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Abstract
Intensifying spatial inequality in housing markets is of great concern for urban plan-
ners and policymakers. This study employed a year-on-year analysis using universal 
kriging to fit the official land price data in Tokyo over the period 1997–2021. By 
comparing estimated regression coefficients with the estimated spatial variogram 
parameters, we found evidence of rising spatial polarization and dispersion in land 
prices of Tokyo. This was confirmed via price differences between western and cen-
tral Tokyo that are becoming larger with each passing year. The determinants of the 
land price have different impacts on prices in western and central Tokyo. As for 
the variogram parameter, the nugget effects of the residuals in spatial models are 
increasing for the non-central region and decreasing in central Tokyo, which indi-
cates that the degree of spatial dispersion is increasing.

Keywords Generalized least squares method · Land price dispersion · Spatial 
polarization · Spatial variogram · Tokyo land prices

JEL Classification C21 · R12 · R32

1 Introduction

Intensifying spatial inequality in housing markets is a big concern for urban plan-
ners and policymakers. Spatial housing market polarization is defined as increas-
ing disparities between sub-regions with high values and those with low values. 
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Modai-Snir and van Ham (2018) studied increasing inequality between urban devel-
opment area and rural fringe in Tel Aviv, Israel, and found that this inequality is 
associated with changing socio-spatial structure due to the integration of the global 
economy. Arundel and Hochstenbach (2020) found that driving inequalities in hous-
ing wealth accumulation is related to spatial polarization that divides housing access 
among the population in the Netherlands. Hochstenbach and Arundel (2020) studied 
spatial polarization across different scales at the national, provincial, and urban lev-
els using house-value development analysis in the Netherlands over time and space. 
The process of how spatial inequality divides Tokyo was studied by Kubo (2020), 
where she stated that the suburban areas facing the aging of their residents and an 
increase in vacant housing increase spatial inequality between the growth in city 
centers and the shrinking suburbs. The literature on spatial polarization deals with 
the relationship between socio-economic conditions and housing markets that var-
ies over time and space. There is little research on how this polarization is formed 
throughout the varying structure of the spatial and environmental conditions of the 
housing market.

Land price polarization is closely related to increasing land price dispersion. 
Price dispersion is defined by the variation in prices across the same products with 
the same characteristics. In a housing market, price dispersion occurs spatially and 
temporally. The degree of the housing price dispersion was measured by calculating 
the standard deviation and skewness of the prices (Leung et  al. 2006). Van Nieu-
werburgh and Weill (2010) explained the increase in the level of aggregate house 
price, and the increase in its dispersion across regions using the US house prices 
data by calibrating a dynamic general equilibrium model, and found that the rise in 
house price dispersion across regions in the US was related to the changes in income 
distribution across regions. Ohnishi et  al. (2020) investigated the cross-sectional 
distribution of house prices in the Greater Tokyo Area for the period 1986–2009 
and found that the spatial heterogeneity is increasing, leading to an increase in price 
inequality across properties. In this study, we evaluate the degree of land price dis-
persion by estimating spatial variogram parameters, where the spatial concentration 
can be interpreted in terms of spatial autocorrelation, and the spatial autocorrelation 
affects the spatial variograms.

Real estate is a factor of production in our economy, and its value reflects both 
the qualitative and quantitative aspects of economic activity. This study empirically 
examines how the land price polarization progresses in Tokyo. The temporal vari-
ation of land price and its determinants can provide an insight into how rising land 
price inequality is formed across temporal and spatial variations. To understand the 
dynamics of rising land price polarization, this study employs a year-on-year analy-
sis using universal kriging to fit the official land price data in Tokyo over the last 25 
years.

Statistical analyses of real estate prices are typically investigated using the 
hedonic approach. The hedonic approach is a technique for measuring non-market 
asset values, mainly by using regression models. Examples of explanatory variables 
in regression models include environmental quality and social capital. Through land 
and house models, it is possible to observe how differences in environmental con-
ditions can result in differences in the prices of land and houses. Early studies of 
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the hedonic approach, including the housing market analysis, are present in Rosen 
(1974) and Goodman (1978). For further details, refer to Hill (2013).

Constructing a land price model with accurate forecasting performances using 
the ordinary least squares (OLS) method requires collecting a large volume of land 
price data together with sufficiently large explanatory variables. Not all factors that 
have an impact on land prices are observable, and the error of land price models has 
spatial and time-series correlation because the real estate evaluation depends on the 
surrounding environment and time trend. In spatial statistics, there is a technique 
called “kriging,” which originated from Matheron (1963). It assumes second-order 
stationarity in a random field of a spatial process and expresses the covariance of the 
observed data as a function of distance, structures the spatial correlation, and makes 
a spatial prediction of the value of the random field at an arbitrary point. Kriging 
is a statistical method that uses a structured covariance function to obtain a spatial 
predictor that is the best linear unbiased prediction. Universal kriging is a method 
of spatial prediction based on the regression residuals of a land price model1. In 
kriging, one needs to estimate a variogram function. A variogram is a key func-
tion in geostatistics and is used to display the variability between data points as a 
function of distance. Using a mathematical model that describes spatial patterns on 
variograms, several useful parameters were examined. Since the “range,” “sill,” and 
“nugget” values of the estimated variogram parameters indicate certain degrees of 
spatial correlation and dispersion, investigating the transition of these parameters 
can provide information on how spatial polarization and dispersion intensifies across 
regions and time2.

This study focuses on annual changes in the regression coefficients of spatial pro-
cess models in the universal kriging of official land prices and spatial variogram 
parameters focusing on how spatial polarization progresses and land price disper-
sion increases. While many studies have described how useful kriging is, few have 
looked at the annual changes in spatial process model coefficients or spatial vari-
ograms. Inoue et al. (2007) compared the regression coefficients of the land price 
model of each use district using a spatio-temporal model and evaluated spatio-tem-
poral variograms by comparing the goodness of fit and estimation accuracy. How-
ever, their study aimed to visualize the land price changes. Our approach is inves-
tigating how the parameters in variograms change as time progresses. Chica-Olmo 
et al. (2019) investigated a hedonic regression model to estimate housing prices and 
the spatial variability of prices over multiple years in the city of Granada, Spain. 
They used the regression-cokriging method to predict housing prices and obtained 
isovalue maps of these spatial variations.

