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Land cover matters to human 
well‑being
Chao Li & Shunsuke Managi*

People migrate from rural to urban areas. In the meantime, the benefits of staying in greener areas are 
also known. People’s preferences might be different by area that is composed of several land types. If 
so, the effect of particular land cover on human well-being is different spatially. The spatial analysis is 
required to formulate effective land-use policies. Here we show that urban land, water, and grassland 
are positively related to human well-being, whereas bare land is negatively associated in Japan. A 1 m2 
increase in the area of urban land per capita in a city is equivalent to an about 346 USD increase in the 
individual annual income of all the people in the city. Additionally, monetary values of areas of water, 
crops, and bare land per capita are 102, − 30, and − 268 USD/Capitam2 . Furthermore, the spatial 
context matters to the relationship between land cover and human well-being. This paper investigates 
the monetary values of several land types and their spatial variability, which provides insights to make 
better usage for land cover.

People migrate from rural to urban  areas1,2. In the meantime, the bene�ts of staying in greener areas are also 
 known3,4. �e areas where people locate are related to their preference of particular land  type5,6. People’s prefer-
ences might be di�erent by area that is composed of several land types. If so, the e�ect of particular land cover 
on human well-being is di�erent spatially. �e spatial analysis is required to formulate e�ective land-use policies. 
Almost 91.7% Japanese population live in cities in 2019, and the proportion will increase to roughly 94.7% by 
 20501,2. Japan still has an abundant natural environment, whose forest rate is 67.26%, even with so high urbaniza-
tion rate. Nevertheless, an increase in the urbanization rate does not mean that many more people would live in 
cities, although the population in cities is still expanding. For instance, the Japanese population is 126.9 million 
in 2019, while it will become 116.7 million in  20502. Land cover in Japan is  changing7,8, due to the decrease of 
the population from  20102 and  urbanization1, similar to counter-urbanization9. However, the impacts of the 
land cover change, especially the urban land cover, on human well-being in Japan are unclear in the terminal 
stage of urbanization. Besides, the impacts of the land cover changes on human well-being are spatially di�erent 
because of the scarcity value and the spatial contexts. To sum up, correct understanding of the impacts of land 
cover change in the process of urbanization is an essential issue to improve human well-being10,11, to formulate 
e�ective land-use  policies12,13.

�e indicators of human well-being are various in previous studies because the relationships between land 
cover and human well-being have been long  investigated10. Some studies take subjective well-being (SWB) as 
the direct indicator of human well-being14, including life  satisfaction15–17,  happiness18,19 and Cantril’s  ladder5,10,20. 
Other studies utilize mental  health3,21, self-reported  health22,  morbidity23,  poverty24, among others, as the indirect 
indicators. Among these indicators, life satisfaction is generally taken as the indicator of human well-being10. 
Accordingly, we choose life satisfaction as the SWB indicator in this study. Currently, the single dimension life 
satisfaction question is widely applied to evaluate overall human well-being. In this study, life satisfaction is a 
numerical score from 1 (completely dissatis�ed) to 5 (completely satis�ed), in response to the question: overall, 
how satis�ed are you with your life?

�e relationship between green space and SWB is the main direction to be analyzed because green space, or 
natural environment, is considered an essential factor to provide ecosystem  service25–27. Natural land cover is 
positively associated with human well-being18,28,29, because it provides more ecosystem  service30, such as reducing 
air  pollution17,31, relief of mental  stress32, among others. �e monetary value of green space is estimated accord-
ing to the relationship between green space and  SWB5,18,33. Compared with green space, only several studies 
take other land types into  account6,24,33. Abandoned land in cities is negatively related to SWB due to its adverse 
impacts on mental and physical  health33. Previous studies reveal that abandoned land, such as vacant land, can 
cause anxiety, stigma, among  others34. In the study regarding European Union, the urban land, road, and mine are 
also positively related to the SWB, similar to natural land  cover6, because such land types are the environments 
of daily human life. �e green space in di�erent land-use types is discussed in the Great Tokyo Area because 
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of scarcity  value5. Additionally, land cover changes, including built-up area, water and aquaculture, also have 
e�ects on poverty due to �ood risk, which is an indirect indicator of human well-being24. �ese previous studies 
indicate that the marginal willingness to pay (MWTP) should be higher when the natural land cover is  scarcer5,6. 
�erefore, the urban land would be desired when it is insu�cient compared with the population, although this 
expectation has been long ignored. In this study, we detect the relationships between SWB and ten types of land 
cover, including urban land, using life satisfaction as the indicator of SWB.

Furthermore, the relationship between land cover and human well-being with spatial contexts is not deeply 
analyzed. In order to illustrate spatial variability, di�erence-in-di�erences and grouped regressions by adminis-
trative regions are utilized in previous  studies6,29,35. �e di�erence-in-di�erences method uses location dummy 
variables of each  region4,35, while grouped regression method divides the total sample into several subsamples 
and regresses them  individually6. Nevertheless, these two methods assume the subsamples are spatially inde-
pendent, so they are not as much as spatial regression models to reduce spatial heterogeneity. To further solve 
the spatial heterogeneity, spatial models such as spatial autoregressive model (SAR), spatial error model (SEM), 
spatial lag of X model (SLX), and geographically weighted regression (GWR) are widely performed on other 
 topics36. Especially, GWR is typically a local model to solve the spatial  heterogeneity37, which is analog to group 
regression, dividing the total sample into several subsamples but by the spatial matrix on the basis of the distances 
among  regions38. �e relationship between land cover and SWB by the spatial context in Japan is illustrated by 
performing GWR in this article.

In addition, the previous studies mainly focus on the individual-level data to avoid ecological fallacy or to 
provide information for choosing living  environments4,33,35. For individuals, SWB is higher when there is more 
green space in people’s living environment. Some previous studies take bu�ers as the living environment with a 
certain distance, such as 1 km, 1.5 km among  others5,33, while others use the administrative regions as people’s 
living  environment3,21,32. In fact, the relationship between SWB and land cover, especially urban land, remains 
unclear at the city level, which is meaningful to policymakers. In this study, the relationship between SWB and 
land cover is spatially illustrated.

To estimate the monetary values of each land type, the life satisfaction approach (LSA) or SWB method is 
widely applied in previous  studies39–41. Income a�ects SWB, shown in empirical economic  analysis42,43. Land 
cover change in the living environment is associated with  SWB10,21. To o�set the e�ects of land cover changes, 
income would also alter, assuming no variation in human well-being. �e alteration of income is considered the 
monetary value of land cover  change44. In the light of the LSA and spatial analyses, the spatial distributions of 
the monetary values of land cover are demonstrated in this study.

Materials and methods
Materials. Human well-being data in Japan. Sub-prefecture-level average subjective well-being (SASWB) 
is applied as the dependent variable. �ere are 47 prefectures in Japan, and every prefecture has several cities or 
wards, called sub-prefecture regions, in this article. At �rst, we obtain the individual SWB data, which indicates 
human well-being10,14, in the surveys from 2015 to 2017. Over 300,000 people are sampled from all over Japan, 
and we receive roughly 247,105, 130,821, and 100,803 valid answer sheets in 2015, 2016, and 2017 respectively. 
�en, we use the postcodes to track the respondents’ addresses and ultimately to �nd which sub-prefecture 
regions the respondents belong to. Finally, we calculate the means of SWB and some other control variables of 
each sub-prefecture region.

