequential Quadratic Programming (SQP) and Interior-Point Methods, are
suitable when the objective function is differentiable and the problem space is smooth. However,
heuristic and metaheuristic methods, such as Genetic Algorithms (GA), Particle Swarm Optimization
(PSO), and Ant Colony Optimization (ACO), by their nature offer a flexible means of exploring the
solution space when the problem is intricate, non-convex, or involves discrete variables. These methods
are particularly effective at solving highly nonlinear, multimodal, high-dimensional problems, which
abound in the realm of spatial optimization (Boyd & Vandenberghe, 2004).

In situations where the spatial relationships between variables are significant, spatially explicit
optimization techniques such as Spatial Simulated Annealing (SSA) or Cellular Automata Optimization
can be adopted. These techniques take into consideration spatial dependencies in terms of adjacency or
contiguity, which is often very important when dealing with urban planning and land-use allocation
problems. For models containing both continuous and discrete variables, the Mixed-Integer Nonlinear
Programming (MINLP) solvers-Branch-and-Bound or Outer Approximation-can help analyze complex
spatial configurations under a fixed budget or other constraints. For multi-objective optimization tasks,
for example, balancing the production of social housing against minimizing the housing price index,
NSGA-1I or MOEA/D can be used to provide a set of Pareto-optimal solutions, giving a range of trade-
offs between competing objectives (Bazaraa, Sherali, & Shetty, 2013).
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Overall, the choice of an algorithm will depend upon the specific features of the spatial optimization
problem. For highly complex and nonlinear problems, the use of evolutionary algorithms, spatially
explicit optimization methods, and multi-objective optimization techniques is generally most
appropriate (Hillier & Lieberman, 2014).

6. Conclusion and Recommendations

This research addresses the potential use of spatial optimization as a tool for the complicated challenges
of housing market and urban development. The offered dual-objective framework in this study balances
two critical priorities: efficient use of budget devoted to social housing provision and minimizing the
house pricing index. Using Euclidian distance as a decision variable in explaining the relationship
between two distinct types (luxury and social) of housing prices highlights the essential role of spatial
distribution of buildings in determining price trends and market stability.

The spatial optimization model in this paper tells that building social houses fairly close to luxury houses
results in more affordable prices in housing market for a significant range of people. On the other hand,
this must be done considering a balance with the effect of proximity on increasing prices of lots that
social houses would be built on. Namely, while trying to create a higher pressure on high-end housing
prices, the social planner must face the higher costs of social housing provision. This fact in turn,
requires an effective and rational resource allocation in order to provide balance between social fairness
and economic stability.

Although the proposed spatial optimization model provides a good starting point, it is open to further
extensions. For instance; population dynamics such as migration, population growth rate could be added
as parameters to model. Also, instead of, or in addition to Euclidian distance, the travel time can be used
as a decision variable. Further, distance to hospitals, schools and malls can be used in price formation
equations for different type of houses. Last but not least, the type of houses could be extended to social-
moderate-luxury in order to provide further and detailed price relationships and elasticities.

After extensions to model, once spatial data is available, the extended version of this model could be
tested in order to determine whether the spatial distribution of social housing is optimal or not, by
assigning a normalized index, for instance. With such indexing, comparison of cities or districts can be
possible. Thus, the offered model can be a useful tool for urban planning and economy governance.

Spatial distribution lies at the heart of social justice, as the geographic configuration of resources,
services, and opportunities determines who is included or excluded in a society. As social policy
literature reminds us, unequal spatial distribution-whether of housing, transport networks, healthcare, or
education-can entrench structural inequalities by rendering vital resources inaccessible to marginalized
groups. When low-income or minority groups are concentrated in peripheral or poorly serviced areas,
they suffer several disadvantages: longer travel times, less job availability, insufficient public services,
and lower political visibility. These disadvantages in space and place are not an accident, but more often
reflect historical processes of segregation, discriminatory zoning, and market-driven urban
development-all of which produce varied landscapes of inequality that transcend generations.