1 See, for example, Derdouri and Murayama (2020), where they studied the spatial prediction of the land 
price in Fukushima prefecture based on geostatistical methods.
2 The nugget represents an estimate of the semi-variance or co-variance between observations collected 
at “zero lag distance apart.” The sill is an estimate of the total variance explained by the spatial structure 
analysis. The range is an estimate of the maximum distance at which point observations are spatially cor-
related.
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Our main findings are as follows. First, the changes in parameters that represent 
convenience in a way widen the price differences between the eastern and western 
regions of Tokyo. Such factors include the distance from the closest station, the 
access index, and the land area. Spatial polarization can be attributed to the differ-
ent effects of such factors, included in the hedonic land price functions explained in 
Sect. 3. In addition, the preference for brands has caused the official land prices in 
the southeast region to soar, a tendency that grows stronger every year. Second, the 
land price dispersion increases as the nugget and sill parameters of the variogram 
increase. The increase in spatial dispersion can also be explained by the increase 
in importance of the individual factors. Such individual factors may include haz-
ard map caution areas, crime, local noises, and sunshine conditions, which are not 
included in this study. These results suggest the possibility of stabilizing land price 
polarization by controlling the factors of land price functions.

This paper is structured as follows: In Sect. 2, we explain the urban structure of 
Tokyo, which is the subject of our research. In addition, the data used to estimate 
the land price models are explained in Sect. 2. We also provide information about 
the spatial inequality of land price distribution and the degree of spatial land price 
dispersion by plotting the average rate of changes in prices throughout the analysis 
period. In Sect. 3, the variograms in the spatial process models and universal kriging 
are explained. Investigating the transition of estimated model parameters provides 
information on the sources of the land price polarization and dispersion. In Sect. 4, 
the estimated land price models and spatial variograms are presented. In Sect.  5, 
summaries and discussions of this study are presented, and several future research 
topics are explained.

2  Urban structure of Tokyo and data

2.1  Urban structure of Tokyo

The urban structure of Tokyo has been studied in many fields from different per-
spectives. Since urban form significantly impacts urban sprawl and transportation, 
changes in the urban structure of Tokyo have garnered attention not only in the field 
of urban planning, but also in demography, transportation, environment, and eco-
nomics. See, for examples, Hatta and Ohkawara (1993), Sakai et al. (2016), Zheng 
(2007), Wang et al. (2018) and Zhou and Gao (2020). Bagan and Yamagata (2012) 
studied how Tokyo became the world’s largest megacity using remote sensing data 
and census data.

As a typical case of the world’s largest cities, chronic traffic jams and commuting 
hell have been a persistent feature of Tokyo since 1960s. Tokyo has a good transpor-
tation network, which connects the urban and suburban locations, and enables the 
city population to commute long distances (Nozawa and Higuchi 2001). Tokyo is 
the capital of Japan and the center of politics, economy, imperial family, and media; 
it is unlike other capitals that separate political functions from the economic zones 
like Canberra in Australia, Brasilia in Brazil, and Washington DC in the United 
States. Many companies have their headquarters concentrated in Tokyo because they 
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think that it is more advantageous for their business to be based in Tokyo where 
central ministries and agencies are situated. While the concentration in Tokyo is 
highly convenient, the problem of over concentration in metropolitan Tokyo has 
been pointed out by several studies over concerns to maintain sustainability in the 
region. Decentralization, as stated in the monograph of Hein and Pelletier (2006) 
and Mochida (2008), is one a key governmental policy that has been emphasized for 
reducing the concentration within the metropolitan Tokyo area. The expansion of 
Tokyo as a city was not due to administrative control, but rather due to the economic 
activities of the private sector accompanying the overconcentration of Tokyo. Sev-
eral urban policies have been implemented, but population concentration surpasses 
all the regulations (Omura 2010).

Tokyo metropolitan area is divided into three parts: central Tokyo, suburbs along 
railways, and suburbs distant from railways. Each area has a role with its own spe-
cial characteristics along with railway line and stations. Tokyo’s 23 wards are con-
sidered as central Tokyo. The study of the development of the urban fringe of Tokyo 
metropolitan area has attracted great attention, since the sustainable rural systems 
are key concepts of urban development and new perspectives, such as curbing the 
extensional expansion of urban areas and the need for compact urban development 
(Li and Monzur 2018; Kikuchi 2008; Yokohari et al. 1994).

A large volume of studies exist on Tokyo’s urban structure and planning; how-
ever, studies on spatial and temporal land price distributions in Tokyo are few. This 
research tends to analyze the spatial structure of Tokyo land prices with its tempo-
ral variation. The next subsection describes the study area and data used for this 
research. The findings provide helpful suggestions for the planning of sustainable 
urban form and development of Tokyo.

2.2  The data

Despite the existence of transaction data on housing markets, we focus on the esti-
mation of a spatial hedonic land price function. The reason behind this is as fol-
lows. First, the official land prices provided by the Ministry of Land, Infrastructure, 
Transport and Tourism (MLIT) are open to the public and known to be a reliable 
long-term statistics database. Acquiring such high-quality transaction data on the 
housing market is difficult and of limited use. Second, land prices are the primary 
driving force of housing prices and constitute the real estate property of an agent. 
Third, determining the factors for land prices can provide useful information on fun-
damental differences among regions, which are considered to be the sources of price 
polarization and dispersion. Finally, since transactions of housing markets are highly 
heterogeneous, transaction prices may have sampling bias as discussed in Gatzlaff 
and Haurin (1998) and Fisher et al. (2003). By conducting year-on-year analyses of 
official land prices, it is possible to figure out how the land price polarization and 
dispersion progress in Tokyo.

We use the “official land prices” published annually by MLIT, which are the most 
commonly used indicators of land prices in Japan. Its main purpose is to provide a 
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price index for transactions of general land and give the standard acquisition price of 
public utility land, regularized by the national land utilization law.

The official land prices are based on a fixed-point observation. However, because 
the survey points are changed every year (with some addition and removal), it is dif-
ficult to monitor the land price of the same point over a long period. It has also been 
pointed out that land transactions are both locally and spatially distributed, and mar-
ket participants do not always provide information on the land they are interested in. 
For this reason, constructing and implementing statistical models that are reflected 
in spatio-temporal relationships is important for analyzing the spatial patterns of 
data. In this study, we shed light on changes in geographical and environmental fac-
tors in the estimated land price function using the official land prices in Tokyo.

The 2021 official land prices were obtained from a total of 26,000 sample points 
distributed across all 47 prefectures of Japan. Of this total, 20,559 points were 
located in urban areas, 1381 points in urbanization control areas, 4042 points in 
other city planning areas, and 18 points in areas outside the city planning areas. Of 
the 2602 points in Tokyo, 1542 points were in residential areas, which are the focus 
of this study, excluding the Tokyo Islands. We used a total of 43,537 points in the 
Tokyo residential areas from 25 years between 1997 and 2021.