In 1830 sub-prefecture regions, we receive fully completed questionnaires. However, we cannot put the cities 
and wards into regressions without at least 30 completed questionnaires, according to the smallest sample size of 
t-distribution. �erefore, 1234 sub-prefecture regions’ data are exploited in the analyses (Table S1: Data statistic 
summary, Fig. 1: SASWB Spatial Distribution).

We claim that the ethics review committee for Kyushu University, Japan approved all experimental protocols 
for the survey, and all methods are carried out according to the relevant guidelines and regulations. All survey 
methods were carried out following relevant guidelines and regulations. At the beginning of the survey, respond-
ents are informed about the survey’s aim and their rights to voluntarily participate. All respondents provided 
informed consent before response the questionnaire.

Land cover data. We employ the nationwide land cover dataset with 30 m resolution from the Japan Aerospace 
Exploration Agency (JAXA), which is generated through remote sensing data of Landsat-8 from 2014 to 2016 
(land cover dataset in detail: https:// www. eorc. jaxa. jp/ ALOS/ en/ lulc/ lulc_ index. htm). �is study focuses on the 
spatial heterogeneity of the relationship between human well-being and land cover. Given that the panel land 
cover dataset is unavailable during survey periods, the spatial models could also demonstrate the spatial variabil-
ity of the relationship. �e land cover dataset includes ten land cover categories, which are water, urban area, rice 
paddy, crops, grassland, deciduous broadleaf forest (DBF), deciduous needle forest (DNF), evergreen broadleaf 
forest (EBF), evergreen needle forest (ENF), and bare land.

Areas of 10 land types per capita of sub-prefecture regions are taken as the land cover variables in this study. 
Using the boundaries of each sub-prefecture region from the Japanese government, the sub-prefecture-level 
total areas of each land type are calculated. Areas of each land type per capita are the total areas divided by the 
population of the sub-prefecture regions in 2015. �e area per capita depicts both the composition and variety 
of land types in these cities, compared with total areas and percentages of land  types3,21.

Other control variable. Twenty-four other sub-prefecture-level variables are controlled in the analyses. In the 
survey, the frequency of feeling high levels of stress and the frequency of feeling low levels of stress are asked, 
and the respondents should select one choice from 5 (always) and 5 (never). Additionally, the ease of stress relief, 

https://www.eorc.jaxa.jp/ALOS/en/lulc/lulc_index.htm
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living environment comfort, living environment safety, community attachment, and self-reported health are 
investigated. Moreover, the respondents should also select one choice from 5 (the best feeling) to 1 (the worst 
feeling). Job, education background, and individual annual income are acquired in the survey. Moreover, the 
percentage of males, the percentage of the population from 45 to 64 years old, the percentage of the population 
over 65 years old, and the population density are controlled, provided by Japan government (Table S2: Data 
sources and detailed information of variables).

Methods. To deeply dig out the role of spatial heterogeneity on the relationship between SASWB and land 
cover, �ve regression models, including four global models and one local model, are applied in our study. �ey 
are ordinary least squares (OLS), SAR, SEM,  SLX45, and GWR,  respectively38,46. �e global models are OLS, SAR, 

Figure 1.  Sub-prefecture-level average SWB. (Figure is created by R 4.0.4, https:// cran.r- proje ct. org/ bin/ windo 
ws/ base/ old/4. 0.4/).

https://cran.r-project.org/bin/windows/base/old/4.0.4/
https://cran.r-project.org/bin/windows/base/old/4.0.4/
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SEM, and SLX, and the local model is GWR 36. �is study uses the simplest model, the OLS, at �rst. However, 
the OLS model strongly assumes that every observation is spatially independent, but the other four models 
accept the spatial dependency of the variables. �e SAR assumes the spatial dependency among the dependent 
variable. �e SEM assumes that the error terms or regions are spatially correlated. �e SLX assumes a speci�c 
region’s SASWB is associated with its neighbors’ independent variables. All of these assumptions might exist but 
be ignored by the OLS. Additionally, the residuals of the OLS might be spatially clustered rather than randomly 
distributed, which can be examined by Moran’s I test. To solve this problem, the GWR is performed. �e GWR 
divides the total sample into several subsamples using a speci�c bandwidth and regresses  them38, respectively, 
based on Tobler’s �rst law of geography. Because subsamples are not the same, the coe�cients in each regression 
may be di�erent. In this way, the GWR is globally non-stationary but locally  stationary38, illustrating spatial vari-
ability of the relationship between land cover and SASWB.

OLS model. �e OLS model is the most basic regression model among all models mentioned in this  article46. 
It explores the relationships between independent variables and a dependent variable directly, and the general 
form is as follows:

where SASWBi represents average SWB of sub-prefecture region i , X i represents a vector of independent variables 
of sub-prefecture region i , εi represents the error term, and β0 and β1 are parameters to be estimated. Unlike 
previous studies, SASWB is taken as the dependent variable, which is a continuous variable. Although individual 
SWB is a discrete variable, not strictly �tting into OLS, SASWB is reasonable in this research.

OLS model has two strong assumptions that the observations and error terms are  independent47. However, 
there is no sub-prefecture region absolutely isolated in Japan, owing to the well-developed transportation system. 
In other words, the observations have spatial correlations, ignored by the OLS model. �us, we also utilize the 
other four models, SAR, SEM, SLX, and GWR, to examine the spatial relationships.

SAR model. �e SAR model assumes that one observation’s dependent variable is associated with its neighbors’ 
dependent variable. In our study, a sub-prefecture region’s average SWB is related to the average SWB of the 
regions surrounding  it48. SAR is shown as follows:

where W i represents a vector of spatial weights of neighbor regions of sub-prefecture region i , NESWBi repre-
sents a vector of SASWB of neighbor sub-prefecture region i , and ρ is the spatial lag parameter to be estimated. To 
obtain each observation’s spatial weight vectors, we use the queen  method49. In the queen method, two polygons 
are considered as contiguity if they share one point. In addition, the data should be ignored in the SAR model if 
the observation does not have any neighbors due to missing data or islands themselves.

SEM model. �e SEM model hypothesizes that there is spatial dependence in the variables ignored by the OLS 
 model50. �us, the error term in OLS is decomposed into two parts, the spatially related error term and the spa-
tially unrelated error term. In our study SEM model is:

where ǫi represents the part of error term with a spatial correlation of sub-prefecture region i , ηi represents the 
other part of error without spatial correlation of sub-prefecture region i , and � is the spatial correlation param-
eter to be estimated.

SLX model. �e SLX assumes that the one observation’s dependent variable is related to its neighbors’ inde-
pendent  variables51. In fact, the SLX model is another OLS model that takes neighbors’ weighted independent 
variables into account. �e SLX is denoted by:

where NEX i represents a vector of independent variables of neighbor regions of sub-prefecture region i , and θ 
is a vector of spatial lag parameters to be estimated.

