Taylor & Francis
Imte i Taylor & Francis Group

GEOGRAPHICAL

International Journal of Geographical Information
v Science

\

ISSN: 1365-8816 (Print) 1362-3087 (Online) Journal homepage: www.tandfonline.com/journals/tgis20

Geocomplexity explains spatial errors

Zehua Zhang, Yongze Song, Peng Luo & Peng Wu

To cite this article: Zehua Zhang, Yongze Song, Peng Luo & Peng Wu (2023) Geocomplexity
explains spatial errors, International Journal of Geographical Information Science, 37:7,
1449-1469, DOI: 10.1080/13658816.2023.2203212

To link to this article: https://doi.org/10.1080/13658816.2023.2203212

8 © 2023 The Author(s). Published by Informa
UK Limited, trading as Taylor & Francis
Group.

% Published online: 20 Apr 2023.

\J
G/ Submit your article to this journal &

E

Article views: 5154

O

View related articles &'

View Crossmark data &'

@

o
8

=
=

oy

Citing articles: 17 View citing articles &

Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalinformation?journalCode=tgis20


https://www.tandfonline.com/journals/tgis20?src=pdf
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/13658816.2023.2203212
https://doi.org/10.1080/13658816.2023.2203212
https://www.tandfonline.com/action/authorSubmission?journalCode=tgis20&show=instructions&src=pdf
https://www.tandfonline.com/action/authorSubmission?journalCode=tgis20&show=instructions&src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/13658816.2023.2203212?src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/13658816.2023.2203212?src=pdf
http://crossmark.crossref.org/dialog/?doi=10.1080/13658816.2023.2203212&domain=pdf&date_stamp=20%20Apr%202023
http://crossmark.crossref.org/dialog/?doi=10.1080/13658816.2023.2203212&domain=pdf&date_stamp=20%20Apr%202023
https://www.tandfonline.com/doi/citedby/10.1080/13658816.2023.2203212?src=pdf
https://www.tandfonline.com/doi/citedby/10.1080/13658816.2023.2203212?src=pdf
https://www.tandfonline.com/action/journalInformation?journalCode=tgis20

INTERNATIONAL JOURNAL OF GEOGRAPHICAL INFORMATION SCIENCE Tavlor & F .
2023, VOL. 37, NO. 7, 1449-1469 e aylor s« Francis

https://doi.org/10.1080/13658816.2023.2203212 Taylor & Francis Group

RESEARCH ARTICLE 8 OPEN ACCESS ™ Sheckforupdtes

Geocomplexity explains spatial errors

Zehua Zhang?, Yongze Song® (®, Peng Luo® and Peng Wu®

35chool of Design and the Built Environment, Curtin University, Perth, Australia; "Chair of
Cartography and Visual Analytics at the Technical University of Munich, Germany
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The explanation of spatial errors in geospatial modelling has long Received 22 August 2022

been a challenge. This study introduces an index that captures Accepted 11 April 2023

the complexity of local spatial distribution, which can partially

provide insight into spatial errors. While previous studies have =~ KEYWORDS _

explored the complexity of geographical data from various per-  >Patial local.c‘?mple,’"ty;

spectives, there is limited knowledge on assessing the complexity geocomplex{ty' spatial .
i . A 4 X ependence; spatial errors;

while taking spatial dependenge lqto account.. This study pro- economic inequality

poses a measure of geocomplexity, i.e. the spatial local complex-

ity indicator, which characterizes the complexity of local spatial

patterns while considering spatial neighbor dependence. We used

both aspatial and spatial models to estimate the economic

inequality in Australia, and applied the spatial local complexity

indicator to explain spatial errors in these models. Results show

that the developed geocomplexity indicator, using a binary spatial

matrix, can effectively explain spatial errors arising from models,

including 17%-47% of errors in aspatial models and 14% in a spa-

tial model. The experiments in this study support our hypothesis

that geocomplexity is an essential component in explaining spa-

tial errors. The proposed geocomplexity indicator, along with our

hypothesis, has the potential for advancing the understanding

complex geospatial systems and enabling applications in various

fields related to spatial data analysis.