To consider the influence of the bubble economy period and the years after its 
collapse, we used the official land prices of residential areas on January 1st of every 
year between 1997 and 2021 to perform spatial statistical analysis of the residuals 
of the land prices model. The explanatory variables were selected as follows: the 
access index of the target points, the distance to the closest major station, front road 
width, floor area ratio, and acreage (land area) of the target area. In addition, the 
presence or absence of gas and sewerage facilities were added as dummy variables. 
To estimate the land price model, all variables, except for the floor-area ratio and 
dummy variables, were transformed to logarithmic values. Table 1 summarizes a list 
of explanatory variables and their overview.

Table 2 shows the summary statistics of the access index (min), distance from the 
closest station (m), front road width (m), and land area 

(
m

2
)
 as of 2021. The access 

index represents the convenience of access to the closest station. For this variable, 
we used the average travel time from the station closest to the six major stations, 
Shinjuku, Ikebukuro, Tokyo, Shibuya, Ueno, and Shinagawa. Data on the distance 
from station, front road width, and land area were obtained from official land price 
announcements published by the MLIT. As shown in Table 2, the average time from 
Tokyo to each terminal station was 43 min, the average distance from the closest 
station was 1060 m, the average front road width was 6.0 m, and the average land 
area was 211 m2 . In addition, the skew to the right distributions of the distance from 
the closest station, front road width, and land area was observed with several large 
outliers.

Figure  1 shows the average annual income by Tokyo municipality. Using the 
“Basic Survey on Wage Structure” released by the Ministry of Health, Labor and 
Welfare, the annual income (tax excluded) for each municipality in Tokyo in 2020 
was calculated. The land price and the average annual income are highly correlated 
when compared with the distinction. These findings are consistent with various stud-
ies including Tiwari (2000), Sutton (2002) and Chen et al. (2007). The high average 
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annual income of the eastern part of Tama, which is adjacent to the central part of 
the 23 wards, is also reflected to the corresponding high land prices.

Dummy variables used in this study include the south-headed, driveway, gas 
equipment, sewerage, low-rise residence, residential/quasi-residential, quasi-fire 

Table 1  List of variables and their overviews

Overview
Dependent variable official land price (yen/m2) Official land price data for residential areas between 

1997 and 2021

Explanatory variable
1. Access index (min) Average commute time from the closest station to six 

major stations of Tokyo by the average number of 
users

2. Distance from station (m) Distance from the closest station
3. Front road width ( m) In case of two or more roads, the widest ones were 

adopted
4. Land area ( m2)
5. Average annual income (yen) Average annual income by municipality, divide by 1000
6. South-headed dummy Front road is located southeast, south or southwest 1, 

other directions 0
7. Driveway dummy Front road is a driveway 1, if not 0
8. Gus equipment dummy Present 0, Absent 1
9. Sewerage dummy Present 0, Absent 1
10. Low-rise residence dummy Low-rise exclusive residential districts of categories 1 

or 2 are set at 1, others 0
11. Residential/Quasi-residential dummy Residential/quasi-residential districts of categories 1 or 

2 are set at 1, others 0
12. Quasi-fire prevention dummy Quasi-fire prevention districts 1, others 0
13. Fire prevention dummy Fire prevention districts 1, others 0

Table 2  Summary statistics for access index, distance from the closest station, front road width, and land 
area in 2021

Access index Distance from station Front road width Land area

Sample size 1542 1542 1542 1542
Average 42.556 1063.184 6.038 211.427
Standard error 0.4575 24.081 0.09200 8.533
Median 39.833 800 5.4 154
Mode 61.067 1200 6 165
Standard deviation 17.964 945.612 3.613 335.089
Kurtosis − 0.5088 14.596 13.051 167.101
Skewness 0.4179 3.208 22.697 10.707
Max 106.966 8400 40 7320
Min 8.526 100 2 47
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prevention, and fire prevention. These data were obtained from the information 
published along with the official land price data released by the MLIT. If the 
regression coefficient of the “South-Headed Dummy” is positive, then good sun 
exposure increases land prices. For the “Driveway Dummy,” if the front road is 
a driveway, then the relationship between land prices in the different regions is 
complicated; hence, if the regression coefficient is negative, land prices reduce. 
For the “Gas Equipment Dummy” and “Sewerage Dummy,” if their regression 
coefficient is negative, it means that the respective area requires infrastructure 
development; therefore, the land prices drop. The “Low-Rise Residence Dummy” 
represents the low-rise exclusive residential districts of categories 1 or 2, a com-
mon designation in the so-called “upscale residential areas.” Therefore, if the 
regression coefficient for the low-rise residence dummy variable is positive, the 
respective area is considered to have higher land prices than other use districts. 
The “Residential/Quasi-Residential Dummy” is designated near stations and 
along large roads, representing residential and quasi-residential districts of cat-
egories 1 or 2. The building coverage ratio and floor area ratio are set higher than 
those in other use districts, and the range of building use is wide. Therefore, if 
the regression coefficient for the Residential/Quasi-Residential Dummy variable 
is positive, the land price is judged to be higher than in other regions because of 
the preference for convenient transportation and commercial use.

The “Use district dummy” was based on the medium-to-high rise exclusive 
residential districts of categories 1 or 2. The “Quasi-Fire Prevention Dummy” 
and “Fire Prevention Dummy” represent quasi-fire prevention districts and fire 
prevention districts, respectively, where building restrictions such as fireproof 
building and quasi-fireproof building are applied, which normally increase the 
construction costs. However, at the same time, because it improves safety, the 
land price of the corresponding region is not necessarily low. If the regression 
coefficient for “Quasi-Fire Prevention Dummy” and “Fire Prevention Dummy” 
variables is positive, it is concluded that the land prices are high due to safety 

Fig. 1  Average annual income by Tokyo municipality in 2020
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restrictions; if it is negative, the land prices are considered low because of the 
decision to avoid increases in construction costs.

Figure 2 plots the transition of the average standard/benchmark land prices in 
all use districts in Tokyo over 39 years, between 1983 and 2021. During the bub-
ble economy between 1986 and 1991, the real estate prices rose rapidly, but they 
dropped sharply when the bubble burst. Although the prices rose momentarily 
from 2006 to 2008, they entered a downward trend again due to the 2008 financial 
crisis. More recently, the prices have sustained a gradual upward trend for seven 
consecutive years, about two years ahead of the national land price average. The 
average land price of 2021 fell for the first time in eight years due to the corona-
virus outbreak.