GWR model. �e GWR is a typical local model because it does not assume that the relationships between the 
dependent and independent variables are spatially  stationary38,52,53. Simply speaking, the GWR model divides the 
total sample into several subsamples by the spatial contexts of observations. �en, every parameter is estimated 
in each subsample based on general regression models. �erefore, the parameters spatially vary because they are 
derived for each location, respectively. However, in the GWR model, the essential issue is the smallest sample 
size of the subsamples, decided by the bandwidth widely used in R project. �e root mean square prediction 
error for the GWR model is the key indicator to decide the bandwidth. �e GWR model is shown as  follows38:

(1)SASWBi = β0 + β1X
′
i + εi

(2)SASWBi = β0 + ρW iNESWB
′

i + β1X
′
i + εi

(3)SASWBi = β0 + β1X
′
i + �W iǫ

′

i + ηi

(4)SASWBi = β0 + β1X
′
i + θW iNEX

′

i + εi

(5)SASWBi = βi0 +

m∑

j=1

β ijX
′

ij + ǫi , i = 1, . . . , n
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where SASWBi represents average SWB of sub-prefecture region i , βi0 represents the intercept of sub-prefecture 
region i , β ij represents a vector of parameters in the regression with the j th subsample of sub-prefecture region 
i , m represents the number of subsamples, n represents the number of observations in each subsample, and ǫi 
represents the error term. �e bandwidth selection and parameters estimation can be achieved using package 
“GWmodel” in R project. �e coe�cients of GWR are estimated as follows:

where β ij represents a vector of parameters in the regression with the j th subsample of sub-prefecture region i , 
W ij represents the spatially weighted matrix to estimate the coe�cients with the j th subsample of sub-prefecture 
region i.

Marginal willing to pay (MWTP) of land cover. MWTPs of land types represent these environmental goods’ 
monetary values, which are di�cult to assess. �e SWB method is operated, as many previous  studies10,41. �e 
impacts of environmental change on SWB are o�set by the e�ects on SWB of the individual income variation, 
assuming nothing else alters except these two  variables39. MWTP could be explained as the variation in income 
associated with changes in each unit area of a particular land type per capita in our study. �e MWTP is calcu-
lated as follows:

where MWTPk represents the monetary value of land type k , Imp · Inc represents the impacts of individual 
income on SWB, Imp · LCk represents the impacts of the area per capita of land type k on SWB, Inc represents the 
average individual annual income. Notably, we have to use the terminology “impacts” rather than “coe�cients” 
because, in SAR and SEM models, the coe�cients of independent variables are not partial  derivation45. �ere is 
a function “impacts” in R project to calculate both direct and indirect impacts of the independent variables on 
the dependent variable in SAR and SEM models. In SLX and GWR model, the coe�cients can be used because 
these two models are based on the OLS model.

Results
Table 1 illustrates a part of the estimated parameters in the OLS, SAR, SEM, and SLX models (Table S3: Full 
regression results). Average individual annual income is positively associated with SASWB in all four models. 
Namely, living in the sub-prefecture regions with the higher average individual income, people have higher SWB. 
Besides, the relationships between SASWB and the area of water per capita as well as the area of urban land per 
capita are positive. In contrast, the association of SASWB with the area of bare land per capita is opposite in all 

(6)β ij = [X
T
W ijX]

−1
X
T
W ijY

(7)MWTPk =

Imp · LCk

Imp · Inc
× Inc

Table 1.  Partial regressions results. X in the SLX model represents the variables of sub-prefecture regions 
themselves, while Lag X represents the variables of their neighbors. (Full regressions results are shown in 
Table S3). *p < 0.1, **p < 0.05, ***p < 0.01.

Dependent variable: SASWB

OLS model SAR model SEM model

SLX model

X Lag X

Average individual annual income (1 
million JPY)

0.017*** (0.006) 0.017*** (0.006) 0.017*** (0.006) 0.015** (0.006) 0.003 (0.011)

Area of water per capita (ha/capita) 0.411*** (0.141) 0.411*** (0.139) 0.425*** (0.141) 0.374** (0.147) − 0.069 (0.187)

Area of urban land per capita (ha/
capita)

0.849** (0.393) 0.846** (0.387) 0.879** (0.403) 1.266** (0.550) − 0.443 (0.742)

Area of crops per capita (ha/capita) − 0.078 (0.050) − 0.078 (0.050) − 0.085* (0.051) − 0.109* (0.063) 0.119 (0.087)

Area of rice paddy per capita (ha/
capita)

0.060 (0.082) 0.062 (0.081) 0.063 (0.083) 0.155 (0.102) − 0.115 (0.151)

Area of grassland per capita (ha/
capita)

0.013 (0.020) 0.013 (0.019) 0.004 (0.020) − 0.001 (0.021) 0.047** (0.021)

Area of DBF per capita (ha/capita) 0.005 (0.013) 0.005 (0.013) 0.006 (0.013) 0.005 (0.015) − 0.005 (0.022)

Area of DNF per capita (ha/capita) 0.016 (0.022) 0.016 (0.022) 0.015 (0.023) 0.003 (0.026) 0.037 (0.040)

Area of EBF per capita (ha/capita) 0.045 (0.039) 0.043 (0.039) 0.044 (0.040) 0.050 (0.055) − 0.007 (0.076)

Area of ENF per capita (ha/capita) − 0.004 (0.017) − 0.004 (0.017) − 0.005 (0.018) − 0.008 (0.021) − 0.002 (0.030)

Area of bare land per capita (ha/
capita)

− 1.086*** (0.375) − 1.086*** (0.370) − 1.020*** (0.381) − 0.980** (0.464) − 0.992 (0.680)

Spatial lag parameter ρ − 0.002

Spatial correlation parameter � 0.088**

Observations 1,234 1,234 1,234 1,234

Akaike information criterion (AIC) − 2225.843 − 2,223.985 − 2,228.206 − 2229.969
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four models. It indicates that people prefer the cities with more urban land and water but with less bare land. 
�e relationship between SASWB and the area of crops per capita is negative only in the SEM and SLX models. 
Intriguingly, as shown by the SLX model, even though the area of grassland per capita of the sub-prefecture 
regions is not signi�cantly related to their SASWB, the relationship between the area of grassland per capita of 
their neighbor regions and SASWB is signi�cantly positive. �e SAR model should be rejected directly, based 
on Lagrange Multiplier diagnostics for spatial dependence in the OLS model. Compared with Eqs. (1) and (2), 
if the spatial lag parameter ρ is not signi�cant, there is no di�erence. In these four models, according to AIC, 
the SLX model is the best model, and its adjusted  R2 is 49.2%, higher than the adjusted  R2 of the OLS model 
(47.6%). GWR as the local model shows a dominant advantage in AIC (− 2242), but adjusted  R2 (49.0%) is still 
lower than the SLX model. According to the statistical test and interpretation of each model, the SLX and the 
GWR are taken as the main models in further analyses.