1. Introduction

Geospatial modeling has long faced the challenge of explaining errors that vary across
space (Henebry 1995, Pringle and Lark 2006). Spatial autoregressive methods improve lin-
ear model performance by accounting for spatial impacts and explaining unknown errors
through consideration of the spatial dependence of variables or residuals (Chi and Zhu
2008). The effectiveness of the spatial dependence concept in error illumination is demon-
strated by the boom of autoregressive models in spatial analysis. In this study, we pro-
pose a new spatial complexity index by extending the spatial dependence expression to
explain unknown errors from regression models. Complexity, a concept opposite to
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simplicity, refers to being uncertain, unpredictable, hard to describe or explain, or difficult
to solve (Suh 1999), and this feature has been investigated in spatial research.

Describing and predicting distributions and explaining the cause of patterns in spa-
tial science can be challenging when the impacts of factors and interactions among
factors change across space (Weisent et al. 2012), leading to the emergence of spatial
complexity. Previous studies have investigated the complexity of geographical data
using various perspectives, including geomorphology indicators, information theory,
and structural complexity. First, geomorphology indicators, such as stand density and
surface fraction, have been used to measure spatial complexity by quantifying spatial
distribution. This complexity measure has been applied in investigations of geospatial
patterns of various land covers (Owers et al. 2016; Rufino et al. 2020). Second, spatial
information can be measured using Shannon entropy, which is based on information
theory. This complexity measure has been applied in urban studies and water resource
management (Batty et al. 2014; llunga 2019). Third, structural complexity, which is
based on a fractal dimension, can be used in ecological studies to understand spatial
information (Yanovski et al. 2017). In addition to quantitative measures, spatial com-
plexity can also be understood in terms of the existence of spatial scales. This is
because patterns and relationships may differ at different spatial granularities due to
the scale dependence effect (Cola 1994).

Our study extends the understanding of complexity from the concept of spatial
dependence and proposes a new spatial index. Spatial dependence, defining an ideal
spatial pattern under geographical impacts, advises that spatial features at a location
are more correlated with nearby features than distant ones (Epperson and Li 1996),
and similar spatial features tend to cluster. Spatial dependence, demonstrated by a
spatial autocorrelation phenomenon, can be measured by Moran’s | and Geary’s C glo-
bally, and local spatial autocorrelation can be indicated by Local Indicators of Spatial
Association (LISA) (Anselin 2019, Poudyal et al. 2019). By extending the recognition of
spatial dependence, this study proposes a geocomplexity measure, i.e. spatial local
complexity indicator, to characterize the complexity among local spatial patterns and
the spatial dependence for spatial neighbors. The spatial local complexity indicator
indicates spatial distributions that exceptionally contradict the concept of spatial
dependence as a complexity. We then developed a series of traditional models (i.e. lin-
ear regression, support vector regression, and geographically weighted regression) to
model the economic inequality in Australia, and spatial local complexity is further
applied to explain spatial errors from these traditional models. Finally, the explanation
power of geocomplexity as a geospatial impact may vary across space, as indicated by
spatial heterogeneity (Luo et al. 2023) and spatial association (Song and Wu 2021,
Song 2022a). This feature of spatial variation can be captured geographically weighted
regression (GWR) (Fotheringham 2002). Therefore, in this study, we employed GWR to
model the power of error explanations using geocomplexity.

2, Spatial local complexity

The spatial local complexity quantifies the relationship between an area of interest
and its surroundings, as well as the relationships among the spatial neighbors of the
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target area. In previous studies, indicators of spatial dependence, such as Moran'’s
measures and Geary’s measures, have been commonly used to measure the difference
between the selected area and surrounding neighbors. According to the concept of
spatial dependence, the spatial dependence phenomenon may exist in the surround-
ings of this selected area, where two surroundings are spatial neighbors or not spa-
tially isolated. Thus, the spatial dependence between two spatial neighbors may exist
under the geographical impact of the selected area. This study proposes the concept
of spatial local complexity as a measure of geocomplexity, which extends previous
measures and considers spatial dependence in this circumstance. The spatial local
complexity uses a Moran measure to quantify local spatial patterns and the spatial
dependence on their neighbours.

