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Abstract: Green buildings have gained increasing momentum during the past decade, evidenced by an uptick in green building construction
worldwide. To facilitate green building development, it is crucial to understand the current geographical distribution of green buildings,
thereby identifying emerging markets and opportunities for future growth. However, very few studies investigated the spatial characteristics
of the green building market and the factors influencing the distribution of green buildings. By examining the national green building market
in the United States, we studied the spatial distribution patterns and significant influencing factors of the county-level US green building
markets. Cluster mapping and hot spots of the green building markets were identified through spatial autocorrelation analysis. A spatial
regression model with high performance (R2 of 0.83) was developed to identify the significant influencing factors. We found a statistically
significant clustering phenomenon of county-level US green building markets. The spatial error model reveals that three factors, namely, the
number of housing units, gross domestic product, and the local green building company index, significantly influence the number of green
buildings at the county level. We also found that the county-level green building market is influenced by these factors of not only the host
county, but also the neighboring counties. Our findings provide a useful reference for stakeholders’ decision-making process concerning local
green building market development. DOI: 10.1061/JCEMD4.COENG-12971. © 2023 American Society of Civil Engineers.
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Introduction

The building sector has a significant impact on the environment
(Chang et al. 2016a), accounting for about 32% of the world’s re-
source consumption (Ma and Cheng 2017) and contributing to
nearly 40% of annual global greenhouse gas emissions (Zuo and
Zhao 2014). Green buildings are designed to mitigate these nega-
tive impacts on the natural environment during the building life
cycle (design, construction, operation, and demolition) (Wu et al.
2021). Through a systematic approach, green buildings can help pre-
serve natural resources without compromising project quality (Zou
et al. 2017). As the leading green building rating system, Leadership
in Energy and Environmental Design (LEED) was launched by
the US Green Building Council (USGBC) in 2000. An industry-
wide green building movement has gradually formed over the
past two decades (Cole and Jose Valdebenito 2013). Approximately

1.04 billionm2 of green building space (an area 10 times the size of
Paris) were certified by green building councils worldwide by 2016
(WGBC 2020). By the end of 2019, more than 100,000 building
projects were registered or certified by the LEED system in more
than 167 countries and territories (Stanley 2019). It was reported
that 47% of industry practitioners are willing to make more than
60% of their projects green by 2021 (Petrullo et al. 2018).

As the green building market continues to grow, researchers
have sought to understand the variation and differentiation of local
green building market development. Some studies investigate the
spatial distribution of green building markets, aiming to identify the
location and distribution patterns of green building projects in a
given region. For instance, Zou et al. (2017) investigated the regional
imbalance and policy incentives for the spatial distribution of green
buildings in China. Ma and Cheng (2017) analyzed the US local
green building markets in leading counties, and similarly, Zhao and
Lam (2012) utilized support vector regression to investigate the
LEED building markets in the US East Coast cities. Kaza et al.
(2013) went a step further and examined the spatial-temporal clus-
tering of the green building market across the entire US. Another
stream of research focuses on identifying the factors influencing the
spatial distribution of green building projects. Rakha et al. (2018),
for instance, applied statistical analysis to investigate the predictors
of residential LEED community adoption trends. They revealed that
social demographics (such as education level) and community pol-
icies (such as energy efficiency incentives) significantly influence
the proliferation of green building projects. In contrast, Cidell and
Cope (2014) utilized logistic and linear regressions to investigate the
impacts of green building policies at the municipal level, discov-
ering that the presence of green building policies rather than dem-
ographic factors contributes to more green buildings. Fuerst et al.
(2014) emphasized the role of economic factors as substantial de-
terminants of green building adoption.
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Despite studies investigating the spatial distribution and influ-
encing factors of green building markets, significant knowledge
gaps remain. For example, there is a lack of studies investigating
the granular county-level spatial distributions of the green building
projects of an entire country. Previous studies such as Zhao and
Lam (2012) and Ma and Cheng (2017) focused on certain counties
and regions, such as the East Coast cities in the US. Without a
county-level study covering a whole country, it remains unclear
what factors impact countries’ local green building market develop-
ment. A study conducted by Kaza et al. (2013) is one of the few
studies that utilized geographical methods to test the spatial pat-
terns of green building markets. Existing studies tend to rely on
descriptive statistics (e.g., the number of green building projects in
the region) to reveal the geographical imbalance phenomena but
fail to test the significance level of the clustering effect (Ma and
Cheng 2017; Zou et al. 2017; Prum and Kobayashi 2014). Without
statistical tests, there is a lack of confidence in the assessment of the
geographical imbalance and clustering of green building projects. It
remains unclear whether the regional imbalance of green building
development revealed by previous studies is statistically valid and
robust. More importantly, even though previous studies prelimi-
narily show that a geographical imbalance of green building mar-
kets exists worldwide (Zou et al. 2017; Kaza et al. 2013), there is
no consensus regarding the factors leading to the imbalance phe-
nomena. Previous studies revealed multiple categories of factors
affecting the development of local green building markets, such as
demographic features (e.g., population density), economic features
(e.g., household income), and policy features (e.g., mandatory re-
quirements regarding public buildings) (Ma and Cheng 2017; Rakha
et al. 2018). Different studies revealed different categories of factors
impacting green building markets using various analysis scales and
region samples. It remains unclear what factors significantly impact
the spatial distribution of green building projects at a national level.

To address the knowledge gaps identified, this study employed
geographical statistical methods to investigate the geographical im-
balance and influencing factors of green building markets at the
county level throughout the US, based on the latest LEED data
set for projects in the US. By taking the national US green building
market as an example, this study aims to statistically test whether a
geographical imbalance exists in green building markets, and, if so,
identify the influencing factors that cause the imbalance phenomena.
Because the number of green buildings continues to grow globally,
this study presents a vital reference for relevant stakeholders to
understand the differentiation of green building markets and its in-
fluencing factors, thus facilitating the decision-making and policy-
making processes for green building development.