�e GWR model obtains spatial distributions of estimated parameters of all independent variables. Accord-
ing to the OLS results and the standard errors of each variable from the GWR model, the results of the areas of 
water, urban land, and bare land per capita are concentrated. �ere is no apparent nationwide di�erence between 
the areas of water and bare land per capita, whereas the area of urban land per capita is de�nitely less in highly 
developed areas (shown as Fig. 2a–c).

�e e�ect of an increase in urban land on SWB is the lowest in central Japan, and demonstrates gradient 
increment toward Southern and Northern (Fig. 3a). Interestingly, the e�ect of urban land is the positively highest, 
where its area per capita is the most. Moreover, the coe�cients of urban land are always positive, though they 
vary depending on locations. �is situation is consistent with the results of the OLS and SLX models overall. 
Likewise, according to the spatial distributions of the coe�cients of the area of water and bare land per capita, 
water and bare land also have the lowest e�ects on SWB in central Japan, while they have the strongest e�ects in 
the northernmost (the Hokkaido Island) and southernmost (the Kyushu Island), either positively or negatively 
(Fig. 3b,c). (Spatial distributions of the standard errors of urban land, water, and bare land from the GWR model 
are shown by Figure S1-S3; local  R2 of each sub-prefecture region are illustrated in Figure S4.) �ese three spatial 
distributions of coe�cients implicitly indicate that people living in Hokkaido Island and Kyushu Island are more 
sensitive to land cover change in a way.

Table 2 illustrates the MWTPs of several land types, estimated by the SLX model, though we also use the 
OLS model’s estimation as the comparison. Speci�cally, a 1 m2 increase in the area of urban land per capita in a 
sub-prefecture region is equivalent to a roughly 35,760-Japanese Yen (equivalent to 345.68 United States Dollars) 
increase in individual annual income of all the people in the region. Likewise, the MWTPs of areas of water, crops, 
and bare land per capita, which are 102.1 USD/Capitam2 , − 29.82 USD/Capitam2 and − 267.51 USD/Capitam2 , 
can be explained in the same way. In addition, the result from the SLX model also shows that a city’s SASWB is 
also associated with the area of grassland per capita in its neighbor cities. In other words, a 1 m2 increase in the 
area of grassland per capita in its neighbor cities is equivalent to a roughly 12.77 USD increase in the individual 
annual income of all the people living in it.

Figure 4a shows the spatial distribution of the MWTP of urban land, based on the GWR model. Compared 
with Fig. 2a, the MWTP is higher in the area with the lower area of urban land per capita, consistent with scarcity 
value theory. In fact, Tokyo is a point in case. Tokyo has the most total area of urban land, but the area per capita 
is lower than the mean. Additionally, the MWTP of urban land in Tokyo is the highest. Figure 4b,c are illustrated 
the spatial distribution of the MWTPs of water and bare land. People living in central Japan are willing to pay 
more for water land cover, while the MWTP of water land cover of people in Hokkaido is the lowest. Similar to 
the spatial distribution of water, people in central Japan also have the most negative attitude toward bare land, 
while the MWTP in Hokkaido is higher, though still negative.

According to the analyses, urban land, water, and bare land are signi�cantly associated with human well-
being in all models. It also demonstrates that the monetary value of urban land on human well-being is the 
highest, while the monetary value of bare land is the most negative. Interestingly, grassland in a region is not 
signi�cantly associated with its human well-being but related to its neighbors’. Moreover, our results illustrate 
the spatial variability of the relationships between land cover and human well-being. According to the GWR 
model, the monetary value of urban land in highly developed areas is the highest, according to the spatial model.

As the robustness checks, �rst, we compare all coe�cients from four global models, including OLS, SAR, 
SEM, SLX (illustrated in Table S3). �e coe�cients of the four global models are similar. Moreover, the local 
coe�cients of each subsample are in the direction of the global models. Secondly, we perform cross-validation 
in OLS. �e  R2 of the test sample (20% of the total sample) is 44.5%, similar to the  R2 (49.1%) using the total 
sample. �e result of cross-validation indicates the reliability of the models with selected variables. Here, we 
cannot perform cross-validation in the spatial models because random division in the total sample would cause 
changes in the spatial contexts of the sub-prefecture regions. To further check the robustness of the SLX model, 
we use another SWB indicator, happiness, to substitute for life satisfaction. In this robustness check, there is no 
dramatic change in the signi�cance or value of the parameters. Because the GWR has already divided the total 
sample into several subsamples, we can check its robustness by analyzing the statistical distributions of each 
coe�cient of the subsamples. According to this robustness check, the coe�cients of critical variables are relatively 
similar. �us, the main models in our analyses are robust.

Discussion
�is article analyzes the relationship between land cover and human well-being using spatial models. Unprec-
edentedly, our research concentrate on the city-level data converted from individual-level data. Our study ana-
lyzes the monetary values of urban land and other land types, taking spatial contexts into account, and provides 
informative ideas on urbanization for sustainable development.
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Figure 2.  (a) Area of urban land per capita. (b) Area of water per capita. (c) Area of bare land per capita. 
(Figure a, b, c is created by R 4.0.4, https:// cran.r- proje ct. org/ bin/ windo ws/ base/ old/4. 0.4/).

https://cran.r-project.org/bin/windows/base/old/4.0.4/
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Figure 2.  (continued)
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Urban land is positively associated with human well-being. In our regression models, we obtain a signi�cantly 
positive coe�cient of urban land. Previous work indicates that the urban land, road, and mine are positively 
related to the SWB in other  places6. �e possible explanations for the anticipation of more urban land are as 
follows: �rst, larger home sizes, more entertainment, better environment, among others, are desired to improve 
human well-being, as the individual income  increases10,16,33. According to the previous studies, the relationship 
between home size and SWB is  positive16. Additionally, parks and other kinds of urban greenery are positively 
correlated with human well-being5,33. For example, the monetary values of greenery in the residential area 
and roadsides in the Great Tokyo Area are 12,102 JPY and 55,707 JPY (around 116.98 USD and 538.49 USD), 
 respectively5. To increase both home size and urban greenery, an increase in urban land is a necessary option. 
Naturally living in cities is an e�ective way to improve human well-being when cities have su�cient urban  land13. 
Secondly, land cover change, including the built-up area, a�ects  poverty24. Insu�cient urban land is negatively 

Figure 2.  (continued)
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Figure 3.  (a) Coe�cients of urban land. (b) Coe�cients of water. (c) Coe�cients of bare land. (Figure a, b, c is 
created by R 4.0.4, https:// cran.r- proje ct. org/ bin/ windo ws/ base/ old/4. 0.4/).

https://cran.r-project.org/bin/windows/base/old/4.0.4/


11

Vol.:(0123456789)

Scientific Reports |        (2021) 11:15957  | https://doi.org/10.1038/s41598-021-95351-6

www.nature.com/scientificreports/

Figure 3.  (continued)
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associated with the wealth  index24. Besides, in the light of inclusive wealth theory, the increase in urban land 
raises the human capital and manufacture capital in Japan, exceeding the loss of natural  capital54,55. �irdly, urban 
congestion would become more serious in the future, which adversely impacts human well-being. Because the 
Japanese urbanization rate is still  increasing1, more people might concentrate in the cities, especially metropolitan 
areas. Moreover, the relationship between individual income and human well-being is also positive. Previous 
studies show that income helps people meet their basic and psychological demands, which matters to human 
well-being to a  point10,42. According to LSA, monetary values is the marginal rate of substitution between land 
cover change and income in this study. Because both urban land and income positively a�ect human well-being, 
the marginal rate of substitution is positive. In our study, for urban land, the monetary value is estimated at 
345.68 USD/Capitam2.