The process of measuring spatial local complexity is illustrated in Figure 1, and its
formulas are shown in Equations (1) and (2). Equation (1) is identical to Equation (2),
and Equation (1) is the form with a spatial adjacency matrix. In this study, we further
normalize the spatial local complexity value by transferring P; value in Equation (2)
into G; value in Equation (3). The spatial local complexity is composed of two features:
the local feature and the surrounding feature. The local feature is a measure of local
spatial autocorrelation. The surrounding feature measures the spatial dependence of
the surrounding environment under the spatial impacts of the measured central area.
Both the local and surrounding features are quantified using a Moran-based measure.
The Moran-based measure quantifies the spatial dependence between locations by
summing the multiplication of Z-score values, which can represent both magnitude
and direction. The spatial local complexity is explained as follows.

‘I m 1 m 1 n
P = _Ezizjﬂ Wi e Zi_ﬁzjﬂ WU.ZJV_ka:1 Wik @ Wic  Zi M
1 m 1 n
Pi = _EZJ:JZI. Zj+v_kzk:1zf'zk] @)
P.—min(P:
G — _ pminP) 3)

max(P;)—min(P;)

Geocomplexity = Local feature + Surrounding feature
= s 1 a \ Value
Spatial local complexity = ——Z;y Wi+ Zj—|— Y Wi+ Z;— > Wi - Wi - Zig
at location i m ; m ; Uk g | Al A4 3
LISA | 2

S g
=—-=)> [Zi-Z;+ — Z;- Zy)
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{k:} are neighbours of both j and i. A;:0.00 complex

Figure 1. A measure of spatial local complexity.
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where P; is the spatial local complexity for a location ‘i and G; is the normalized indi-
cator, i.e. the developed geocomplexity indicator in this study; W is a spatial adjacency
matrix indicating the spatial relationship between observations. The adjacency matrix
is represented by ‘0’ and ‘1". When location ‘i’ and location /' are spatial neighbors,
the value Wj; is ‘1". Z; is the standardized value (Z-score) of the selected factor at loca-
tion I'; Z; is the Z-score of the selected factor at location j, and ’j' is the spatial neigh-
bor of the location ‘i'; Zi is the Z-score of the selected factor at location ‘k’, and k" is
the spatial neighbor of both location j' and ‘', and {k} is a subset of {j}; m is the
total number of spatial neighbors of location ‘i'; v¢ is the number of spatial neighbors
of location ‘' while these neighbors for location /' should be spatial neighbors of loca-
tion ‘i" at the same time.

Equation (1) illustrates the computation of spatial local complexity using a spatial
adjacency matrix, with the term ‘'Z; 3", Wje Z' is based on a Moran measure for
local spatial autocorrelation. This research makes further exploration by introducing
the term ’Zj’L VI/,~,~onVlkZZ:1 Wi ® Wi ® Z,' to capture the surrounding local spatial
dependence from the view of location ‘i". This term calculates the product of Z-score
in location j’ (the spatial neighbor of location ‘') and Z-score in location ‘k’ (the spatial
neighbor of both location ‘/' and location ‘j, and also the spatial neighbor of location
‘' restricted by spatial impact from location ‘). In other words, this term partially com-
putes the local Moran value of location ‘. Only when the neighbor of j' is the neigh-
bor of ‘i' at the same time will location 'k’ be considered in the computation. This
computing strategy ensures that all computation results are related to the target loca-
tion ‘/'. The value of 'Z; 37", Wj e Z;" is positive when a majority of surroundings have
the same sign (positive or negative) as the location /', indicating strong local autocor-
relation. Similarly, when a majority of Z-scores in location ‘k’ have the same sign (posi-
tive or negative) as those in each of the locations , the term
o Wi e Zi 3L Wi Wi @ Zi' has a high positive value, indicating strong autocor-
relation among the surroundings. To balance the impact of surrounding autocorrel-
ation with the main local spatial autocorrelation, a weighted average strategy is
employed by dividing vy and m. The value of vlk ensures that the impact of each sur-
rounding autocorrelation does not exceed the impact of the main local spatial auto-
correlation, while the value of % ensures that the measure of spatial local complexity
is not influenced by the number of neighboring observations.