Literature Review

To tackle environmental challenges, such as climate change and
natural resource depletion, the building sector must undergo a deep
transition toward sustainability (Chang et al. 2017, 2018), where
green buildings play a significant role. Prior studies have investi-
gated various aspects of green buildings, including costs and ben-
efits (Dwaikat and Ali 2018; Kim et al. 2014), the drivers for and
barriers to green building development (Liu et al. 2020; Olanipekun
et al. 2017), design optimization and performance simulations (Lin
et al. 2021; Abdallah et al. 2016), innovative green building assess-
ment methods (Sartori et al. 2021; Gultekin et al. 2013), project
management (Abidin and Azizi 2021; Raouf and Al-Ghamdi 2019),
government policies (Franco et al. 2021; Adekanye et al. 2020), and
behavioral economics (e.g., purchasing behavior) in the decision-
making (Zhang and Tu 2021). Existing review studies on green

buildings suggest most research on green buildings focuses on
project-level investigations of technologies, impacts, and perfor-
mances (Khoshbakht et al. 2018; Ahmad et al. 2019), while market-
level investigations such as market selections and distribution
patterns of green buildings remain a niche research area and are
relatively inadequate (Wu et al. 2021). The knowledge in geographi-
cal distributions of green building markets and their impacting fac-
tors contributes to corporate decision-making and governments’
policy making of developing or promoting green buildings (Zou
et al. 2017; Kaza et al. 2013). Why are certain regions hot spots of
green building development while other regions attract few green
projects? Where do green building projects tend to be located and
why does this happen? What are the factors influencing developers’
region choice of developing green buildings? Without understand-
ing these questions, it is difficult to formulate policies to enable
balanced and rapid development of green building markets.

In this niche area of market-level investigations, one stream of
research examines the spatial distribution of green building proj-
ects, aiming to identify the regions with the highest or lowest num-
ber of green buildings to assess the degree of market development
imbalance. Spatial clustering denotes the phenomenon that similar
or related projects, industries, and firms tend to assemble (or concen-
trate, agglomerate, colocate, and cluster) in particular places, leading
to geographical imbalance of industries (Malmberg and Maskell
2002). Some studies on green buildings show that a geographical
imbalance of the green building market occurs not only in countries
that are in the developing stage of green building markets, such as
China and India (Zou et al. 2017; Gao et al. 2020), but also in coun-
tries that have already formed a mature green building market such
as the US (Johansson 2012). For countries with a developing green
building market, Zou et al. (2017) revealed the regional imbalance
of the Chinese green building markets by analyzing three-star-
certified green buildings in China, where the number of certified
green buildings in the eastern region far outperformed that of the
western region. Smith (2015) also demonstrated the uneven and
complex geographical distribution of green building projects in
India by analyzing the LEED projects and the Green Rating for
Integrated Habitat Assessment projects across the country. A series
of studies focused on the green building market in the US, espe-
cially LEED projects. For instance, through investigating LEED
buildings and LEED Accredited Professionals (APs), Cidell and
Cope (2014) revealed the spatial diffusion of the green building
markets in the US, which are moving from the major coastal cities
to a relatively more even distribution among multiple cities. This is
echoed by Kaza et al. (2013), who argued that the hot spots of the
green building markets first appeared in the metropolitan regions
in the coastal areas and then gradually expanded to the mixed rural
counties.

Another stream of research explores the influencing factors of
the spatial distribution, aiming to find out why certain regions have
a larger number of green building projects than others. For instance,
Zou et al. (2017) found that gross domestic product (GDP) is stat-
istically significant with a positive coefficient for provincial green
building development in China, while real estate price and energy
efficiency policies are not. Ma and Cheng (2017) developed a nu-
merical model of the US leading counties in green building devel-
opment with 89 county-level features, identifying that economic
features (e.g., personal income) and educational features (e.g., num-
ber of universities in the region) are key factors that may explain
why these leading local green building markets outperform other
areas. In another case, by analyzing the LEED commercial build-
ings in 174 areas in the United States, Fuerst et al. (2014) revealed
that the size of the local market, educational attainment, economic
growth, and mandatory policy requirements played a significant
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role in the prediction of green building market penetration. Focus-
ing on the US East Coast cities, Zhao and Lam (2012) discovered
that the LEED policy factor in their model does not play an essen-
tial role in predicting the quantity of LEED buildings. Rakha et al.
(2018) conducted a state-level analysis of the residential LEED
building market in the US, indicating that social demographics (such
as household income and statewide GDP per capita) and community
policies (related to energy efficiency incentives and adoption of re-
newable energy) play a significant role in influencing residential
LEED projects.

While these studies provided evidence on the spatial dynamics
and influencing factors of local green building markets, there are
several knowledge gaps in this field. First, although prior research
explored the spatial distributions of the green building market and
the market’s transformation over the past decade (Ma and Cheng
2017; Wu et al. 2021), the green building market develops very fast
(Awadh 2017) and previous studies on market distribution should
be considered a snapshot of the previous period (Cidell and Cope
2014), which requires updates in a timely manner. Without an up-
to-date study, it remains unclear how the green building projects
developed so far are distributed geographically. Second, there is
a lack of nuanced county-level analysis of the green building mar-
ket covering the whole US. Previous studies only examined either
certain regions such as the leading cities (Fuerst et al. 2014) or
counties in the East Coast cities in the US (Zhao and Lam 2012),
which can only be generalized to regions and cities with similar
sociodemographic and economic bases. Some studies conducted
a state-level analysis from a macroscopic scale (Gao et al. 2020;
Cidell and Beata 2009), without investigating green building proj-
ects at a county level for the whole US. From the perspective of
statistics, limited cases may lead to a high risk of bias in analyzing
the influencing factors of the green building markets (Ma and Cheng
2017). Third, there is a serious lack of consensus regarding signifi-
cant factors influencing green building markets. Prior studies inves-
tigated green building markets in different regions at various scales
and discovered different factors that seem to be statistically signifi-
cant. These factors include economic growth based on analysis of
major cities in the US (Fuerst et al. 2014), as well as population and
the number of higher education institutes based on investigation
of East Coast cities by Zhao and Lam (2012). Overall, significant
drivers for county-level green building markets in the US remain
unclear. Furthermore, although previous studies investigated the
nonlinear effect of the influencing factors with machine learning
techniques (Ma and Cheng 2017), they neglected the influence
of neighboring areas in the local green building market analysis
(Gao et al. 2020). This may lead to spurious and incomplete con-
clusions when the influencing factors are spatially correlated with
each other (Gao et al. 2020). To account for this spatial spillover
effect, spatial correlation and spatial regression analysis should be
adopted rather than the traditional linear regression used in previous
studies. To address the aforementioned gaps, this research attempts
to investigate the geographical imbalance of the US green build-
ing markets and develop spatial analysis models to investigate and
identify the influencing factors of the market.