Figure 3.  (continued)
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Water and grassland in neighbor cities are positively associated with human well-being. Previous studies 
point out that momentary SWB is higher when people are in natural land types, including  water16,27,56. Water 
and grasslands make humans feel happy because of attention restoration, artistic inspiration and improving 
 health13,30. Similar to urban land, the monetary values of water and grassland in neighbor cities are estimated 
at 102.1 USD/Capitam2 and 12.77 USD/Capitam2 , respectively. However, bare land and crops are negatively 
related to human well-being, consistent with previous  works6,27,33. Previous studies indicate that bare land, like 
abandoned land, adversely impacts  emotion27, causes unsafe feelings and fear of  crime34. Crops are negatively 
related to infectious disease risks, which adversely a�ect human well-being57. Because of people’s preferences, the 
monetary values of crops and bare land are calculated at − 29.82 USD/Capitam2 and − 267.51 USD/Capitam2 , 
respectively.

Additionally, the relationships between land cover and human well-being are a�ected by the spatial contexts. 
Previous studies illustrate the spatial variability of the relationship between SWB and land cover by grouped 
regressions or di�erence-in-di�erences6 and MWTPs for speci�c land types tend to be higher when they are 
 scarcer5,6. In our study, the MWTP of urban land is higher in highly developed areas due to the scarcity of urban 
land (shown in Fig. 2a). In other words, in highly developed areas, the urban land per capita is relatively lower 
than in small cities. Besides, the individual annual income is higher in highly developed areas, such as Great 
Tokyo, Osaka, and Nagoya. Owing to higher individual income and more opportunities, such metropolitan 
areas attract more people to  come58. �e congestion issue will become more severe in metropolitan areas in the 
future. �ese regions need to either build more urban land or evacuate the population to improve human well-
being. Oppressiveness and danger are associated with crowded environments, which adversely a�ect human 
well-being59. According to our research, the reason for the congestion of big cities is that the cities are not big 
enough compared to their population sizes. �e spatial distribution of the coe�cient of water on human well-
being is similar to the coe�cient of urban land, while it is opposite to the coe�cient of bare land. It could be 
explained that people dislike bare land more, where they prefer urban land and water more. Compared with 
previous individual-level research, this study provides more information for the governments, who can control 
and lead land cover optimization. Because the purpose of this research is to provide a basis for the government’s 
land-use policy, the city-level analyses are more e�ective than the individual-level research, rather than ecologi-
cal fallacy. According to the analyses results, urban land, water, and grassland are preferred, while bare land and 
crops are disliked. However, these situations are always ignored by the public. Land-use policies, such as tax 
policies, urban planning, among others, could optimize the land cover patterns to improve human well-being by 
converting disliked land types to desired land types. Based on the spatial analyses, the land-use policies should 
be spatially di�erent.

Several limitations are worthy of note. First, our analyses are using cross-sectional data, so the di�erence 
within observations is ignored. Because panel land cover dataset cannot be obtained, we are unable to detect 
temporal variability of the relationship between human well-being and land cover. Secondly, the sampling of the 
survey is spatially uneven. �ere are more people sampled in highly developed areas compared with the situa-
tion in rural regions. Finally, although four spatial models are applied in our research, the spatial heterogeneity 
might still strongly a�ect the analyses because the reality is far more complicated than the models we assumed. 
In future studies, models’ performance could be improved by employing more variables, such as mental health, 
number of family members, emotions, meteorological data, air pollution data, among others. Moreover, model 
optimization is needed. In this study, the linear relationships are assumed even in spatial models, but the relation-
ships might be more complicated. Other methods combining spatial models and machine learning technology, 
such as arti�cial neural network or random forest, may greatly improve the goodness of �t.

Conclusions
Urban land is positively associated with human well-being. Speci�cally, a 1 m2 increase in the area of urban land 
per capita in a city is equivalent to an approximately 345.68 USD increase in the individual annual income of 
all the people in the city. �e monetary values of areas of water, crops, and bare land per capita, which are 102.1 

Table 2.  MWTP of land cover. �e land cover variables without signi�cant coe�cients are not shown. 
Exchange rate in 2016 from World Bank is used, where 1 United States Dollars (USD) is roughly equal to 
103.45 Japanese Yen: https:// data. world bank. org/ indic ator/ PA. NUS. PPP. Unit of MWTP: USDCapitam

2.

Land type Coe�cients MWTP 95%CI p value

SLX model

Area of water per capita 0.37 102.1 23.4 to 180.79 0.011

Area of urban land per capita 1.27 345.68 51.1 to 640.26 0.021

Area of crops per capita − 0.11 − 29.82 − 63.51 to 3.87 0.083

Area of bare land per capita − 0.98 − 267.51 − 515.95 to 19.08 0.035

Area of grassland per capita in neighbor cities 0.05 12.77 1.37 to 24.17 0.028

OLS model

Area of water per capita 0.41 96.44 31.32 to 161.57 0.004

Area of urban land per capita 0.85 199.34 18.34 to 380.34 0.031

Area of bare land per capita − 1.09 − 255.13 − 427.89 to 82.37 0.004

https://data.worldbank.org/indicator/PA.NUS.PPP
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Figure 4.  (a) MWTP of urban land. (b) MWTP of water. (c) MWTP of bare land. (Figure a, b, c is created by R 
4.0.4, https:// cran.r- proje ct. org/ bin/ windo ws/ base/ old/4. 0.4/).

https://cran.r-project.org/bin/windows/base/old/4.0.4/


15

Vol.:(0123456789)

Scientific Reports |        (2021) 11:15957  | https://doi.org/10.1038/s41598-021-95351-6

www.nature.com/scientificreports/

Figure 4.  (continued)
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USD/Capitam2 , − 29.82 USD/Capitam2 and − 267.51 USD/Capitam2 , respectively. Intriguingly, grassland in a 
region is not associated with its human well-being, but related to its neighbors’. Moreover, in the highly devel-
oped areas, the monetary value of urban land is actually the highest, based on the GWR model. To conclude, 
our research provides valuable insights into urbanization on human well-being for the policymaker to formulate 
e�ective land-use policies.
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17

Vol.:(0123456789)

Scientific Reports |        (2021) 11:15957  | https://doi.org/10.1038/s41598-021-95351-6

www.nature.com/scientificreports/

References
 1. UN. World Urbanization Prospects: �e 2018 Revision (United Nations, 2019).
 2. UN. World Population Prospects 2019: Highlights (United Nations, 2019).
 3. Alcock, I., White, M. P., Wheeler, B. W., Fleming, L. E. & Depledge, M. H. Longitudinal e�ects on mental health of moving to 

greener and less green urban areas. Environ. Sci. Technol. 48, 1247–1255. https:// doi. org/ 10. 1021/ es403 688w (2014).
 4. Tsurumi, T. & Managi, S. Environmental value of green spaces in Japan: An application of the life satisfaction approach. Ecol. Econ. 