On the other hand, more equitable spatial planning and distribution of public goods serve as a strong
mechanism for reducing exclusion and promoting social justice. Policies that enhance accessibility-for
example, integrated public transit, mixed-income housing strategies, decentralized social services, or
investments in underserved neighborhoods-can counteract entrenched disparities. According to social
policy scholars, spatial justice requires not only the redistribution of resources but also participatory
processes that allow the perspectives of marginalized groups to shape decisions about their
environments. By reshaping the built environment to ensure that all communities enjoy proximity to
opportunity, safety, and civic participation, spatially aware social policies can foster greater social
inclusion and contribute to more resilient and cohesive societies.
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Konut iiretiminin temel amaci, bireylerin barinma gereksinimini karsilamaktir. Ancak konut piyasasi
yalnizca fiziksel bir ihtiya¢ gergevesinde sekillenmez; ayni1 zamanda ekonomik, sosyal, kiltirel ve
politik dinamiklerin kesistigi bir alan1 temsil eder. Konut fiyatlari, ekonomik biiyiime oranlari, faiz
politikalari, enflasyon, gelir dagilimi, demografik yap1 ve teknolojik yenilikler gibi ¢ok sayida faktérden
etkilenir. Dolayisiyla; konut piyasasi, hem finansal sistem hem de genel ekonomik istikrar agisindan
belirleyici bir role sahiptir.

Konut harcamalar1 hane biitgelerinin 6nemli bir kismini olusturur ve toplam talep ile ekonomik biiyiime
oranint dogrudan etkiler. Bu nedenle devletlerin konut piyasasina miidahalesi, ekonomik rasyonalite
kadar sosyal adalet ilkeleriyle de iligkilidir. Devletin kullandig1 baglica araglar arasinda kira kontrolleri,
konut kredisi diizenlemeleri, vergi indirimleri, subvansiyonlar ve en 6nemlisi sosyal konut uretimi yer
alir.

Bu calismanin ¢ikis noktasi, sosyal konut politikalarinin yalnizca miktar veya finansman agisindan
degil, mekansal dagilim acisindan da degerlendirilmesi gerektigi varsayimidir. Sosyal konutlarin sehir
icinde nerelere yerlestirilecegi, hem arsa maliyetini hem de lilks konut fiyatlarim etkileyen énemli bir
degiskendir. Calisma, sosyal ve liiks konutlar arasindaki ortalama Oklidyen mesafeyi bir karar degiskeni
olarak ele alarak, fiyat endeksi ile sosyal konut tiretimi arasindaki dengeyi matematiksel bi¢imde analiz
etmektedir.

Literatiir Taramasi
Konut Fiyatlarinin Belirleyicileri

Konut fiyat olusumu iizerine yapilan arastirmalar ¢cok cesitli yonleriyle bu karmasik piyasayi agiklamaya
caligmistir. Poterba, Weil ve Shiller (1991), ABD’de 1963-1989 doneminde konut fiyatlarinin temel
belirleyicileri arasinda enflasyon, faiz, vergi politikalar1 ve 6zellikle arsa fiyatini1 6ne ¢ikarmistir. Benzer
bicimde Allen, Amano ve Gregory (2009), Kanada sechirlerinde iicret diizeyleri ve yerel faktorlerin
fiyatlar tizerinde belirleyici oldugunu gostermistir.

Cin 6rneginde ise Gong, de Haan ve Boelhouwer (2016), sehir merkezlerinden uzaklik, hava kirliligi ve
sosyal hizmetlere erigim gibi degiskenlerin konut degerlerini dogrudan etkiledigini bulmustur. Tiirkiye
icin Selim (2008), kirsal ve kentsel bolgelerde konut fiyatlarini etkileyen faktdrlerin anlamli bigimde
farklilagtigini gostermistir.
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Faiz oranlar, kredi kosullar1 ve para politikalar da fiyat olusumunda belirleyicidir. Duca, Muellbauer
ve Murphy (2011), kredi genislemesinin konut fiyatlarin1 yukar1 yonlii baskiladigini; 2008 krizinde
oldugu gibi riskli kredi politikalariin balon etkisi yarattigini vurgulamistir (Immergluck, 2011).