Methodology

Data Source and Processing

In line with previous county-level green building market studies,
LEED-certified projects were recognized as the green building proj-
ects in this study, and the number of LEED-certified projects in each
US county was used to measure the development of local green

building markets. The data of certified LEED projects were col-
lected from the US Green Building Council’s official website
(USGBC 2021). After data preprocessing and manual cleaning
(including the removal of confidential projects), a total of 33,146
LEED-certified projects were obtained. The location information
of these projects was collected and mapped to reveal the county-
level geographic distribution of the US green building market.

In terms of influencing factors, we drew on previous studies (Ma
and Cheng 2017; Zou et al. 2017; Zhao and Lam 2012) and pro-
posed six categories that comprehensively cover all aspects of the
green building market: demography, economy, energy, green build-
ing industry, education, and climate (Table 1). Both demographic
and economic information represent the overall development situa-
tion of the area, and can represent the demand for building as well
as the potential of the market. Previous studies demonstrated the
promotion effect of the local economy on both demand and supply
of the green building market (Ma and Cheng 2017; Zhao and Lam
2012). The energy category refers to the energy cost of building
operations, one of the most fundamental elements taken into con-
sideration during the design of green buildings (Eichholtz et al.
2013; Darko et al. 2017). We collected local energy-related price,
production, consumption, and expenditure data to investigate their
effect on local green building markets. For the green building indus-
try category, the green building company index (Han et al. 2020),
green building–related policies (Gou 2019; Choi 2010), and green
building professionals (Bruce et al. 2009) were collected or calcu-
lated to reflect characteristics of the green building industry in each
county. For the education category, because previous studies evalu-
ated the effect of education level on people’s decision-making in
green buildings (Ahn et al. 2013; Rosner et al. 2022), we considered
education level a critical factor for the development of the local
green building market. As such, data of adults with a bachelor’s de-
gree or higher and the percentage of adults with a bachelor’s degree
or higher were collected. For the climate category, we utilized heat-
ing and cooling degree days, which assess the local heating and
cooling needs of the year and additionally have a significant impact
on the diffusion of green building technologies (Koebel et al. 2015).

Spatial Statistical Analysis

Spatial Autocorrelation
The spatial autocorrelation method was utilized to reveal the spatial
agglomeration effect of the green building market and its potential
influencing factors. Spatial autocorrelation is a method to reveal the
spatial distribution pattern of objects (Soltani and Askari 2017).
Anselin (1998) defined spatial autocorrelation as “the coincidence
of value similarity with locational similarity.” This method is widely
applied in investigations of various market-level studies, including
the real estate market (Anselin 1998), to reveal market characteris-
tics with cross-sectional data where the correlation occurs among
contiguous units (Barreca et al. 2020; Moralı and Yılmaz 2020;
Ismail 2006). Specifically, in building market-related studies, spa-
tial autocorrelation has been used to identify the regional spatial
effects of green development in China (Zhang et al. 2020) and to
investigate the impact of the Green Mark on the sale price of the
apartments in Singapore (Dell’Anna and Bottero 2021). Spatial au-
tocorrelation is also utilized in other domains, such as the electric
vehicles (Morton et al. 2018), labor (Pośpiech andMastalerz-Kodzis
2016), and digital markets (Lutz 2019). The broad implementation
of this method in market analysis reveals its practicability in inves-
tigating market-level factors and characteristics.

Another reason for our choice of spatial autocorrelation in green
building market analysis is the spatial dependence of the market
variables. Previous studies in the real estate market identified that
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Table 1. Independent variables with potential influence on the US green building markets

Category Variable Acronym index Source Unit

Demography 1. Population De_Popu US Census Bureau People
2. Housing units De_HU US Census Bureau Unit
3. Population density De_PD US Census Bureau People per square mile

of land area
4. Housing unit density De_HUD US Census Bureau Housing units per square

mile of land area

Economy 5. Per capita personal income Ec_PcPI US Census Bureau Dollars
6. Employment rate Ec_ER US Bureau of Labor Statistics Percentage
7. GDP Ec_GDP US Bureau of Economic Analysis Thousands of dollars
8. House price index Ec_HPI Federal Housing Finance Agency Index

Energy 9. County total energy consumption En_Cons US Census Bureau, US Energy Information Administration Million Btu
10. County total energy expenditures En_Exp US Census Bureau, US Energy Information Administration Dollars
11. Annual energy retail price index En_Pric US Census Bureau, US Energy Information Administration Index
12. State total energy production of the US share index En_Pro US Census Bureau, US Energy Information Administration Index

Green building industry 13. Green company rank count Gr_Count Engineering News-Record Index
14. Green building requirement policies index Gr_RPI US Green Building Council Index
15. Green building incentive policies index Gr_IPI US Green Building Council Index
16. LEED AP count Gr_AP US Census Bureau, US Green Building Council People

Education 17. Adults with bachelor’s degree or higher Edu_Deg Data US People
18. Percentage of adults with bachelor’s degree or higher Edu_Perc Data US Percentage

Climate 19. Heating degree days Cl_Heat US Energy Information Administration Degree days
20. Cooling degree days Cl_Cool US Energy Information Administration Degree days
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real estate data are highly spatially dependent (Barreca et al. 2020;
Ismail 2006). As noted by Wilhelmsson (2002), spatial autocorre-
lation must be considered if the analysis seeks to account for spatial
effects with the inclusion of distance and submarket variables. Spa-
tial autocorrelation is a more practical method of determining the
correlation between the research variable and its spatial location
with the statistical degree of spatial autocorrelation: the Moran’s
I statistic (Gao et al. 2020).

There are two levels of spatial autocorrelation analysis with the
Moran’s I statistic (Fischer and Getis 2009), namely, the global
Moran’s I that provides a single index to summarize the spatial
pattern of the zone and the local Moran’s I that analyzes the sub-
zones to reveal the cluster area of high values (hot spots) or low
values (cold spots) (Anselin 1995). Moran’s I is calculated based
on the following equation:

Moran’s I ¼ n
P

i

P
j wijðxi − x̄Þðxj − x̄Þ

ðPi

P
j wijÞ

P
i ðxi − x̄Þ2 ð1Þ

where n = number of spatial units indexed by i and j; xi and xj =
variables of interest; x̄ = mean of x; and wij = matrix with spatial
weights that define the spatial structure between units i and j. We
utilized the queen contiguity weight matrix, where the criterion de-
fines the neighbors as spatial units sharing a common edge or a
common vertex (Anselin and Rey 2014).