120, 1–12. https:// doi. org/ 10. 1016/j. ecole con. 2015. 09. 023 (2015).
 5. Tsurumi, T., Imauji, A. & Managi, S. Greenery and subjective well-being: Assessing the monetary value of greenery by type. Ecol. 

Econ. 148, 152–169. https:// doi. org/ 10. 1016/j. ecole con. 2018. 02. 014 (2018).
 6. Kopmann, A. & Rehdanz, K. A human well-being approach for assessing the value of natural land areas. Ecol. Econ. 93, 20–33. 

https:// doi. org/ 10. 1016/j. ecole con. 2013. 04. 014 (2013).
 7. Luo, Y. et al. Spatiotemporal scale and integrative methods matter for quantifying the driving forces of land cover change. Sci. Total 

Environ. 739, 139622. https:// doi. org/ 10. 1016/j. scito tenv. 2020. 139622 (2020).
 8. Xue, Z., Zhen, L., Miah, M. G. & Shoyama, K. Impact assessment of land use functions on the sustainable regional development 

of representative Asian countries—a comparative study in Bangladesh, China and Japan. Sci. Total Environ. 694, 133689. https:// 
doi. org/ 10. 1016/j. scito tenv. 2019. 133689 (2019).

 9. Chi, G. & Marcouiller, D. W. In-migration to remote rural regions: �e relative impacts of natural amenities and land develop-
ability. Landsc. Urban Plan. 117, 22–31. https:// doi. org/ 10. 1016/j. landu rbplan. 2013. 04. 012 (2013).

 10. Diener, E., Oishi, S. & Tay, L. Advances in subjective well-being research. Nat. Hum. Behav. 2, 253–260. https:// doi. org/ 10. 1038/ 
s41562- 018- 0307-6 (2018).

 11. Gao, L. & Bryan, B. A. Finding pathways to national-scale land-sector sustainability. Nature 544, 217–222. https:// doi. org/ 10. 1038/ 
natur e21694 (2017).

 12. Grimm, N. B. et al. Global change and the ecology of cities. Science 319, 756–760. https:// doi. org/ 10. 1126/ scien ce. 11501 95 (2008).
 13. Hartig, T. & Kahn, P. H. Living in cities, naturally. Science 352, 938–940. https:// doi. org/ 10. 1126/ scien ce. aaf37 59 (2016).
 14. Oswald, A. J. & Wu, S. Objective con�rmation of subjective measures of human well-being: Evidence from the USA. Science 327, 

576–579. https:// doi. org/ 10. 1126/ scien ce. 11806 06 (2010).
 15. Ambrey, C. L. & Fleming, C. M. Valuing scenic amenity using life satisfaction data. Ecol. Econ. 72, 106–115. https:// doi. org/ 10. 

1016/j. ecole con. 2011. 09. 011 (2011).
 16. Brown, Z. S., Oueslati, W. & Silva, J. Links between urban structure and life satisfaction in a cross-section of OECD metro areas. 

Ecol. Econ. 129, 112–121. https:// doi. org/ 10. 1016/j. ecole con. 2016. 05. 004 (2016).
 17. Mackerron, G. & Mourato, S. Life satisfaction and air quality in London. Ecol. Econ. 68, 1441–1453. https:// doi. org/ 10. 1016/j. ecole 

con. 2008. 10. 004 (2009).
 18. MacKerron, G. & Mourato, S. Happiness is greater in natural environments. Glob. Environ. Change 23, 992–1000. https:// doi. org/ 

10. 1016/j. gloen vcha. 2013. 03. 010 (2013).
 19. Ferrer-I-Carbonell, A. & Gowdy, J. M. Environmental degradation and happiness. Ecol. Econ. 60, 509–516. https:// doi. org/ 10. 

1016/j. ecole con. 2005. 12. 005 (2007).
 20. Sun, S., Chen, J. Y., Johannesson, M., Kind, P. & Burstrom, K. Subjective well-being and its association with subjective health status, 

age, sex, region, and socio-economic characteristics in a Chinese population study. J. Happiness Stud. 17, 833–873. https:// doi. org/ 
10. 1007/ s10902- 014- 9611-7 (2016).

 21. Alcock, I. et al. What accounts for “England’s green and pleasant land”? A panel data analysis of mental health and land cover types 
in rural England. Landsc. Urban Plan. 142, 38–46. https:// doi. org/ 10. 1016/j. landu rbplan. 2015. 05. 008 (2015).

 22. de Vries, S., Verheij, R. A., Groenewegen, P. P. & Spreeuwenberg, P. Natural environments—healthy environments? An explora-
tory analysis of the relationship between greenspace and health. Environ. Plan. A 35, 1717–1731. https:// doi. org/ 10. 1068/ a35111 
(2003).

 23. Maas, J. et al. Morbidity is related to a green living environment. J. Epidemiol. Community Health 63, 967–973. https:// doi. org/ 10. 
1136/ jech. 2008. 079038 (2009).

 24. Adnan, M. S. G., Abdullah, A. Y. M., Dewan, A. & Hall, J. W. �e e�ects of changing land use and �ood hazard on poverty in coastal 
Bangladesh. Land Use Pol. 99, 104868. https:// doi. org/ 10. 1016/j. landu sepol. 2020. 104868 (2020).

 25. Costanza, R. et al. �e value of the world’s ecosystem services and natural capital. Nature 387, 253–260. https:// doi. org/ 10. 1038/ 
38725 3a0 (1997).

 26. Chang, J. et al. Assessing the ecosystem services provided by urban green spaces along urban center-edge gradients. Sci. Rep. 7, 9. 
https:// doi. org/ 10. 1038/ s41598- 017- 11559-5 (2017).

 27. Seresinhe, C. I., Preis, T., MacKerron, G. & Moat, H. S. Happiness is greater in more scenic locations. Sci. Rep. 9, 11. https:// doi. 
org/ 10. 1038/ s41598- 019- 40854-6 (2019).

 28. Bratman, G. N. et al. Nature and mental health: An ecosystem service perspective. Sci. Adv. 5, eaax0903. https:// doi. org/ 10. 1126/ 
sciadv. aax09 03 (2019).

 29. Lopez-Mosquera, N. & Sanchez, M. Emotional and satisfaction bene�ts to visitors as explanatory factors in the monetary valuation 
of environmental goods. An application to periurban green spaces. Land Use Pol. 28, 151–166. https:// doi. org/ 10. 1016/j. landu 
sepol. 2010. 05. 008 (2011).