Fig. 2  Time series plots for average land prices from 1983 to 2021

Fig. 3  Time series plots of numbers of survey sites from 1997 to 2021
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Figure 3 shows the transition of the number of survey sites in residential areas 
in Tokyo5 (excluding the Tokyo Islands) between 1997 and 20213. Survey sites are 
examined and changed every year, and those deemed ineligible are replaced. The 
abnormal price fluctuation during the bubble economy until its collapse taught the 
importance of identifying land price trends in more detail; as a result, the number 
of survey sites in the mid-1990s almost doubled compared to that in the 1980s. It 
stayed close to 2000 sites until around 2005, but it has been gradually decreasing 
due to the reducing number of real estate appraisers. In 2014, it dropped by more 
than 20% from the previous year. However, in the 2016 Official Land Prices, the 
number of survey sites reached the level before 2013 and has been hovering at about 
1500 sites in recent years.

Figure 4 is a spatial distribution of the official land prices in Tokyo residential 
areas in 2021. The number of official survey sites was 1542, and the price per square 
meter varied from 41,500 yen to up to 12,800,000 yen. The official land prices 
are higher near the center of the 23 wards, at the center of the city, and decrease 
concentrically outwards. However, the official land prices in the 23 wards are not 
necessarily higher than other areas, as some sites in the cities of Musashino and 
Mitaka (western Tokyo) are more expensive than those in Adachi, Katsushika, and 
Edogawa Wards in northeast Tokyo. The number of official points and their position 
are highly biased by region. The histogram of official land prices in Fig. 5 shows 
that the land price of some areas is very high, forming a right-skewed distribution.

To see how inequality changes in land price distribution in Tokyo, we plot 
a Lorenz curve for every six years after 2001 in Fig.  6. The Gini indexes are 
also shown in the figure. We can see that spatial inequality increases as time 

Fig. 4  Spatial distribution of Tokyo official land prices in 2021

3 Here, “residential districts” refer to seven types of districts: low-rise exclusive residential districts of 
categories 1 or 2, medium-to-high rise exclusive residential districts of categories 1 or 2, residential dis-
tricts of categories 1 or 2, and quasi-residential districts.
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progresses. It is noted that the Japanese Gini index after income redistribution is 
around 0.372 in 2017, which is similar to the value of the Tokyo land price dis-
tribution. Figure 7 shows the spatial distribution of the average rate of changes in 
land prices in Tokyo. As can be seen from this figure, the rate of changes in land 
prices appears in the clusters where central Tokyo remains high compared with 
other areas such as western Tokyo. We found that the land price dispersion occurs 
in regional clustering. Notice that the average official land price in the target area 
is 412,200 yen per square meter in 1997 and 432,900 yen in 2021, but the stand-
ard deviation was 182,900 yen in 1997 and 506,000 yen in 2021. These simple 

Fig. 5  Histogram of Tokyo official land prices in 2021

Fig. 6  Plots of Lorenz curve together with Gini indexes in Tokyo land prices for 2001, 2005, 2009, 2013, 
2017, 2021
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facts also indicate that spatial inequality and dispersion increased in Tokyo in the 
last two decades.

3  Methodology

In this section, we briefly describe the model and the method for parameter estima-
tion. The universal kriging approach used in this study is explained in detail in (Cres-
sie (1993), Chapter 3). There are several reasons why we chose the universal kriging 
approach. First, the method of kriging has been systematized, as in Cressie and Huang 
(1999). A method for extending it to spatio-temporal data is theoretically being estab-
lished. Further, according to Gneiting (2002), spatiotemporal kriging from an indivis-
ible spatiotemporal variogram takes into account the interaction between time series 
and space. The market value of land tends to have a series of correlation in both time 
and space directions. By modeling the covariance structure in spatial kriging, it is pos-
sible to make predictions with higher accuracy than the conventional method.

The logarithmic land price at discrete sites si (i = 1, 2,… , n) is denoted by Yt(si) for 
time t = 1, 2,… , T . It is assumed that official land prices can be expressed as the asset 
characteristics of these sites that are expressed as mt(si) = Xt(si)� t , and the error term. 
For the land price process, we consider a continuous spatial process {Yt(s) ∶ s ∈ D} , 
where D is the target region. With universal kriging, Yt(s) can be expressed as follows:

Assuming first- and second-order spatial stationarity on the residual of universal 
kriging ut(si) and distance ‖h‖ from si , the spatial variogram is defined as follows:

Yt(s) = Xt(s)� t + ut(s).

2�t(h) = Var
[
ut(si + h) − ut(si)

]
.

Fig. 7  Spatial distribution of the average of the rate of changes in Tokyo land prices



819

1 3

Asia-Pacific Journal of Regional Science (2022) 6:807–835 

Here, we assume the first- and second-order intrinsic stationarity for the difference 
between two arbitrary sites, that is,

We also assume that the residual process ut(s) is independent of the time points, that 
is,

If we assume the second-order stationarity of the residuals for spatial processes, 
then the covariance function is defined as:

The relationship between the spatial variogram and covariance function is expressed 
as �t(h) = Ct(0) − Ct(h) . We call �t(h) a semi-variogram.

There have been various proposals for theoretical models of spatial variograms 
and corresponding covariance functions. The shape of a spatial variogram is 
determined by three parameters: nugget, sill, and range. The nugget is the semi-
variance when the distance between points is close to 0 , the sill represents the 
variance of a spatial process, and the value obtained by subtracting the nugget 
from the sill is called the partial sill. The range is the minimum h for the correla-
tion between ut(si) and ut

(
si + h

)
 is 0.

In this study, the following spherical model was adopted as the theoretical var-
iogram model:

where �2
t
 is a nugget, �2

t
 is a partial sill, �2

t
+ �2

t
 is a sill, and 1∕�t is the range.

Assuming that the isotropy assumption holds in the spatial process, the empiri-
cal semi-variance in interval hr , �∗t (hr) , is given by

where Nr is a set of sample pairs satisfying ‖si − sj‖ ≈ hr , and #Nr is the number of 
sample pairs satisfying ‖si − sj‖ ≈ hr . �∗t,i,j measures the dissimilarity between sites si 
and sj . To estimate the empirical variogram using the observed data, we use the 
Cressie-Hawkins robust estimator (Cressie and Hawkins 1980):

E
[
ut
(
si + h

)
− ut

(
si

)]
= 0.

Cov
[
us
(
si

)
, ut

(
si + h

)]
= 0, ∀si,

h ∈ D, for t ≠ s.