The value of Moran’s I index ranges from −1 to þ1, where
greater positive values indicate greater degrees of spatial clustering,
and the negative values indicate spatial dispersion. In Moran’s I
index, þ1 means similar values are in perfect clustering, while −1
means dissimilar values are in a perfect clustering pattern, and 0
means the feature is in a randomly distributed pattern with no au-
tocorrelation (Yin et al. 2018). Based on the Moran’s I value, the
ZI score can be further calculated to reveal the level of spatial
autocorrelation

ZI ¼
I − E½I�

ffiffiffiffiffiffiffiffi
V½I�p ð2Þ

E½I� ¼ −1=ðn − 1Þ ð3Þ

V½I� ¼ E½I2� − E½I�2 ð4Þ
where E½I� = expected value of Moran’s I under the null hypothesis
of no spatial autocorrelation; and V½I� = variance of I. The ZI
scores and the p-values returned by the pattern analysis indicate
whether the null hypothesis can be rejected or not. In this study,
the confidence level was set at 99% with p-value < 0.01. A ZI
score >2.58 indicates there is a positive autocorrelation of the var-
iable and justifies the existence of the spatial clustering pattern,
while a ZI score < − 2.58 means there is a negative autocorrelation
of the variable.

In this study, the global Moran’s I and ZI score of the green
building market indicator and the 20 potential influencing variables
were computed to reveal their spatial pattern. We also calculated the
local Moran’s I of these variables to identify the location of the
clusters. Distinct from the global Moran’s I, the local Moran’s I
was calculated for every county as a local indicator of spatial asso-
ciation (LISA) to evaluate the clustering in those individual counties.
A LISA can provide a location-based statistic with a significance
assessment and establish a relationship between the sum of local
statistics and the corresponding global statistic (Anselin 1995). The
combination of the indication of significance and the value of the
local Moran’s I in the scatterplot can lead to the classification of
significant locations, such as high-high and low-low spatial clusters,

as well as high-low and low-high spatial outliers (Anselin 1995).
LISA maps were derived from the statistics to indicate the local hot
spots (high-high clusters), cold spots (low-low clusters), and ir-
regular regions (high-low, low-high outliers). The LISA maps dis-
play the distributions of hot and cold spots of all independent and
dependent variables. Some variables could show similar features of
spatial distributions, which indicate strong correlations. To statisti-
cally test the correlations among the variables, we applied Pearson
correlation analysis, which is one of the most universal methods to
measure the monotonic association between two variables (Schober
et al. 2018).

Spatial Regression Models
In this study, spatial regression analysis reveals the relationships
between the local green building market development and its po-
tential influencing factors. The results may be biased in traditional
regression models when the variables are spatially autocorrelated
(Wu et al. 2020). The spatial regression model can reduce the po-
tential bias and provide higher conformity results (R2) than other
models. We applied two spatial regression models that are fre-
quently used in the spatial statistics and spatial economics literature
(Chi and Zhu 2008; Rhee et al. 2016; Fang et al. 2015), namely, the
spatial lag model (SLM) and the spatial error model (SEM). These
two spatial regression models have been widely used in market
analysis with the presence of spatial autocorrelation among depen-
dent and independent variables. For example, Wang et al. (2017)
utilized both SLM and SEM to investigate the determinants of
housing prices, and Zambrano-Monserrate et al. (2021) used SLM
to explore the effect of urban green spaces on the housing market.
When a value observed in one location depends on the values ob-
served at neighboring locations, there is a spatial dependence that
can be caused by the variables or measurement errors. First, our
variables may have an important spatial dynamic, i.e., location and
position may drive the variables, forming the basis for SLM.
Second, our data collection process may induce measurement error.
For instance, the spatial units (counties in this study) at which the
data are processed may not reflect the underlying process. This
forms the basis for SEM.

Specifically, SLM assumes that the dependent variables influ-
ence the dependent variables in the neighboring counties. The
equation of the SLM model is shown in Eq. (5)

y ¼ ρWy þ Xβ þ ε ð5Þ
where ρ = spatial autocorrelation coefficient; Wy = spatial weight
matrix with spatial lag values; β = regression coefficient; X = vector
of independent variables; and ε = vector of random error terms.

Different from SLM, SEM assumes that the error term of the re-
gression is spatially autocorrelated, which may be caused by the
spatial dependence of independent variables. The equation of the
SEM model is shown in Eq. (6)

y ¼ Xβ þ λWεþ δ ð6Þ
where β = regression coefficient; X = vector of independent var-
iables; λ = spatial autocorrelation coefficient; Wε = spatial weight
matrix with spatial error values; and δ = vector of the random er-
ror terms.

Before implementing the spatial regressions, we must conduct a
multicollinearity test, because using redundant information in the re-
gression model might lead to biased coefficient estimates (Salmerón
et al. 2018). Variance inflation factors (VIFs) were computed to as-
sess potential multicollinearity problems in the spatial regression
analysis (O’brien 2007). The VIF value indicates the variable col-
linearity: the higher the VIF value, the higher the potential collinear-
ity. A stepwise multiple linear regression was conducted to compute
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VIFs. After calculating VIFs and removing independent variables
with high VIF values, the final list of independent variables can
be confirmed. Based on the spatial regression decision process, the
Lagrange multiplier (LM) test is required in the determination of
an appropriate spatial regression model for the statistics (Anselin
2005). The Lagrange multiplier test can evaluate hypotheses about
parameters in a likelihood framework, and generate results of the
spatial error condition (LM-error index, robust LM-error index)
and the results of the spatial lag condition (LM-lag index, robust
LM-lag index) (Anselin 2005). The model with a statistically sig-
nificant LM index and robust LM index would be more appropri-
ate to be applied in the spatial regression (Anselin 2005). If both
SLM and SEM show statistical significance in the LM and robust
LM index, the model with a higher value in the index would be
more appropriate (Anselin 2005). In this study, Geoda software
was utilized to run the spatial autocorrelation analysis and spatial
regression models.