Equation (1) can be simplified to Equation (2) under clear spatial relationships
among ‘7', 'j, and ‘k’. Figure 1 illustrates the relationships among three types of loca-
tions, with an example under the queen criterion. When the location ‘i is at the center
of the square, the set of {j} refers to the eight surrounding squares. For each element
in {j}, the corresponding sets of {k} and v, are different. For instance, when an elem-
ent j is located at the top of location ', the set of {k} consists of four squares
marked in blue, and the value of v, is 4.

Equation (1) and Equation (2) employ the negative summation of local and sur-
rounding features to measure spatial local complexity, where negative values repre-
sent more spatial complexity and lower values indicate less disorder. The negative
measure of spatial features is consistent with the understanding of complexity, as a
higher value indicates more spatial complexity. Areas with strong spatial dependence
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should exhibit similar Z-scores between the area and its surroundings, while regions
with low geocomplexity are expected to have negative spatial local complexity values.
For example, in Figure 1, A; exhibits a relatively low spatial local complexity value and
follows a pattern of spatial autocorrelation, while the surrounding patterns are simple.
However, both local features and surrounding features from A, and A4 are complex, as
demonstrated in disorder against spatial dependence, resulting in corresponding spa-
tial local complexity values that are positive or close to zero according to Equation (1).

This research further normalizes the spatial local complexity in Equation (3) to
explain spatial error from traditional estimation models. As a region may have multiple
spatial variables representing different attributes, the value range of the spatial local
complexity of each variable may differ. The normalization process ensures that the
value ranges of all relevant spatial local complexity from variables are the same and
range from 0 to 1. This study uses normalized complexity to examine the extent to
which spatial local complexity can explain unknown errors in linear models, machine
learning models, and spatial heterogeneity models. Additionally, this study assesses to
what extent the consideration of spatial local complexity could improve the perform-
ance of the GWR model.

3. Case study: determinants of nation-level economic inequality

Income inequality, which refers to the unequal distribution of income across different
scales, is a form of economic disparity. This phenomenon has been on the rise in
developed countries, including Australia, over the past decades (Athanasopoulos and
Vahid 2003). Understanding economic disparity and the associated factors can benefit
Australian national policy-making. Previous studies, dating back to 1960s, indicate that
economic inequality is associated with various factors, such as gender, specific industry
activities, education level, and employment (Murray 1978, Reeson et al. 2012, Fleming
and Measham 2015). However, as circumstances have changed over time, the current
association between economic inequality and socio-economic variables requires fur-
ther investigation. The Gini coefficient is currently the most widely used inequality
indicator, with acceptable properties of scale and size independence (Athanasopoulos
and Vahid 2003). Detailed and precise information on the Gini coefficient at different
spatial scales is accessible from the Australian Bureau of Statistics (ABS) source
(Australian Bureau of Statistics 2020). Statistical Area Level 3 (SA3) is a spatial scale
representing entire regions serviced by regional cities. Investigations conducted at this
regional level can provide guidance for more detailed regional decision-making
(Australian Bureau of Statistics 2016). To address gaps and provide potential value to
policy-making, we conduct a case study on nationwide economic inequality and its
associated factors at SA3 level in Australia. In this study, we introduce spatial local
complexity as a spatial index to explain unknown residuals from traditional models.

3.1. Economic inequality data

The Gini coefficient is a critical economic indicator measuring the inequality of income
distribution (Cowell 2011, Mukhopadhyay and Sengupta, 2021). Its value ranges from
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0 to 1, where 0 represents ideal economic equality and 1 indicates extreme inequality,
with a coefficient over 0.5 indicating severe gaps in income distribution (Shorrocks
1978). Understanding the determinants and spatial patterns of economic inequality
can assist regional planners in designing regions with more effective policies. In
Australia, nationwide economic inequality data are available from the ABS based on
census data. The Gini coefficient at the SA3 level, obtained from the government-
maintained website (Australian Bureau of Statistics 2020), is used as a dependent vari-
able in this study to indicate economic inequality. The 2016 census report indicates
that 16% of SA3 regions have Gini coefficients above 0.5, and all regions with Gini
coefficients above 0.55 are located in major cities (Australian Bureau of Statistics
2020). Figure 2 shows the distribution of economic inequality across Australia, with all
five major cities containing regions with Gini coefficients greater than 0.5.