Ct(h) = Cov
[
ut
(
si

)
, ut

(
si + h

)]
= E

[{
Yt
(
si

)
− mt

(
si

)}
{
Yt
(
si + h

)
− mt

(
si + h

)}]
, ∀si, h ∈ D,

𝛾t(h) =

⎧
⎪
⎨
⎪
⎩

𝜏2
t
+ 𝜎2

t

�
if ‖h‖ > 1∕𝜙t

�
,
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which is found to be robust to the outliers.
By plotting the dissimilarity as a function of distance h, we obtained a variogram 

cloud. Figures 8 and 9 show the variogram cloud and the empirical variogram of the 

𝛾∗
t
(hr) =

1

2

{
1

#Nr

∑

(i,j)∈Nr

√
|||ût(si) − ût(sj)

|||

}4

0.475 +
0.494

#Nr

,

Fig. 8  Variogram cloud of logarithmic Tokyo Official Land Prices in 2021

Fig. 9  Plots of the empirical variogram in 2021
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regression residuals of the 2021 official land price data. In Fig. 8, since the semi-
variance in the vertical axis indicates the measures of dispersion of all observational 
points and the horizontal one represents corresponding distances, we see that spatial 
dispersion exists in a certain amount. This dispersion can be measured by the vari-
ogram parameters as the nugget, sill, and range. From Fig. 9, we see that the larger 
the semi-variance value, the larger the dissimilarity between the observation points. 
From the variogram cloud, we can see that as the distance between the observation 
points increases, the semi-variance also increases, and its variation has a non-linear 
relationship with the distance. In addition, the empirical variogram shows that as the 
distance increases, the dissimilarity of the observed values converges to a constant 
value.

The vector of the parameters of the theoretical variogram is denoted by 
�t =

(
�t, �t,�t

)�

 , and the parameters of the theoretical variogram are estimated using 
the nonlinear weighted OLS method introduced by Cressie (1985). Here, the theo-
retical and empirical variograms are expressed as �t and �∗

t
 , respectively.

Here the inverse variance weighting is applied with the following approximation:

To estimate the regression coefficients and variogram parameters in universal krig-
ing, we used the iterative method known as iterative re-weighted generalized least 
squares (IRWGLS), which was introduced by Schabenberger and Gotway (2005).

4  Spatial variogram estimation and its transition

In this section, we investigate the land price model using the official land prices in 
Tokyo. Since the official land prices of residential areas in Tokyo vary drastically 
according to the survey sites and the covariance structure of the residuals of the 
land price model has regional characteristics, the assumption of second-order spatial 
stationarity does not hold for all regions. For this reason, we apply a cluster analysis 
that divides the data into four regions using a hierarchical clustering method with 
Ward’s linkage. For this, we calculate the distances between municipalities by using 
the average and variance of the land prices of each municipality. In this study, only 
the mean and variance of land prices were used for clustering. There is no relation-
ship between clustering and the economic trends of municipalities.

Figures 10 and 11 show a dendrogram of the hierarchical clustering analysis and 
the map of the resulting four clusters in Tokyo, respectively. The town of Okutama 
and the village of Hinohara (the areas located West and municipality names are 
missing). They were excluded because the official land prices of their residential 
areas had not been evaluated in the analysis period. The southeast is a region that 
includes Chiyoda, Minato, and Chuo Wards, the so-called heart of the capital that 

�̂t,NWLS
= argmin�t

R∑

r=1

[
Var{𝛾∗

t
(hr)}

]−1[
𝛾∗
t
(hr) − 𝛾t

(
hr|�t

)]2
.

Var{�∗
t
(hr)} ≈ 2�t

(
hr|�t

)2
∕#Nr.
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concentrates government offices, commerce, and head office of large corporations, as 
well as the “Jonan district,” which contains popular high-class residential areas such 
as Shinagawa, Meguro, and Ota Wards. The northeast is a region that includes the 
eastern part of the 23 wards like Shinjuku, Toshima, and Bunkyo Wards, which still 
preserve the atmosphere of a “sub-center” and “downtown” aimed at decentralizing 
central functions, as well as the cities of Musashino and Mitaka, which, despite not 
being included in the 23 wards, are among the most desired cities to live in accord-
ing to recent surveys. The regional transportation in the southwest, which includes 
the Minamitama (South Tama area) and the southern Kitatama (South part of North 
Tama area), became remarkably more convenient with the recent urban redevelop-
ment. Hachioji has the largest population among all municipalities in Tokyo, and the 
city of Tama has a remarkable population increase rate. The northwest includes the 

Fig. 10  Dendrogram of the Tokyo Municipalities

Fig. 11  Spatial clustering of the Tokyo Municipalities dividing into four regions
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Nishitama area and northern Kitatama area, and the plains and hills are developing 
into Tokyo’s commuter towns. It is an area that features rare landscapes in Tokyo, 
such as fields, hills, and mountains.

To detect a global trend in the four regions, we chose five explanatory variables—
access index, distance from the closest station, front road width, land area, and aver-
age annual income—at five different times, i.e., six and twelve years before and 
after the 2008 financial crisis (1997, 2003, 2009, 2015, and 2021). We performed 
the Kruskal-Wallis H test on all these years. As a result, for the access index and 
front road width, the null hypothesis that the median of all five-time points is the 
same cannot be rejected in any of the four regions with a significance level of 5%. 
In the distance to the closest station, a significantly negative trend was observed in 
the northeast area. Presumably, this is due to the extension of railroad lines and con-
struction of new ones, such as the Fukutoshin Line (No. 13, opened in 2008), as well 
as changes in official price areas targeting standard land. In the floor area ratio, the 
null hypothesis could not be rejected in the southeast and northeast, but a positive 
trend was observed in the southwest and northwest. This may be due to changes in 
land regulations due to the development of the “Tama Site Development Basic Plan” 
and the replacement of the standard area that followed. In the land area, a negative 
trend was verified in the northeast and southwest regions. This is also attributed to 
changes in land price data caused by changes in the definition of standard land over 
time.