 30. Diaz, S. et al. Assessing nature’s contributions to people. Science 359, 270–272. https:// doi. org/ 10. 1126/ scien ce. aap88 26 (2018).
 31. Mendoza-Ponce, A., Corona-Núñez, R., Kraxner, F., Leduc, S. & Patrizio, P. Identifying e�ects of land use cover changes and climate 

change on terrestrial ecosystems and carbon stocks in Mexico. Glob. Environ. Change 53, 12–23. https:// doi. org/ 10. 1016/j. gloen 
vcha. 2018. 08. 004 (2018).

 32. Astell-Burt, T., Mitchell, R. & Hartig, T. �e association between green space and mental health varies across the lifecourse. A 
longitudinal study. J. Epidemiol. Community Health 68, 578–583. https:// doi. org/ 10. 1136/ jech- 2013- 203767 (2014).

 33. Krekel, C., Kolbe, J. & Wuestemann, H. �e greener, the happier? �e e�ect of urban land use on residential well-being. Ecol. Econ. 
121, 117–127. https:// doi. org/ 10. 1016/j. ecole con. 2015. 11. 005 (2016).

 34. Garvin, E., Branas, C., Keddem, S., Sellman, J. & Cannuscio, C. More than just an eyesore: Local insights and solutions on vacant 
land and urban health. J. Urban Health 90, 412–426. https:// doi. org/ 10. 1007/ s11524- 012- 9782-7 (2013).

 35. Bertram, C. & Rehdanz, K. �e role of urban green space for human well-being. Ecol. Econ. 120, 139–152. https:// doi. org/ 10. 1016/j. 
ecole con. 2015. 10. 013 (2015).

 36. Mollalo, A., Vahedi, B. & Rivera, K. M. GIS-based spatial modeling of COVID-19 incidence rate in the continental United States. 
Sci. Total Environ. 728, 138884. https:// doi. org/ 10. 1016/j. scito tenv. 2020. 138884 (2020).

 37. Saphores, J.-D. & Li, W. Estimating the value of urban green areas: A hedonic pricing analysis of the single family housing market 
in Los Angeles, CA. Landsc. Urban Plan. 104, 373–387. https:// doi. org/ 10. 1016/j. landu rbplan. 2011. 11. 012 (2012).

 38. Fotheringham, A. S. & Oshan, T. M. Geographically weighted regression and multicollinearity: Dispelling the myth. J. Geogr. Syst. 
18, 303–329. https:// doi. org/ 10. 1007/ s10109- 016- 0239-5 (2016).

 39. Tsurumi, T. & Managi, S. Monetary valuations of life conditions in a consistent framework: �e life satisfaction approach. J. Hap-
piness Stud. 18, 1275–1303. https:// doi. org/ 10. 1007/ s10902- 016- 9775-4 (2017).

https://doi.org/10.1021/es403688w
https://doi.org/10.1016/j.ecolecon.2015.09.023
https://doi.org/10.1016/j.ecolecon.2018.02.014
https://doi.org/10.1016/j.ecolecon.2013.04.014
https://doi.org/10.1016/j.scitotenv.2020.139622
https://doi.org/10.1016/j.scitotenv.2019.133689
https://doi.org/10.1016/j.scitotenv.2019.133689
https://doi.org/10.1016/j.landurbplan.2013.04.012
https://doi.org/10.1038/s41562-018-0307-6
https://doi.org/10.1038/s41562-018-0307-6
https://doi.org/10.1038/nature21694
https://doi.org/10.1038/nature21694
https://doi.org/10.1126/science.1150195
https://doi.org/10.1126/science.aaf3759
https://doi.org/10.1126/science.1180606
https://doi.org/10.1016/j.ecolecon.2011.09.011
https://doi.org/10.1016/j.ecolecon.2011.09.011
https://doi.org/10.1016/j.ecolecon.2016.05.004
https://doi.org/10.1016/j.ecolecon.2008.10.004
https://doi.org/10.1016/j.ecolecon.2008.10.004
https://doi.org/10.1016/j.gloenvcha.2013.03.010
https://doi.org/10.1016/j.gloenvcha.2013.03.010
https://doi.org/10.1016/j.ecolecon.2005.12.005
https://doi.org/10.1016/j.ecolecon.2005.12.005
https://doi.org/10.1007/s10902-014-9611-7
https://doi.org/10.1007/s10902-014-9611-7
https://doi.org/10.1016/j.landurbplan.2015.05.008
https://doi.org/10.1068/a35111
https://doi.org/10.1136/jech.2008.079038
https://doi.org/10.1136/jech.2008.079038
https://doi.org/10.1016/j.landusepol.2020.104868
https://doi.org/10.1038/387253a0
https://doi.org/10.1038/387253a0
https://doi.org/10.1038/s41598-017-11559-5
https://doi.org/10.1038/s41598-019-40854-6
https://doi.org/10.1038/s41598-019-40854-6
https://doi.org/10.1126/sciadv.aax0903
https://doi.org/10.1126/sciadv.aax0903
https://doi.org/10.1016/j.landusepol.2010.05.008
https://doi.org/10.1016/j.landusepol.2010.05.008
https://doi.org/10.1126/science.aap8826
https://doi.org/10.1016/j.gloenvcha.2018.08.004
https://doi.org/10.1016/j.gloenvcha.2018.08.004
https://doi.org/10.1136/jech-2013-203767
https://doi.org/10.1016/j.ecolecon.2015.11.005
https://doi.org/10.1007/s11524-012-9782-7
https://doi.org/10.1016/j.ecolecon.2015.10.013
https://doi.org/10.1016/j.ecolecon.2015.10.013
https://doi.org/10.1016/j.scitotenv.2020.138884
https://doi.org/10.1016/j.landurbplan.2011.11.012
https://doi.org/10.1007/s10109-016-0239-5
https://doi.org/10.1007/s10902-016-9775-4


18

Vol:.(1234567890)

Scientific Reports |        (2021) 11:15957  | https://doi.org/10.1038/s41598-021-95351-6

www.nature.com/scientificreports/

 40. Mendelsohn, R. & Olmstead, S. �e economic valuation of environmental amenities and disamenities: Methods and applications. 
Annu. Rev. Environ. Resour. 34, 325–347. https:// doi. org/ 10. 1146/ annur ev- envir on- 011509- 135201 (2009).

 41. MacKerron, G. Happiness economics from 35,000 feet. J. Econ. Surv. 26, 705–735. https:// doi. org/ 10. 1111/j. 1467- 6419. 2010. 00672.x 
(2012).

 42. Jebb, A. T., Tay, L., Diener, E. & Oishi, S. Happiness, income satiation and turning points around the world. Nat. Hum. Behav. 2, 
33–38. https:// doi. org/ 10. 1038/ s41562- 017- 0277-0 (2018).

 43. Tsurumi, T., Imauji, A. & Managi, S. Relative income, community attachment and subjective well-being: Evidence from Japan. 
Kyklos 72, 152–182. https:// doi. org/ 10. 1111/ kykl. 12193 (2019).