Several factors may cause the unbalanced economic distribution, as indicated by
the Gini coefficient. These factors include education, local income levels, gender, infra-
structure development, and financial status of the community (Rodriguez-Pose and
Tselios, 2010; Solga, 2014, Klenert et al. 2018, Liczbinska and Sobkowiak 2020). In add-
ition to these factors, the industrial sector also plays a key role in economic develop-
ment. Three key industries in Australia, including manufacturing, mining, and utility
supply and waste service, contributed 25% of the national GDP in 2016 (Australian
Bureau of Statistics 2018). A study has shown that industrialization also has impacts
on wage inequality (Sbardella et al. 2017). Thus, industrial company, industrial
employee scale, and industrial area scale may have an impact on economic inequality

N
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Figure 2. Spatial distributions of Gini coefficients in Australia (a) and major cities, including
Brisbane (b), Sydney (c), Perth (d), Adelaide (e) and Melbourne (f).
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distribution. This study will explore the relationship between economic inequality and
these influential variables. This study will also test the ability of geocomplexity to
explain unknown residuals from traditional models by using different spatial matrices,
which will be compared with another spatial index.

3.2. Explanatory data

The datasets containing potential explanatory variables in this study were sourced
from ABS, OpenStreetMap (OSM), and National Pollutant Inventory (NPI), as demon-
strated in Table 1. The study considers eight social and infrastructure variables that
may be associated with economic inequality. These variables include sex ratio, internet
accessibility rate, higher education level, median income level, house ownership rate,
number of key industrial companies, and number of industrial employees. The data for
these variables were sourced from ABS at the SA3 level in 2016 (Australian Bureau of
Statistics 2020), under categories of population and people, income, education and
employment, and family and community. The corresponding SA3 spatial boundaries
were also obtained from the ABS data archives (Australian Bureau of Statistics 2016).
Furthermore, this study also incorporates the industrial area scale as an independ-
ent variable. The industrial scale is calculated as the ratio of the total industrial area
within the SA3 region to the corresponding SA3 area size. In this study, the industrial
area encompasses regions and lands that are designed to support industrial activities
such as manufacturing, mining and utility supply, and waste service. These industrial
regions contain both land use planned for industrial activities and areas with a high
density of industrial infrastructures. Industrial land uses are represented by OSM land
use polygons tagged with ‘industrial’ in this study because the definition of OSM
industry coincides with the three key industries under the scope of Australian industry
(Australian Bureau of Statistics 2018). High-density industrial infrastructure areas are
regions that have a number of relevant infrastructures recorded by the Australian gov-
ernment at NPI or outlined by OSM, and the infrastructure density is measured by a
kernel density estimation approach. OSM-based land use polygon and industrial infra-
structure data for the year 2016 are available on the OSM website (Geofabrik and
OpenStreetMap contributors  2020). Industrial infrastructures recorded by the
Australian government from NPI are available on the government-maintained website
(Department of the Environment and Energy, Australian Government 2020). The identi-
fication of final industrial areas follows a validated spatial methodology based on

Table 1. A summary of explanatory variables.

Variable name Unit Data description Source
Sex ratio % Sex ratio ABS
Internet coverage % Internet accessed from dwelling ABS
Higher education ratio % Higher education level ABS
Income AUD Median income level ABS
House ownership % Percentage of people who owned a house ABS
Industrial company count Number of industrial companies ABS
Industrial employee count Number of industrial employees ABS
Industrial land use polygon [N
Industrial scale % Key industrial infrastructure OSM

Key industrial factory NPI
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Australian Statistical Geography Standards (ASGS) (Song et al., 2018, Zhang et al.
2022).