Table  3 shows the OLS estimates of 2021 land prices. Recall that the OLS 
methods constitute the global model that has non-spatial structures. The numbers 
in parentheses are the standard error. Some regions do not have Gas Equipment 
Dummy or Sewerage Dummy parameters because those facilities had already been 
built in the entire official target area before 2021, while others do not have the Fire 
Prevention Dummy because no fire prevention district was selected as a target area 
for the official land prices of that year. The characteristics of each region become 
clear when the respective estimated coefficients are compared to those of Tokyo as a 
whole. It is possible to identify that the larger regional differences in the parameters 
of access index, land area, residential/quasi-residential dummy, and quasi-fire pre-
vention dummy exist. The access index coefficient shows that the official land prices 
in the west have a greater negative impact than those in the east. As for the land 
area coefficient, the fact that the southeast and northeast have positive coefficients 
indicates that there is no volume discount effect. Also, the residential/quasi-residen-
tial dummy coefficient is negative in the northeast and southwest. This implies that 
commercial elements do not negatively affect housing preferences in the area. The 
quasi-fire prevention dummy coefficient has a significant negative impact at 5% level 
in the northeast and a significant positive impact at 5% level in the southwest. From 
this, it can be inferred that in the northeast, the negative impact of the increase in 
construction costs caused the official land prices to increase; in the southwest, it was 
caused by security and safety. This shows that the factors that determine the official 
land prices are not too different from our intuitive understandings.

Table 4 summarizes the 2021 land prices estimated parameters using the IRW-
GLS method. Compared to the results of the non-spatial model, the absolute val-
ues of the spatial process model estimates are smaller, and the standard error is 
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larger. Compared to Table 3, the estimated coefficient of the low-rise residence 
dummy in the northeast is no longer significantly negative at the 5% level. In 
the northwest, the Residential/quasi-residential dummy becomes positive, and the 
difference with the official land prices of low-rise exclusive residential districts 
decreases. In the northwest, the estimated coefficient for the Land Area is smaller 
than that of the other area. This shows that there is the volume discount effect in 
the northwest area. Most of the signs of the other coefficients match those of the 
OLS. Following previous studies, we adopted a spatial variogram with a spheri-
cal model and estimated the covariance structure with a valid distance of 6.67 
km in the southeast, 5.56 km in the northeast, and 8.89 km in the southwest and 
northwest.

To see the time-series transition of the estimated coefficients, we provide the 
following figures and tables. Figure 12 shows the annual changes in the regression 
coefficients of the access index, distance from the closest station, land area, low-
rise residence dummy, residential/quasi-residential dummy, and quasi-fire preven-
tion/fire prevention dummy of the estimated spatial process model. In Table 5, the 
test results of the null hypothesis of the zero slopes in the linear regression for 

Fig. 12  Transition of the regression coefficients
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these variables with the explanatory variable time t are summarized. In this table, 
the “90% lower bound” and the “90% upper bound” represent the lower and upper 
bounds of the 90% confidence interval.

The transition of the coefficients of the access index can be divided into eastern 
and western Tokyo. That is, in the southeast and northeast, the coefficient remained 
mostly stable with a small negative value throughout the analysis period; however, 
in the southwest and northwest, it followed a downward trend. These results indicate 
that in the western part of Tokyo, the longer time required to access the city center 
has a stronger negative impact on official land prices every year, and the gap with 
the eastern part of Tokyo is widening. It can be seen that the coefficient of distance 
from the closest station is negative in all regions throughout the analysis period, and 
the three regions other than the central part (southeast) have negatively smaller val-
ues than the southeast. In addition, the further an area is from the central area and 

Table 5  Test statistics and its p-values for the null hypothesis of no slope in the linear regression with 
time trend for access index, distance from station, residence dummy, residential/quasi-residential dummy, 
and quasi fire/fire prevention dummy

Explanatory variable Tokyo Region Estimates p-value 90% L. B. 90% U. B.

Access Index Southeast − 0.0038 0.0003 − 0.0053 − 0.0025

Northeast − 0.0071 0.0000 − 0.0086 − 0.0062

Southwest − 0.0265 0.0000 − 0.0266 − 0.0245

Northwest − 0.0305 0.0000 − 0.0325 − 0.0281

Distance from Southeast − 0.0029 0.0000 − 0.0036 − 0.0019

Station Northeast − 0.0033 0.0000 − 0.0038 − 0.0030

Southwest − 0.0039 0.0000 − 0.0041 − 0.0039

Northwest − 0.0058 0.0000 − 0.0062 − 0.0053

Land Area Southeast 0.0035 0.0000 0.0029 0.0040
Northeast 0.0002 0.4378 − 0.0002 0.0005
Southwest 0.0005 0.2209 − 0.0002 0.0011
Northwest − 0.0029 0.0000 − 0.0034 − 0.0030

Low-rise Southeast 0.0021 0.0010 0.0016 0.0027
Residential Dummy Northeast 0.0011 0.0108 0.0003 0.0018

Southwest 0.0027 0.0021 0.0020 0.0032
Northwest 0.0000 0.9764 − 0.0006 0.0006

Residential/ Southeast 0.0008 0.0588 − 0.0001 0.0016
Quasi-residential Northeast − 0.0002 0.0263 −0.0004 -  0.0001
Dummy Southwest 0.0024 0.0000 0.0017 0.0027

Northwest 0.0005 0.2456 − 0.0002 0.0014
Quasi-fire/ Southeast 0.0003 0.5540 − 0.0009 0.0015
Prevention Northeast − 0.0028 0.0000 − 0.0035 − 0.0025

Dummy Southwest 0.0013 0.0000 0.0011 0.0014
Northwest 0.0004 0.1837 − 0.0001 0.0008

Fire Prevention Southwest 0.0080 0.0000 0.0057 0.0105
Dummy Northeast − 0.0046 0.0000 − 0.0059 − 0.0040
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the closest station, the lower the land prices tend to be, and the impact of this coef-
ficient increases every year.

The estimated land area coefficient was positive in eastern Tokyo. This indi-
cates that there is no volume discount effect, and the larger the land area, the more 
expensive it is. This trend is stronger in the southeast than in other regions, and it 
increases even further over time, which represents the increasing brand power of 
certain regions. In contrast, a volume discount effect can be seen in the northwest 
in the latter half of the analysis period, and it increases gradually. The low-rise resi-
dence dummy coefficient shows a positive in the southeast. There is a strong ten-
dency to emphasize the living environment throughout the research period. On the 
other hand, as for the residential/quasi-reciprocal dummy coefficient, the southeast 
has a negative value, as regions with strong commercial elements have lower official 
land prices than other use districts. In contrast, a positive trend can be seen in the 
southwest, where there is a growing tendency to emphasize convenience and com-
mercial elements. This result can likely be attributed to recent land redevelopment 
and improvement plans in the Tama area.