Results and Discussion

Spatial Distribution of the US Green Building Market
and Potential Influencing Factors

The spatial distribution of the green building market in 3,141
counties is shown in Fig. 1. The zone of counties with LEED
project between 50 and 200 largely occurs in areas surrounding
the zone of counties with LEED projects above 200. For example,
California has two clustering centers, namely, Los Angeles (1,297
LEED projects) and San Diego (636 LEED projects). Most of the
clustering regions are distributed along the west and east coastal
line,s while few clusters lie in the inland area. To further evaluate
the spatial clustering characteristic of local green building markets, a
queen contiguity weight matrix was developed and utilized to com-
pute the global Moran’s I of the green building projects (Table 2).
The global Moran’s I value of 0.224 (>0, p-value < 0.01) and
Z-score value of 21.21 (>2.58, p-value < 0.01) both indicate the
existence of a significant and positive spatial autocorrelation char-
acteristic of local green building markets.

The global Moran’s I values of the 20 potential influencing fac-
tors are listed in Table 2, revealing that most of the factors have
significant spatial clustering characteristics. The values further jus-
tify the suitability of adopting spatial regression models rather than
traditional ordinary least-squares (OLS) regression models. Specifi-
cally, 15 independent variables show significant spatial clustering
(with global Moran’s I value between 0.244 and 0.977), implying
these variables in the local counties positively impact the surround-
ing neighbors. On the contrary, five other variables (population, lo-
cal total energy consumption, local total energy expenditure, local

Fig. 1. Geographic distribution of the US green building market. (Sources: Esri, USGS Esri, Garmin, FAO, NOAA, USGS, EPA U.S. Census
Bureau.)

Table 2. Global Moran’s I values of the variables

Category Index Moran’s, I Z-zcore

Green building
market development

LEED Projects 0.224* 21.21*

Demography De_Popu 0.055 5.60
De_HU 0.360* 35.09*

De_PD 0.447* 46.04*

De_HUD 0.362* 41.57*

Economy Ec_PCPI 0.393* 36.28*

Ec_EmpR 0.610* 57.48*

Ec_GDP 0.244* 24.01*

Ec_HPI 0.608* 57.57*

Energy En_Cons 0.026 2.48
En_Exp 0.044 4.39
En_Pric 0.437* 45.49*

En_Pro 0.289* 3.94*

Green building industry Gr_Comp 0.064 5.62
Gr_AP 0.109 9.84
Gr_RPI 0.841* 74.41*

Gr_IPI 0.861* 76.19*

Education Edu_Adu 0.373* 35.77*

Edu_Perc 0.435* 4.43*

Climate Cl_Heat 0.977* 89.59*

Cl_Cool 0.964* 88.14*

Note: *p-value < 0.01.
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green company index, and local LEED APs) are not significantly
clustered. The reasons for this spatial randomness vary. For the pop-
ulation variable, the spatial distribution pattern is random without a
clustering tendency [Fig. 2(a)], while for the local green company
index, the number of counties with a local green building market is
very low compared to the total number of counties in the US, lead-
ing to the random clustering pattern [Fig. 2(b)].

Local Moran’s I values were further calculated to reveal the
county-level hot spots of these variables (Figs. 3 and 4). The
high-high areas demonstrate that the county and its surrounding
areas both have high local Moran’s I values. Similarly, the low-
low areas indicate that the county has low values and is also sur-
rounded by counties with low values. As shown in Fig. 3, for
county-level green building markets, most of the high-high areas are
cities, such as Seattle, Denver, Los Angeles, San Francisco, Chicago,
Atlanta, Miami, Washington, DC, Philadelphia, New York, and
Boston. On the other hand, the low-low areas lie in the central part
of the country.

In terms of the independent variables (potential influencing fac-
tors), three types of spatial distribution patterns can be identified
based on their LISA maps (Fig. 4). The first group of variables
shows a similar spatial clustering pattern as the green building proj-
ects, namely, the clustering of high (low) values in metropolitan

(central and rural) areas. These variables include population, num-
ber of housing units, GDP, total energy consumption, and number
of adults with a bachelor’s degree or higher. These variables may be
closely correlated with local green building market development
beecause they share similar spatial clustering patterns. The second
group of variables demonstrates clear clustering patterns at the state
level, including the green requirement policies index, green incen-
tive policies index, and heating and cooling degree days. For the
green building–related policies indexes, the hot spots occur in
Washington, California, Colorado, Florida, and New York. The re-
maining variables have various spatial clustering patterns. For ex-
ample, employment rates display hot spots (high-high clustering) in
the central area and cold spots (low-low clustering) in the coastal
areas, the inverse of the geographical features of the house price
index.

Because the preceding spatial autocorrelation analysis indicates
the dependent variable (number of green buildings) and some inde-
pendent variables (the 20 influencing factors) share similar spatial
distribution patterns, a correlation analysis between the variables
was conducted. Pearson correlation coefficients of all variables used
in this study are given in Table 3. All of the independent variables
are significantly correlated with the dependent variable, with various
correlation levels. Some influencing factors demonstrate a strong

Fig. 2. Spatial distribution of (a) population; and (b) green building company index in the US. (Sources: Esri, USGS Esri, Garmin, FAO, NOAA,
USGS, EPA U.S. Census Bureau.)

Fig. 3. LISA map of green building projects. (Sources: Esri, USGS Esri, Garmin, FAO, NOAA, USGS, EPA U.S. Census Bureau.)
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correlation with the number of local green building projects, such as
demographic variables (e.g., the number of housing units), economy
variables (e.g., per capita personal income, GDP, and house price
index), energy variables (e.g., the price index and production index),
green building industry variables, and education variables. On the
other hand, some variables demonstrate a negligible correlation with
the local green building market, such as population, employment
rate, total energy expenditures, total energy consumption, and cli-
mate variables.

Significant Influencing Factors of the US Green
Building Market

Table 3 shows that among the 20 influencing factors, some are
strongly correlated with each other. For instance, within the same
factor category, the local population density and housing unit den-
sity share a high correlation coefficient of 0.99, and between differ-
ent categories, the numbers of adults with a bachelor’s degree and
GDP are closely correlated with a correlation coefficient of 0.91.
The high correlation between certain pairs of variables indicates
potential multicollinearity issues. Therefore, VIFs of variables are

computed to assess multicollinearity (Table 4). Based on the Pearson
correlation results and the VIF values, four independent variables
with large VIF values were excluded, namely, population density,
housing unit density, energy expenditure index, and the number of
adults with a bachelor’s degree. After removing these four varia-
bles, the new VIF testing shows all VIFs are below 10, which is the
commonly used threshold for VIF testing (Salmerón et al. 2018). A
VIF score of the independent variable larger than 10 indicates ex-
cessive collinearity. As such, the remaining 16 independent varia-
bles passed the multicollinearity testing, and were then applied in
the spatial regression models.