3.3. Experiment design

This research contains five key stages as demonstrated in Figure 3. First, basic regres-
sion assumptions should be satisfied, which is indicated by the correlation test and
multicollinearity test. Variables that satisfy regression assumptions, given the case
study of economic inequality, are selected. Second, geocomplexities for selected deter-
minants are computed based on the proposed definitions in Section 2. By applying
further tests of regression assumptions, geocomplexities that are relevant to economic
inequality are chosen. Next, three traditional models (i.e. multiple regression, SVR and
GWR) are applied with optimized parameters to estimate nationwide economic
inequality. These three selected regression models have been applied in various appli-
cations, given their properties. Multiple regression (i.e. linear regression) is the simplest
and most commonly used model for estimation and prediction. SVR is the regression

1. Economic inequality influential factor selection

Potential influential factors Correlation test

Gini~influential factors

Multicollinearity test

Selected influential factors

2. Geocomplexity 3. Model estimation error

’ Geocomplexity computing

computation and selection m A e
—>  regression (GWR) ‘—>/ GWR:rsrgTatlon /
| Gini~selected factors |/

Gini~Geocomplexity
Geocomplexity of selected
influential factors

Correlation test ‘
| Support vector regression /= i I
l (SVR) 5/ SVR estimation /

/

Gini~selected factors [ &

Selected Geocomplexity Multicollinearity test’ —_— >
Multiple regression (MR) |/ MR estimation /
Gini~selected factors+Geocomplexity Gini~selected factors ‘ /’/ error
|
4. Geocomplexity 1 GWR model explains errors Geocomplexity explains
explains spatial errors ‘ Error~selected Geocomplexity spatial errors

I

~ Errors explained by LOSHand
5. Method comparison Geocomplexity using row
standardized matrix

Statistical conclusion of
Geocomplexity

Key process Selected factors Model errors Raw input Key results

|

Figure 3. The workflow for assessing geocomplexity of economic inequality and its contribution to
explaining spatial errors.
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model with machine learning techniques, which has more power of explanation and
has also been widely used (Nieto et al, 2021). GWR is one of the most commonly
used regression techniques modeling geospatial information (Fotheringham 2002).
These methods are selected as classic representatives of a regression model. Then,
selected geocomplexities are utilized to estimate residuals from three regression mod-
els using GWR to measure to what extent different types of model errors can be
explained by the spatial index. Finally, the power of error explanation of geocomplex-
ity using the binary spatial matrix is compared with that of local Geary’s C and geo-
complexity using row standardized matrix.

In this study, correlation tests and multicollinearity tests are applied to help select
influential variables and complexities that satisfy regression assumptions from a num-
ber of candidate variables. The correlation test is the test of the Pearson correlation
coefficient. A p-value greater than 0.05 for the Pearson correlation coefficient with the
Gini coefficient indicates that the corresponding variable or geocomplexity is not stat-
istically relevant to economic inequality. This study applied two multicollinearity tests
indicated by variance inflation factor (VIF) value to diagnose the interrelation among
variables and validate the basic regression assumption. A threshold of 2.5 is set for VIF
value, indicating multicollinearity, and factors with VIF value higher than 2.5, indicating
considerable collinearity, are filtered (Johnston et al. 2018). The multicollinearity test is
applied twice in this study. The first multicollinearity test during the economic inequal-
ity factor selection process is applied to validate the regression assumption for
selected influential factors. The second multicollinearity test for geocomplexity selec-
tion further diagnoses the inter-association among selected influential factors and their
geocomplexities.

3.4. Models and errors

This study employs three models (i.e. multiple regression, support vector regression,
and GWR) to investigate the relationship between economic inequality and determi-
nants. For the multiple regression, model parameters are calculated based on the
Least Squares using R packages. For the SVR model, optimal machine learning parame-
ters, including the cost value and the gamma value, are determined by ten-fold cross-
validation, and SVR estimation results are computed by the ‘e1071’ R language pack-
age. In this study, the cost of SVR is selected from all values from 0.1 to 100 with 0.1
as a step. For the GWR model, the optimal bandwidth is determined by cross-valid-
ation operated by the ‘spgwr’ R language package. Starting with an initial value from
0 to 1, the performance of bandwidth is assessed using leave-one-out cross-validation.
The optimal bandwidth should have the best estimation performance, and the change
of performance is small enough till the next iteration for searching. The GWR band-
width in this study is adaptive based on k-nearest neighbors. The GWR model is
applied to explain the cause of economic inequality with spatial concerns. At the final
stage, selected geocomplexities will be applied to explain errors from these three
models. The GWR model is a quantitative analysis approach representing the second
law of geography, and this spatial method is further used to show to what extent spa-
tial disparity of geocomplexity can explain errors from three traditional models.
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4, Results
4.1. Determinants of economic inequality