Regarding the coefficient of the quasi-fire/fire prevention dummy, the southeast 
has a negative coefficient and lower prices than other restricted regions. This sug-
gests that this area avoids increases in construction costs due to restrictions, but their 
impact has been decreasing recently. In addition, a positive trend can be seen in the 
coefficient of the quasi-fire prevention dummy of the southwest, where, contrary to 
the southeast, higher levels of safety and security due to restrictions tend to push 
the official land prices up. It can be seen that, in the first half of the analysis, the 
fire prevention districts in the southeast lower the official land prices sharply, but 
that impact lowers in the latter half, and it is almost non-existent in recent years. 
Moreover, it is possible to see that the other coefficients in the southwest other than 
the quasi-fire prevention dummy also affect the official land prices less and less over 
the years.

In panel (d) of Fig.  12, there is a discontinuity in the regression coefficient of 
the low-rise residence dummy (except in the northwest) of 2014 and 2015, and the 
same in the regression coefficients of the residential/quasi-residential dummy and 
fire prevention dummy of the southeast in panels (e) and (f). Presumably, this is the 
effect of a decrease in the number of official target points in 2014 and an increase 

Table 6  Estimated variogram parameters with sum of squared errors of land price model in 2021

Southeast Northeast Southwest Northwest

Estimates for spatial variogram
Nugget 0.0206 0.0063 0.0077 0.0047
Partial sill 198.2442 0.0360 0.0377 0.0165
Range (km) 51,190 16.47 5.39 4.88
Mean of squared residuals
Non-spatial model: MSE 0.0376 0.0197 0.0438 0.0268
Spatial model: MSE 0.0272 0.0084 0.0149 0.0095
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in 2016. Following the changes in the official land price target areas, there was a 
jump in the ratio of the number of points in low-rise exclusive residential districts 
and residential/quasi-residential districts in the southeast. We can see sudden jumps 
in the regression coefficients of the distance from the closest station, the low-rise 
residence dummy, the residential/quasi-residential dummy, and the fire prevention 
dummy of the southwest. This is because the addition of extremely high price site of 
12,800,000 yen per 1 m2 for the land price announcement in 2020 and 2021.

Table  6 shows the spatial variogram estimates for each of the four regions in 
2021 together with the mean of squared error (MSE) of the non-spatial and spatial 
process models. The range and partial sill values of the southeast are huge. This 
is because the spatial variogram approached a linear relationship within the valid 
distance, and the linear part in the spherical model with a small distance difference 
was fitted to the empirical variogram. Considering that the larger the ratio of sill and 
nugget effect, or the range, the stronger the spatial correlation of the random fields, 
it becomes clear that the residuals of the spatial process model of eastern Tokyo 
have a stronger spatial correlation than the west side. The nugget of the southwest 
is larger than that of the northeast, which are more than half of 23 wards, where the 
official land prices are relatively high. Moreover, the MSE of the land price models 
shows that the MSE of the spatial process model was reduced to about 1/2 to 1/3 of 
the MSE of the non-spatial model.

Figure 13 shows the variation of the estimated spatial variogram of each region 
in five different years. Like before, to provide better visualization of the annual 
changes, we chose the year 2009 (owing to the financial crisis of 2008) and six 
and twelve years before and after it (i.e., 1997, 2003, 2009, 2015, and 2021). The 
linear parts show that when the change rate increases, the degree of attenuation of 
the covariance function also increases. Furthermore, increases in the variogram 
sill represent increases in the variance of the spatial process of the residuals. In the 

Fig. 13  Changes in the variograms for four regions
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southeastern part, the decrease in sill after the financial crisis was remarkable, and 
it can be seen that it has recovered to the level of 1997 in recent years. In the south-
west, we can see that the shape of the variogram has remained unchanged since the 
financial crisis. In contrast, in western Tokyo, we can see that the number of sills 
continues to increase. As for the parameters of the variograms in 2021, we can see 
a decrease in variogram sill in the east, whereas it increases in other regions. This 
indicates that the negative impact on the land prices of the coronavirus outbreak is 
limited for the east area of Tokyo.

Figure 14 shows the value of the nugget effect of the regression residuals of the 
spatial process model in Tokyo. Also, Table 7 shows the test result of the rate of 
change of the linear regression of the nugget. The nuggets of the four regions in 
Tokyo show a downward trend in the southeast and an overall upward trend in the 
other regions. As the nugget indicates a local variation of the residuals between 
two observation points of the land price model, it is empirically known that real 
estate has strong individuality, and the rise in the nugget indicates that the individual 
factors of the neighboring land relative to the land prices are becoming stronger, 
which cannot be explained by the land price model of this analysis. In this context, 
individual factors include alert areas in hazard maps, the presence of crime, local 
noises, daylight conditions, and the location of garbage collection points; however, 
the effect of these variables on land prices is a topic for future research. During the 
analysis period, the individual factors of neighboring land became stronger in the 
three regions, except for the southeast, where they became weaker. Regarding the 
trends in each region, in the early downturn phase of official land prices, the nugget 

Fig. 14  Nugget effect

Table 7  Test statistics and its 
p-values for the null hypothesis 
of no slope in the linear 
regression with time trend for 
nugget

Tokyo region estimates p-value 90% L. B. 90%U. B.

Southeast 0.0003 0.0431 0.0001 0.0006
Northeast 0.0001 0.0000 0.0001 0.0001
Southwest 0.0002 0.0000 0.0002 0.0003
Northwest 0.0002 0.0000 0.0002 0.0002
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is also in a downward trend in all four regions; however, it switched to an uptrend in 
all regions except the southeast. In addition, the southeast has been on a downward 
trend regardless of the 2008 financial crisis, but the three other regions do not show 
a downward trend, not even in the downturn phase of prices that followed. As stated 
earlier, we can see a jump in the nugget of the southeast from 2018 to 2020 due to 
the additions of the extremely high land prices of 32,300,000 yen per 1 m2 in 2019 
and 12,800,000 yen per 1 m2 in 2020.

In the sub-central area of Shinjuku and Ikebukuro and the northeast of cities such 
as Musashino and Mitaka, the negative impact of the regression coefficients of the 
Distance from the Closest Station and the impact of individual factors of neighbor-
ing lands on the official land prices are becoming stronger. In the southwest, which 
includes the cities of Fuchu, Kokubunji, Tachikawa, and Hachioji, the regression 
coefficients of the Access Index and Distance from the Closest Station have a strong 
negative impact on the official land prices, but it is possible to see that this impact 
becomes even stronger as time progresses and that the living environment-focused 
low-rise exclusive residential districts and commerce/convenience-focused residen-
tial/quasi-residential districts tend to become more expensive.