To determine the most suitable spatial regression model, a LM
test was conducted. As shown in Table 5, the LM test statistic for the
spatial lag statistics is not statistically significant (p-value > 0.05),
while the LM test statistic for the spatial error statistics is highly
significant (p-value < 0.01). In addition, the value of the spatial er-
ror model (22.825) is much higher than that of the spatial lag model
(0.088), which indicates there is a strong spatial dependence in the
spatial error model and it would perform better than the spatial lag
model (Yin et al. 2018). The results of the robust LM test also show
that the spatial error model is more appropriate to use in this study

Fig. 4. LISA map of the independent variables. (Sources: Esri, USGS Esri, Garmin, FAO, NOAA, USGS, EPA U.S. Census Bureau.)
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Table 3. Pearson correlation coefficients of the variables

Variable 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

1 — — — — — — — — — — — — — — — — — — — —
2 0.08** — — — — — — — — — — — — — — — — — — —
3 0.06** 0.37** — — — — — — — — — — — — — — — — — —
4 0.05** 0.33** 0.99** — — — — — — — — — — — — — — — — —
5 0.15** 0.27** 0.28** 0.29** — — — — — — — — — — — — — — — —
6 −0.03 0.03* 0.03 0.02 0.30** — — — — — — — — — — — — — — —
7 0.06** 0.88** 0.55** 0.56** 0.36** 0.05* — — — — — — — — — — — — — —
8 0.20** 0.50** 0.26** 0.23** 0.49** 0.13** 0.43** — — — — — — — — — — — — —
9 0.93** 0.05* 0.03 0.03 0.11** −0.03 0.04 0.14** — — — — — — — — — — — —
10 0.99** 0.07** 0.05** 0.04* 0.14** −0.03 0.05** 0.19** 0.97** — — — — — — — — — — —
11 0.06** 0.34** 0.99** 0.98** 0.27** 0.02 0.53** 0.24** 0.04* 0.05** — — — — — — — — — —
12 0.04* 0.45** 0.61** 0.60** 0.21** 0.01 0.53** 0.24** 0.03 0.04* 0.58** — — — — — — — — —
13 0.04* 0.62** 0.54** 0.56** 0.29** 0.04 0.80** 0.29** 0.03 0.04* 0.52** 0.55** — — — — — — — —
14 0.06** 0.46** 0.39** 0.41** 0.24** 0.01 0.56** 0.27** 0.04* 0.05** 0.38** 0.32** 0.6** — — — — — — —
15 0.21** 0.31** 0.17** 0.16** 0.16** −0.08** 0.27** 0.35** 0.12** 0.17** 0.17** 0.10** 0.17** 0.22** — — — — — —
16 0.16** 0.21** 0.14** 0.13** 0.11** −0.15** 0.18** 0.23** 0.10** 0.13** 0.15** 0.08** 0.10** 0.11** 0.65** — — — — —
17 0.08** 0.97** 0.40** 0.38** 0.34** 0.06** 0.91** 0.53** 0.05** 0.07** 0.38** 0.44** 0.67** 0.51** 0.31** 0.21** — — — —
18 0.09** 0.34** 0.23** 0.22** 0.66** 0.33** 0.33** 0.59** 0.05** 0.08** 0.20** 0.18** 0.25** 0.22** 0.20** 0.11** 0.40** — — —
19 −0.09** −0.1** −0.01 −0.01 0.23** 0.18** −0.06** −0.01 −0.10** −0.10** 0.00 −0.06** −0.01 −0.05** −0.15** −0.08** −0.07** 0.17** — —
20 0.02 0.02 −0.03 −0.02 −0.23** −0.05** 0.00 −0.15** 0.05** 0.03 −0.03 0.04* −0.03 0.03 0.01 −0.06** −0.01* −0.21** −0.89** —
LEED
projects

0.074** 0.835** 0.401** 0.399** 0.313** 0.045* 0.876** 0.475** 0.045* 0.064** 0.379** 0.432** 0.767** 0.578** 0.267** 0.162** 0.88** 0.34** −0.056** −0.018**

Note: *p-value < 0.05; and **p-value < 0.01.
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compared to the spatial lag model. Therefore, we selected the spatial
error model to develop the spatial regression model for the analysis.

After standard normalization, the 16 selected independent var-
iables and the dependent variable (number of LEED projects) were
applied in the SEM. Table 6 presents the results of the SEM esti-
mates across the entire sample of 3,141 US counties. The R2 of
SEM 1 is 0.84, and the Akaike information criterion (AIC) value
of the model is 3,268.79, which are both indicators of the goodness
of fit for the spatial model. The Moran’s I of residuals of the model
is very close to zero, indicating that introducing the spatial error
model to allow the spatial correlation of the error terms reduces the
spatial autocorrelation of the residuals and thus improves the model
fitness. However, the coefficients of some variables are significant
while others are not. The insignificant factors are local population,
employment rate, local energy consumption index, two variables
regarding the green building industry, and variables in the education
and climate categories. In addition to these insignificant variables,
some variables have a very low coefficient (lower than 0.1), which
suggests these variables explain very little variance of the dependent
variable (the number of green buildings). These variables include per
capita personal income, energy price index, energy production in-
dex, and LEED AP counts. These variables, together with the insig-
nificant variables, were removed from the independent variable data
set and the SEM was reestimated to generate SEM 2 as shown in
Table 6. All variables retained in SEM 2 are significant. The results
of R2, AIC, and the Schwarz criterion (SC) all indicate the model
performance of SEM 2 is not reduced compared to SEM 1 (Table 6).