 44. Frey, B. S., Luechinger, S. & Stutzer, A. In Annual Review of Resource Economics, Vol 2, 2010 Vol. 2 Annual Review of Resource 
Economics (eds G. C. Rausser, V. K. Smith, & D. Zilberman) 139–160 (Annual Reviews, 2010).

 45. Lesage, J. & Pace, R. �e biggest myth in spatial econometrics. Econometrics 2, 217–249. https:// doi. org/ 10. 3390/ econo metri cs204 
0217 (2014).

 46. Ward, M. D. & Gleditsch, K. S. Spatial Regression Models Vol. 155 (Sage Publications, 2018).
 47. Anselin, L. & Arribas-Bel, D. Spatial �xed e�ects and spatial dependence in a single cross-section. Pap. Reg. Sci. 92, 3–17. https:// 

doi. org/ 10. 1111/j. 1435- 5957. 2012. 00480.x (2013).
 48. Anselin, L. Spatial externalities, spatial multipliers, and spatial econometrics. Int. Reg. Sci. Rev. 26, 153–166. https:// doi. org/ 10. 

1177/ 01600 17602 250972 (2003).
 49. Kelejian, H. H. & Prucha, I. R. Speci�cation and estimation of spatial autoregressive models with autoregressive and heteroskedastic 

disturbances. J. Econom. 157, 53–67. https:// doi. org/ 10. 1016/j. jecon om. 2009. 10. 025 (2010).
 50. Chen, Y., Chang, K.-T., Han, F., Karacsonyi, D. & Qian, Q. Investigating urbanization and its spatial determinants in the central 

districts of Guangzhou, China. Habitat Int. 51, 59–69. https:// doi. org/ 10. 1016/j. habit atint. 2015. 10. 013 (2016).
 51. Gri�th, D. A. & Peres-Neto, P. R. Spatial modeling in ecology: �e �exibility of eigenfunction spatial analyses. Ecology 87, 

2603–2613. https:// doi. org/ 10. 1890/ 0012- 9658(2006) 87[2603: Smietf] 2.0. Co;2 (2006).
 52. Oshan, T. M., Smith, J. P. & Fotheringham, A. S. Targeting the spatial context of obesity determinants via multiscale geographically 

weighted regression. Int. J. Health Geogr. https:// doi. org/ 10. 1186/ s12942- 020- 00204-6 (2020).
 53. Yu, D., Zhang, Y., Wu, X., Li, D. & Li, G. �e varying e�ects of accessing high-speed rail system on China’s county development: A 

geographically weighted panel regression analysis. Land Use Pol. 100, 104935. https:// doi. org/ 10. 1016/j. landu sepol. 2020. 104935 
(2021).

 54. Managi, S. & Kumar, P. Inclusive Wealth Report 2018: Measuring Progress Towards Sustainability (Routledge, 2018).
 55. Zhang, B., Nozawa, W. & Managi, S. Sustainability measurements in China and Japan: An application of the inclusive wealth 

concept from a geographical perspective. Reg. Environ. Change 20, 65. https:// doi. org/ 10. 1007/ s10113- 020- 01658-x (2020).
 56. White, M. P., Alcock, I., Wheeler, B. W. & Depledge, M. H. Would you be happier living in a greener urban area? A �xed-e�ects 

analysis of panel data. Psychol. Sci. 24, 920–928. https:// doi. org/ 10. 1177/ 09567 97612 464659 (2013).
 57. Shah, H. A., Huxley, P., Elmes, J. & Murray, K. A. Agricultural land-uses consistently exacerbate infectious disease risks in Southeast 

Asia. Nat. Commun. https:// doi. org/ 10. 1038/ s41467- 019- 12333-z (2019).
 58. Du, G. D., Shin, K. J., Yuan, L. & Managi, S. A comparative approach to modelling multiple urban land use changes using tree-

based methods and cellular automata: �e case of Greater Tokyo Area. Int. J. Geogr. Inf. Sci. 32, 757–782. https:// doi. org/ 10. 1080/ 
13658 816. 2017. 14105 50 (2018).

 59. Asgarzadeh, M., Koga, T., Hirate, K., Farvid, M. & Lusk, A. Investigating oppressiveness and spaciousness in relation to building, 
trees, sky and ground surface: A study in Tokyo. Landsc. Urban Plan. 131, 36–41. https:// doi. org/ 10. 1016/j. landu rbplan. 2014. 07. 
011 (2014).

Author contributions
C.L. conducted the analyses and wrote the manuscript. S.M. conceived of the study and edited the manuscript. 
All authors reviewed the manuscript.

Funding
Funding was provided by JSPS KAKENHI (Grant No. JP20H00648) and also the Environment Research and 
Technology Development Fund of the Environmental Restoration and Conservation Agency of Japan (Grant 
No. JPMEERF20201001).

Competing interests 
�e authors declare no competing interests.

Additional information
Supplementary Information �e online version contains supplementary material available at https:// doi. org/ 
10. 1038/ s41598- 021- 95351-6.

Correspondence and requests for materials should be addressed to S.M.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional a�liations.

Open Access  �is article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the 
Creative Commons licence, and indicate if changes were made. �e images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from 
the copyright holder. To view a copy of this licence, visit http:// creat iveco mmons. org/ licen ses/ by/4. 0/.

© �e Author(s) 2021

https://doi.org/10.1146/annurev-environ-011509-135201
https://doi.org/10.1111/j.1467-6419.2010.00672.x
https://doi.org/10.1038/s41562-017-0277-0
https://doi.org/10.1111/kykl.12193
https://doi.org/10.3390/econometrics2040217
https://doi.org/10.3390/econometrics2040217
https://doi.org/10.1111/j.1435-5957.2012.00480.x
https://doi.org/10.1111/j.1435-5957.2012.00480.x
https://doi.org/10.1177/0160017602250972
https://doi.org/10.1177/0160017602250972
https://doi.org/10.1016/j.jeconom.2009.10.025
https://doi.org/10.1016/j.habitatint.2015.10.013
https://doi.org/10.1890/0012-9658(2006)87[2603:Smietf]2.0.Co;2
https://doi.org/10.1186/s12942-020-00204-6
https://doi.org/10.1016/j.landusepol.2020.104935
https://doi.org/10.1007/s10113-020-01658-x
https://doi.org/10.1177/0956797612464659
https://doi.org/10.1038/s41467-019-12333-z
https://doi.org/10.1080/13658816.2017.1410550
https://doi.org/10.1080/13658816.2017.1410550
https://doi.org/10.1016/j.landurbplan.2014.07.011
https://doi.org/10.1016/j.landurbplan.2014.07.011
https://doi.org/10.1038/s41598-021-95351-6
https://doi.org/10.1038/s41598-021-95351-6
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Land cover matters to human well-being
	Materials and methods
	Materials. 
	Human well-being data in Japan. 
	Land cover data. 
	Other control variable. 

	Methods. 
	OLS model. 
	SAR model. 
	SEM model. 
	SLX model. 
	GWR model. 
	Marginal willing to pay (MWTP) of land cover. 


	Results
	Discussion
	Conclusions
	References