Based on the correlation test, six variables, including higher education ratio, sex ratio,
income, house ownership, industrial employee, and industrial scale, were initially iden-
tified as potential determinants of economic inequality. The multicollinearity test
revealed that the higher education ratio had a high degree of collinearity with other
factors, with a VIF value over 8, which is higher than the threshold value 2.5. To satisfy
regression assumptions, the higher education ratio was removed, leaving the remain-
ing five variables with VIF values lower than 2.5, including sex ratio, income, house
ownership, industrial employee, and industrial scale, to be selected. Table 2 shows the
global coefficients and performance of the multiple regression model for the five
selected determinants. The p-values for income, house ownership and industrial
employee were less than 0.001, indicating their significant contributions to explaining
economic inequality. The results suggest that a higher median income level, higher
percentage of house ownership, and lower number of industrial employees could
increase economic inequality. The general model with five selected factors is accept-
able as indicated by the p-value for F-statistic. Spatial local complexities were com-
puted for the five selected determinants, and relevant spatial local complexities were
applied to explain unknown errors from three traditional models.

4.2. Geocomplexity of explanatory variables

The correlation matrix in Figure 4 shows that spatial local complexities of income and
industrial employees are correlated to economic inequality. The introduction of these
two spatial local complexities does not cause the VIF values of the previously selected
factors and the two correlated spatial local complexities to exceed the threshold of
2.5. Therefore, the spatial local complexities of income and industrial employees are
then selected as influential geographical factors impacting economic inequality.

Figure 5 shows the statistical distributions of two selected spatial local complexities
for factors compared with the corresponding factor values. The scatter plots show the
distributions of income level and industrial employees against their local spatial com-
plexity patterns, with each point representing an SA3 region. According to Figure 5(a),
higher spatial complexity of local income tends to locate in SA3 regions with low-

Table 2. Multiple regression for modelling Gini coefficients at the

SA3 level.

Variable Coefficient (significance level)
Intercept 265701 (¥¥¥)
Sex ratio -9.01e™%
Income 2.12e7%6 (¥#¥)
House ownership 3.04e703 (¥¥¥)
Industrial employee —2.54¢706 (¥¥¥)
Industrial scale -3.27¢7%
p-value for model <0.001
R-squared value 0.47

AIC value -1288

***indicates significance level indicated by a p-value less than 0.001.
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Figure 4. The correlation matrix among Gini coefficients selected explanatory variables, and geo-
complexities of explanatory variables. Note: ‘x’ indicates that the correlation is not significant.
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Figure 5. Geocomplexity of selected variables in SA3 regions colored by Gini coefficient. (a)
Income level v.s. Geocomplexity of income. (b) Industrial employee counts v.s. Geocomplexity of
industrial employees.
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medium income levels, and a similar trend is shown in the industrial employee count
in Figure 5(b). The findings suggest that regions with either very high or very low val-
ues of income or industrial employees tend to exhibit simple local spatial patterns,
with those having the highest values displaying the most simple local spatial patterns.
In contrast, regions with moderate values show the highest levels of geocomplexity.

4.3. Errors from three models

Three models, including multiple regression, SVR, and GWR, are applied to estimate
nationwide economic inequality. Section 3.4 explains the process of determining
model parameters. Table 3 demonstrates the performance of the three models, while
Figure 6 shows statistical distributions of estimation errors. Using the Least Squares
method, multiple regression can explain 47% of the economic inequality. Using ten-
fold cross-validation, the SVR model selects a cost value of 1.4 and a gamma value of
0.2 for the radial kernel as optimal parameters. With these optimal parameters, the
SVR model can explain 65% of the economic inequality. By applying cross-validation
for the adaptive bandwidth selection, the GWR estimation performs the best among
the three models with an R? of 76%.