SEM 2 suggests that three key influencing factors, namely, the
number of housing units, local GDP, and green building company
index, explain the most variance of LEED project numbers across
the US counties. Specifically, the number of housing units in the
local area represents the county scale, and previous studies indi-
cated a strong correlation with local green building market devel-
opment (Ma and Cheng 2017). Local GDP measures the local
economic development (Chernis et al. 2020), and previous studies
confirmed its strong association with the green building market
(Zou et al. 2017; Ma et al. 2017). Green building projects are abun-
dant in a region with a strong economy, as reflected by its high
GDP. In addition, as the economy develops, it gradually transitions
from a consumption orientation to a greener outlook, where com-
panies tend to invest more in sustainability and environmental pro-
tection (Gibbs and O’Neill 2012), facilitating the green building
market. Previous studies have not specifically investigated the impact
of the number of green building companies on local green building
market development. This study reveals that the number of green
companies is a key influencing factor. Local green building compa-
nies tend to develop green buildings locally before entering markets
in other regions (Chan et al. 2009). These local green companies
also act as role models for traditional building companies in the re-
gion, accelerating the diffusion of green buildings (Yang and Zou
2014). Compared to these three key influencing factors, the house
price index is statistically significant but with a much lower coef-
ficient. This might be because a considerable percentage of green
buildings are public buildings such as government buildings, hos-
pitals, and schools (Olubunmi et al. 2016), which naturally have
little association with real estate prices. This result is also in line
with Zou et al. (2017), who found that real estate price has a min-
imal impact on the number of green buildings in Chinese provinces.
Apart from the influence of these three key variables, the significant
coefficient of 0.21 for lambda in the spatial weight matrix indicates

Table 4. Variance inflation factor of independent variables

Category Index VIF

VIF (after
feature

selection)

Demography De_Popu 98.7 8.4
De_HU 19.9 6.2
De_PD 203.7 —
De_HUD 104.3 —

Economy Ec_PCPI 2.2 2.2
Ec_EmpR 1.3 1.3
Ec_GDP 2.0 9.8
Ec_HPI 2.4 2.3

Energy En_Cons 5.3 8.0
En_Exp 249.5 —
En_Pric 99.7 2.0
En_Pro 2.1 1.8

Green building industry Gr_Comp 3.6 3.6
Gr_AP 1.7 1.7
Gr_RPI 2.0 2.0
Gr_IPI 1.8 1.8

Education Edu_Adu 32.0 —
Edu_Perc 2.6 2.3

Climate Cl_Heat 6.8 6.7
Cl_Cool 6.6 6.5

Table 5. LM test results

Test Value p-value

LM (spatial lag) 0.088 0.765
Robust LM (spatial lag) 6.027 0.014
LM (spatial error) 22.825 0.001
Robust LM (spatial error) 28.763 0.001

Table 6. Spatial error model coefficients and performance

Category Variable SEM 1 SEM 2

Constant 0.00 0.00

Demography De_Popu 0.01 —
De_HU 0.31* 0.37*

Economy Ec_PCPI −0.03* —
Ec_EmpR 0.00 —
Ec_GDP 0.39* 0.32*

Ec_HPI 0.10* 0.09*

Energy En_Cons 0.00 —
En_Pric −0.09* —
En_Pro −0.05* —

Green company
industry

Gr_Comp 0.25* 0.26*

Gr_AP 0.09* —
Gr_RPI 0.01 —
Gr_IPI −0.03 —

Education Edu_Perc 0.01 —

Climate Cl_Heat −0.02 —
Cl_Cool −0.03 —

Model performance Lambda 0.21* 0.27*

R2 0.84 0.83
Log likelihood −1,617.39 −1,732.7

AIC 3,268.79 3,475.41
SC 3,371.68 3,505.67

Moran’s I of residuals −0.01* −0.01*
Note: *p-value < 0.05.
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that these variables in the neighboring areas have a positive spill-
over effect on local green building market development. In other
words, the number of green buildings in a focal county is not only
influenced by the GDP, number of housing units, and number of
green building companies in this county, but is also impacted by
these factors in neighboring counties.

All other variables do not show high explanatory power in the
model. Specifically, this study reveals that county population, per
capita personal income, and employment rate do not significantly
impact the number of green buildings. This suggests it is the eco-
nomic capacity of the county reflected by its GDP, rather than its
population or employment rate, that has a significant impact on
green building development. This study reveals that per capita per-
sonal income does not have a high impact on green building devel-
opment. This finding contrasts previous studies such as Ma and
Cheng (2017), who demonstrated that personal income has a large
numerical impact on identifying the leading counties in green build-
ing development. The present study suggests that with the inclusion
of all counties as study subjects, personal income does not strongly
influence the number of green buildings. Feldstein (2017) suggested
that personal income only illustrates the wealth level of individuals
without reflecting the overall economic capacity of the whole county.
Some counties may have high per capita income but a small pop-
ulation, which leads to low GDP. Because the dependent variable is
the absolute number rather than the percentage of green buildings
in the county, the scale of the economy matters more than per capita
indicators such as personal income. Similarly, this study reveals
that all variables related to energy and climate do not strongly in-
fluence the number of green buildings. This is echoed by Zou et al.
(2017), who found that energy-related factors are not significant in
promoting green buildings at present.

Besides climate- and energy-related factors, this study also indi-
cates that policy-related factors (including regulatory and incentive
policies) are insignificant in differentiating green building develop-
ment in different counties. There is currently no consensus regarding
the role of policies in promoting green building development. Some
studies suggest policies play a significant role; for example, Rakha
et al. (2018) indicated that policies (particularly policies focusing on
energy efficiency incentives and renewable energy adoption) signifi-
cantly influence the residential LEED building market in the US.
Other studies revealed that different policies may have various sig-
nificance in promoting green buildings. For instance, using an OLS
regression analysis, Choi (2010) investigated the impact of regula-
tions and incentives on green building designations in US central
cities, finding that municipal regulatory policy is a useful tool to
promote green office building designations, while incentive-based
policies are not effective. Fuerst et al. (2014) found that only man-
datory requirements impact LEED commercial buildings in the US,
while Zou et al. (2017) demonstrated that incentive policies such as
subsidies are statistically significant for promoting green buildings,
but regulatory policies are not significant in China. Another stream
of research found that policies have no significant impact on green
building development. Ma and Cheng (2017) indicated that policies
may not be a robust differentiable factor for green buildings, be-
cause the US is now a developed green building market and many
counties have already implemented policies. This is echoed by Zhao
and Lam (2012), who found unexpectedly that the direct policy fac-
tor in their model does not show an important role in predicting the
quantity of LEED buildings. Interestingly, Cidell and Cope (2014)
found that there is a statistically significant relationship between
municipal green building policy and the number of registered green
buildings but not with the number of certified buildings. These
mixed findings are likely due to the varying samples used to in-
vestigate green buildings in different regions and different periods

of time. By analyzing the latest, county-level data sets for green
buildings covering more than 3,000 counties in the US, this study
finds that policies (including both regulatory and incentive poli-
cies) do not show statistical significance in differentiating the num-
ber of green buildings in different counties. This is in line with the
argument of Ma and Cheng (2017), who indicated that policies are
no longer a differentiable factor for green buildings because most
counties have already established suitable policies.