Buna ek olarak davranigsal finans literatiirii, yatirimc1 duygularimin fiyat dinamiklerinde 6nemli rol
oynadigini ortaya koyar (Ling, Ooi & Le, 2015). Fiyatlar, beklenti ve duyarliliga bagh olarak ekonomik
temellerden sapabilir; bu da konut piyasasinda otokorelasyon yaratir.

Mekansal Optimizasyon Yaklasimlar:

Mekansal optimizasyon, cografi konumlarin veya tesislerin en uygun bi¢cimde belirlenmesini amaglayan
bir matematiksel planlama alanidir. Bu yaklasimda mesafe, ulasim siiresi veya maliyet temel
degiskenlerdir. Klasik Weber problemi, Oklidyen mesafeye dayal tesis konumlandirma problemlerinin
onciisudiir (Goodchild & Massam, 1969; ReVelle & Swain, 1970).

Son yillarda, ¢ok amagli optimizasyon ve yapay zeka algoritmalar1 mekansal karar problemlerine
entegre edilmistir. Chen vd. (2023), trafik kosullar1 ve kent fonksiyonlarini dikkate alarak yangin
istasyonu yerlerini optimize etmis; Xu vd. (2019) ise kirsal yerlesimlerin yasam kalitesini artiracak
mekansal diizen modelleri gelistirmistir. Bu literatiir, mekansal verilerin sadece cografi degil, ekonomik
ve sosyal c¢iktilar iizerinde de etkili oldugunu gdstermektedir.

Yontem ve Modelin Kurulumu

Bu ¢aligmada sosyal konutlarin mekansal dagilimi ile konut fiyat endeksi arasindaki iliski Oklidyen
mesafe araciligiyla agiklamaktadir. Temel varsayim sudur:

Bir bolgede liiks konutlara yakin sosyal konutlar bulunuyorsa, bu yakinlik liiks konutlar lizerinde fiyat
baskisi olusturur.

Model iki tiir konutu dikkate alir: “liikks konutlar (L)” ve “sosyal konutlar (S)”. Her bir sosyal konut ile
liiks konut arasindaki mesafe d(Si, Lj) ile ifade edilir. Bu mesafelerin ortalamasi azaldikga, liikks konut
fiyatlar1 diiser; ancak bu durum, sosyal konutlarin arsa maliyetini ylikselterek liretim maliyetini artirir.

Bu nedenle sosyal planlayici iki hedef arasinda denge arar:
Konut fiyat endeksini (HPI) miimkiin oldugunca diisiik tutmak,
Uretilebilecek sosyal konut sayisini (n) miimkiin oldugunca artirmak.

Planlayicinin biitcesi, B, sabittir ve sosyal konut birim maliyeti PSi ortalama mesafeye baglidir.
Ortalama mesafe arttikca arsa maliyeti azalir, liretim artar; ancak fiyat baskisi azalir ve genel fiyat
endeksi yikselir.

Konut fiyat endeksi (HPI), liiks ve sosyal konut fiyatlarinin agirlikli ortalamasiyla tanimlanir.
Her iki fiyat da ortalama mesafeyle iligkilidir. Bu iki fonksiyon birlikte ele alindiginda, sosyal
planlayicinin ¢6zmesi gereken ¢ift amagli optimizasyon problemi ortaya ¢ikar:

n m
1 a - B -
HPl = —— Zﬁx- ZﬁX- d d
(m+n) ,151+,1LJ +(m+n)n +(m+n)m
1= j=

d< Amax(Si, Lj) ven = %{B — (X1 9sX;)} olmak Uzere.

Bu optimizasyon problemi dogrusal degildir; ¢iinkii ortalama mesafe parametresi her iki hedefi
de zit yonlerde etkiler. Dolayisiyla ¢oziim, sayisal iterasyon yontemleri veya simiilasyon
teknikleri ile gerceklestirilebilir.