In the northwest, which includes west Tokyo and the city of Ohme, the annual 
changes in the regression coefficients of the Access Index and Distance from the 
Closest Station are similar to those of the southwest, but the regression coefficient of 
the Distance from the closest station has a particularly strong negative impact on the 
official land prices, and it is possible to identify a volume discount effect by the land 
area in recent years.

In summary, the regression coefficient of the distance from the closest station in 
the southeast has the smallest negative impact on the official land prices among the 
four regions. Moreover, the factors that increase prices in low-rise exclusive resi-
dential districts are becoming weaker every year, and the regulations of quasi-fire/
fire prevention districts have also been affecting prices less every year. However, the 
preference for brands has caused the official land prices in the southeast to soar, a 
tendency that grows stronger every year. Furthermore, the effect of individual fac-
tors of neighboring lands, one of the factors that determine land prices, has also 
decreased. In the northeast, the negative impact of the regression coefficients of the 
distance to the closest station on the prices has been increasing since the 2008 finan-
cial crisis, as well as the impact of individual factors of neighboring lands. In the 
southwest, the negative impact of the regression coefficients of the access index and 
distance to the closest station on prices has been increasing. In addition, the official 
land prices of use districts other than medium-to-high-rise exclusive residential dis-
tricts tend to be higher. This is a characteristic that is not observed in other regions 
and is also becoming stronger every year. The fact that quasi-fire prevention regula-
tions elevate official land prices more strongly every year is also characteristic. The 
strength of the spatial correlation of residuals showed a remarkable uptrend until 
the 2008 financial crisis, but after that, it switched to a downtrend as the individual 
factors of the neighboring land increased. In the northwest, the regression coeffi-
cients of the access index and distance to the closest station have a stronger negative 
impact on the official land prices than in the southwest. The impact of the coef-
ficient of the distance to the closest station, in particular, was the largest among the 
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four regions. It is the only region in which the volume discount effect can be identi-
fied after the 2008 financial crisis. The strength of spatial correlation and the impact 
of individual factors of the neighboring land have shown a trend similar to that of 
the southwest. Lastly, regarding the impact of the coronavirus outbreak on the 2021 
Tokyo land prices, we can see the decline of the land price, which was similar to 
the case with 2008 financial crisis, whereas there were little changes in the determi-
nants of land functions. The structural change of the spatial variogram could not be 
confirmed except in the southeast of Tokyo. In the southeast, the attenuation of the 
spatial correlation of the regression residuals was confirmed.

The variation of a local population according to the level of convenience in the 
area is considered one of the reasons for land price polarization. According to the 
“Reference Material on Official Land Prices” published by the MLIT in 2012, there 
is a very strong positive correlation between population density in the 47 prefectures 
in the country and the average official land prices of residential areas, with a cor-
relation coefficient of 0.8950. In addition, Saita et  al. (2016) states that since the 
collapse of the bubble economy, there is a positive correlation between the working-
age population ratio and land prices, and a negative correlation between the elderly 
population ratio and land prices. In this study, we calculated the daytime population 
density of municipalities that contain official target sites and found that there is a 
very strong positive correlation, with a coefficient of 0.7824, between the official 
land prices after logarithmic conversion and population density. The first time that 
the previously mentioned land policies in post-bubble Japan mention population 
decline (which started in 2008) was in the “Mid-to-Long Term Vision of Land Poli-
cies” in 2009, but it was limited to a broad confirmation of the current situation in 
the entire of Japan, and it did not get to the point of addressing the polarization of 
land prices. From a different perspective, the concentration of population in urban 
areas and the depopulation of rural areas have been serious issues in Japan since the 
late 1960s. Since the Great East Japan Earthquake of 2011, a population policy that 
proposes shifting governmental functions away from Tokyo has once again gained 
momentum following the reawakening about the disadvantages of concentrating all 
of them in the capital. It is also noted that the suburban areas began to face chal-
lenges caused by the aging of their residents, and an increase in vacant housing may 
cause the rise in spatial polarization (Kubo 2020; Kubo and Yui 2020).

5  Conclusion

In the wake of the coronavirus outbreak, the official land prices in Tokyo in 2021 
have declined whereas other factors such as the determinants of the land functions 
and spatial structures of the regression residuals have been constant. However, it 
is still possible to confirm that the spatial correlation of the regression residuals in 
the southeast including the city center where the average land price is the highest is 
attenuated, and the influence of the coronavirus outbreak is likely to continue. It is 
quite possible to see that the impact is in transition. Future land price trends need to 
be monitored.
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This study investigates how spatial polarization forms and progresses in Tokyo 
by estimating year-on-year spatial land price models. The spatial dispersion 
intensifies through the fact that the southeast, which includes the city center and 
has historically high land prices, was the only one of the four regions whose nug-
gets showed a downward trend, whereas other regions showed an upward trend. 
As for the determinants of the land functions, access index together with low-
rise exclusive residential districts and medium-to-high-rise exclusive residential 
districts tend to be expensive, and the acreage also tends to be overpriced, which 
is in part is attributed to the preference of land brands in the southeast region, 
which are found to be the source of the spatial polarization.

Based on the transitions in the shape of the spatial variogram, the spatial vari-
ance in western Tokyo is gradually becoming larger. This does not influence the 
volatility of land prices in western Tokyo. In future, it seems feasible to promote 
urban planning that considers the balance with natural environment conservation, 
as well as land policies designed for the creation of new land brand power in 
areas other than the 23 wards.

The spatial correlation of residuals of the spatial model was strong before 
the 2008 financial crisis but has weakened ever since. The impact of individual 
factors on neighboring lands is increasing, which are considered to be the back-
ground of rising spatial dispersion. Based on the results, the land price trends in 
the southwest of Tokyo may serve as a reference for anti-polarization measures. 
It is an area with no significant difference between daytime and nighttime popula-
tion densities; and judging from the trend of regression coefficients of its spatial 
process model, there is segregation within use districts.

As a future research topic, it will be prudent to study how to assess the differ-
ence between official land prices and actual prices. In addition to the official land 
prices, the public evaluation of land prices involves the benchmark land price, 
roadside land price, and property tax valuation, but assessing the differences 
among these three is also a topic for future research. Moreover, it must be investi-
gated how land price differences are related to income differences or urban struc-
ture. These are future research topics. Occasionally, the MLIT or other related 
authorities publish the difference between the actual price and official land price 
as the rate of divergence, but the point where the transaction took place and the 
official target point are seldom the same; thus far, no quantitative relationship 
between the two prices has been found. Considering how strong the individual 
factors of land are, solving this problem will represent a significant contribution 
to the land price information system.
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