Contributions to the Global Body of Knowledge

This study contributes to the global body of knowledge both theo-
retically and practically. Theoretically, this study reveals the exist-
ence of a geographical imbalance and identifies the significant
influencing factors in green building development based on evi-
dence from the US. The geographical distribution pattern of the
green building market is identified with up-to-date data (LEED-
certified projects), which accommodate the fast-growing green
building market (Awadh 2017) and provide the latest snapshot of
green building market development. This empirical study also ex-
plores the green building market at a more detailed scale (county
level) with more cases across the country (3,141 counties in the US)
compared with previous studies (Ma and Cheng 2017; Cidell and
Cope 2014; Gao et al. 2020). Future research seeking to explore the
spatial distribution and evolution of the green building market in
the US can rely on previous literature (Ma and Cheng 2017; Kaza
et al. 2013; Cidell and Cope 2014) and findings in the present study
to investigate the spatial-temporal development of the market.

From a methodological perspective, this study highlights the
application of spatial analysis techniques, such as spatial autocor-
relation and regression, in the investigation of the green building
market. Previous studies such as Zou et al. (2017) relied on de-
scriptive statistics to investigate the spatial distribution of green
buildings, and Ma and Cheng (2017) used density-based clustering
analysis to demonstrate a geographical imbalance of green building
development. Distinct from prior studies, this study used spatial au-
tocorrelation analysis with specific statistical measures, namely, the
global and local Moran’s I statistic, to investigate the US green
building market, statistically proving significant spatial clustering
phenomenon does exist in the national green building distribution.
The spatial statistical techniques employed in this study provide
new perspectives for understanding the distribution of green build-
ing markets globally.

Furthermore, previous studies, based on various data samples,
primarily developed traditional regression or classification models
to identify factors that influence green building market development,
such as the logistic and linear regression models developed by Cidell
and Cope (2014) and various classification models (e.g., logistic
regression, support vector machine, random forest) proposed by Ma
and Cheng (2017). These traditional regression and classification
analyses are not able to capture the spatial spillover effect revealed
by this study, whereby green building development in a region
could be impacted by factors not only within this region, but also
in its neighboring regions (Li and Gan 2021). Different from pre-
vious studies, this study takes this spillover effect into considera-
tion by using spatial regression models rather than the widely used
ordinary least-squares regression models to identify the significant
influencing factors of green building markets. The spatial regres-
sion model developed in this study highlights three key influencing
factors, namely, the number of housing units, local GDP, and local
green building company development, in influencing local green
building markets. Of these factors, local green building company
development is novel. The spatial regression model developed in
this study also echoes the call by Wu et al. (2021) to build new
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analysis models for the green building market. The significant spa-
tial clustering phenomenon and the revealed spatial spillover effect
all contribute to knowledge discovery of green buildings globally.

Practically, this study offers important decision-making impli-
cations for relevant stakeholders of green building development.
Building and construction enterprises face increasing pressure to
transition toward sustainability (Chang et al. 2016b) and need to
make decisions on sustainable construction practices such as under-
taking green building projects. For green building companies, the
spatial autocorrelation in this study shows that green buildings do
significantly cluster in certain counties and the spatial regression
results show that factors such as GDP and number of housing units
in surrounding regions impact the number of green buildings in a
county. This offers important references for companies to optimize
their market entry strategies of developing green buildings.

For local governments, this study reveals that the continuous de-
velopment of mature green building markets, such as the US market
investigated in this study, is dependent on the economic develop-
ment of the corresponding regions. This is an important implication
for not only other mature green building markets such as the UK
market, but also developing green building markets such as the
China market. Incentive policies and regulations could differentiate
local green building market development at the initial stage to a
certain degree, as indicated in Zou et al. (2017), who found incentive
policies show statistical significance in differentiating provincial
green building developments in China. However, once the market
grows to a certain scale, incentive policies lose their effectiveness;
instead, local GDP separates green building markets, as discovered
by this study. Therefore, by investigating the significant factors
influencing the largest national green building market in the world,
namely, the US market, this study offers important policy implica-
tions and lessons to all other countries and regions, regardless of
their development stage in the local green building markets. At the
initial stage of promoting the local green building market, the in-
centive policies can greatly help the market development, while for
the long term, economic development of the corresponding regions
is still the major factor driving green building market growth.

The findings in this study provide a reference for building com-
panies’ decision-making of region selection to develop green build-
ing projects, and for the government to formulate geographically
specific policies to enable a more balanced green building market
development at the national level. Future studies can rely on the
findings in this study to further explore the strategic actions these
stakeholders should take to accommodate or alleviate the spatial
imbalance phenomena of the green building market.

Conclusion

This study identified spatial patterns of US local green building
markets by investigating 33,146 LEED-certified projects in 3,141
counties using spatial autocorrelation analysis. It further investigated
the factors influencing the spatial distribution of green building proj-
ects in these counties. The Moran’s I value of 0.224 indicates spatial
clustering in US green building development, with the LISA map
identifying development hot spots (high-high clustering areas). After
feature selection through Pearson correlation analysis and variance
inflation factor analysis, 16 factors were chosen among the total of
20 factors to be input in the spatial error model. The model reached
high performance with anR2 value of 0.83. Based on the coefficients
of the influential features in the model, we identified three important
factors in differentiating the number of green buildings in different
counties: the number of housing units, local gross domestic product,
and the green building company index. The spatial weight matrix

played a significant role in the model, which indicates the devel-
opment of green building markets in neighboring areas has a sig-
nificant effect on the local green building market in the counties.
Differing from previous studies investigating the spatial patterns
using merely descriptive statistics, this study utilized spatial auto-
correlation to quantitatively evaluate the geographical imbalance
of the US green building market. Related studies often neglect the
spatial spillover effects of potential influencing factors. The spatial
regression models developed in this study take the spatial spillover
effects of influential factors into consideration, and thus form an
unbiased spatial numerical analysis and a more precise green build-
ing market model. Drawing on the lessons from this study, future
studies could also employ spatial autocorrelation and regression
analysis to investigate other building markets.
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