Model ayni zamanda bolgesel sinirlar da dikkate alir. Ornegin galigma alani dikdortgen olarak
kabul edilirse, sosyal ve liiks konutlar arasindaki en biiyiik mesafe bu dikdortgenin kdsegen
uzunlugu ile sinirhidir. Boylece optimizasyon, fiziksel mekanin geometrisiyle dogrudan
baglantili hale gelir.
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Bulgular ve Yorum

Model, sosyal konutlarin liikks konutlara yakin konumlandirilmasinin konut fiyat endeksini diisiirmede
etkili oldugunu gostermektedir. Bu durumda piyasadaki liikks konutlarin fiyatlar lizerinde “fiyat tehdidi”
olusur ve genel fiyat seviyesi daha dengeli hale gelir. Ancak bu strateji, arsa maliyetlerini artirdig igin
ayni biitceyle iiretilebilecek sosyal konut sayisimi azaltir.

Tersine, sosyal konutlar liikks konutlardan ¢ok uzak yerlestirildiginde arsa maliyetleri diiser, dolayisiyla
iretim sayist artar; ancak bu kez sosyal konutlarin piyasa tlizerindeki fiyat baskisi zayiflar ve toplam
konut fiyat endeksi yukselir.

Bu karsit etkiler, “optimal mesafe” kavramini ortaya ¢ikarir. Optimal mesafe, hem liikks konut fiyatlarimni
makul diizeyde diistiren hem de sosyal konut iiretimini ekonomik kilan mesafedir. Bu mesafenin
belirlenmesi, sehir planlamasinda sosyal adalet (diisiik fiyatlar, erisilebilir konutlar) ile ekonomik
stirdiiriilebilirlik (biitge etkinligi) arasinda bir denge noktasi saglar.

Modelin Ongoriilerine gore, sosyal konutlarin lilkks konut bolgelerine tam entegre edilmesi degil,
kontrollii bir yakinlikta insa edilmesi en verimli ¢éziimdiir. Bu yaklagim, konut piyasasinda fiyat
istikrarini desteklerken sosyal diglanmay1 da azaltir.

Sonug ve Oneriler

Bu calisma, sosyal konut politikalarina mekansal optimizasyon perspektifini kazandirmaktadir. Model,
sehir planlamasinda mekansal faktorlerin ekonomik gdstergelerle nasil biitiinlestirilebilecegini gosteren
yenilikgi bir gergceve sunar.

Baslica sonuglar sunlardir:
Sosyal konutlarin litks konutlara yakin konumlandirilmasi genel konut fiyatlarimi asagi ceker.
Ancak bu strateji arsa maliyetini artirarak iiretim miktarimi kisitlar.
Dolayisiyla sosyal planlayici, bu iki hedef arasinda rasyonel bir denge kurmak zorundadir.

Model, sosyal adalet ile ekonomik verimlilik arasindaki bu ikili iligkiyi sayisal bi¢imde
somutlastirmaktadir.

Modelin Genisletilmesi I¢in Oneriler

Yazar, gelecekte modelin asagidaki yonlerde genisletilebilecegini 6ne siirmektedir:
Niifus dinamikleri (gog, niifus artig1) modele parametre olarak eklenebilir.
Oklidyen mesafe yerine veya yaninda seyahat siiresi degiskeni kullanilabilir.

Hastane, okul, ulasim merkezleri gibi kentsel hizmetlere erisim degiskenleri modele dahil
edilebilir.

Konut tlrleri sosyal-orta—liikks seklinde cesitlendirilerek fiyat esneklikleri daha detayl analiz
edilebilir.

Model sonuglar1 mekansal veriyle test edilip sehirler aras1 optimumluk endeksi gelistirilebilir.

Bu oneriler dogrultusunda, model gelecekte sehir planlamacilari ve kamu politikasi yapicilari i¢in pratik
bir ara¢ haline gelebilir. Ozellikle biiyiik sehirlerdeki konut krizi, gelir adaletsizligi ve kentsel ayrisma
sorunlarina karsi, bu model veri temelli karar mekanizmalar1 olusturulmasina katk1 sunabilir.

Sonug olarak, ¢aligma sosyal konutlarin mekéansal dagiliminin yalnizca fiziksel bir tasarim degil, ayni
zamanda ekonomik bir optimizasyon problemi oldugunu gdstermektedir. Mekanin matematiksel
analiziyle sosyal adalet ilkelerinin biitiinlestirilmesi, stirdiiriilebilir kentlesme i¢in yeni bir yol haritasi
sunmaktadir.
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