4.4. Geocomplexity explains spatial errors

4.4.1. Overview of explaining spatial errors using geocomplexity

This research aims to further investigate the extent to which spatial local complexities
can explain estimation errors of traditional models, and how selected geocomplexities
can explain spatial errors. Considering the spatial variation of geography impacts, we
used GWR to quantify the explanation of selected spatial local complexities on estima-
tion errors. Table 4 shows the statistical summaries of the significant results of three
error explanation models based on GWR. The spatial disparity of selected complexities
can explain 47% of linear regression errors, 17% of SVR regression errors, and 14% of
GWR errors. The residual-fitted plots of error explanation models are shown in Figure
7(a), and residuals are randomly distributed around the horizontal line of 0 without

Table 3. Performance of three models.

MR model SVR model GWR model
R? 0.472 0.646 0.761
RSS (Residual sum of squares) 0.396 0.266 0.179

(5

@  —E— C
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0 o1
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80 40
40 20
[ = 0 f—
-0.10 -0.05 0,00 0.05 0.10 -0.05 ol 0.05

0 =
0.1 0.00
GWR error

.0 . .0 A
Multiple regression error SVR error

Figure 6. Statistical distribution of model errors. (a) Errors of multiple regression estimations. (b)
Errors of SVR estimations. (c) Errors of GWR estimations.
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Table 4. A summary of the contribution of geocomplexity in explaining spatial errors.

Count of significant results and MR error SVR error GWR error
explanation model summaries explanation explanation explanation
Geocomplexity of income 237 105 53
Geocomplexity of industrial employee 95 70 3
Global R? 0.467 0.166 0.136
AIC value -1459 -1477 -1575
RSS value 0.211 0.221 0.155

Note: The statistical significance level is 0.05. The total observation count is 333.

Residual-fitted plots of error explanations Residusl e multiple regression
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@ | (b)
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Figure 7. Residuals of error explanations. (a) Residual-fitted plot of error explanation from three
models. (b) Q-Q plot showing residuals of multiple regression error explanation. (c) Q-Q plot show-
ing residuals of SVR error explanation. (d) Q-Q plot showing residuals of GWR error explanation.

significant linear or non-linear patterns. Thus, there is no significant non-linear or het-
eroscedasticity problem for the three explanation models. Q-Q plots from Figure 7(b-
d) demonstrate probability distributions of residuals from three error explanations
compared with randomly generated data with normal distribution. For residuals from

multiple regression and GWR error explanation models, a majority of points fall on the
reference line as shown in Figure 7(b-d).

4.4.2. Spatial explanation of multiple regression errors by geocomplexities

Figure 8 demonstrates how estimation errors from multiple regression can be spatially
explained by selected spatial local complexities. The spatial local complexity of income
and industrial employees can significantly explain linear errors in many regions in the
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Figure 8. Coefficients of geocomplexity of income and industrial employee in multiple regression
error explanation. Distribution of geocomplexity of income in Australia (a) and major cities includ-
ing, Sydney (b) and Melbourne (c). Distribution of geocomplexity of industrial employees in
Australia (d) and major cities including, Melbourne (e) and Adelaide (f).

Australian continent. The spatial local complexity of income is positively significant in
Northern Territory and remote areas of New South Wales, while the geocomplexity
coefficient is negatively significant in a majority of regions, including Melbourne,
Brisbane, Perth as well as other inner regional and remote areas. Figure 8(b) demon-
strates the explanation of geocomplexity in Sydney’s surrounding regions, and Figure
8(c) shows that the spatial explanation for linear errors varies in Melbourne. The spatial
local complexity of industrial employees is positively significant in Melbourne and the
inner region of New South Wales and Brisbane, but negatively significant in Adelaide
and surrounding regions.

4.4.3. Spatial explanation of support vector regression errors by geocomplexities
Figure 9 illustrates how spatial local complexity can explain errors from SVR estima-
tions. As a result, significant results are distributed in the East part of the



INTERNATIONAL JOURNAL OF GEOGRAPHICAL INFORMATION SCIENCE ‘ 1463

i b N
(a) vy R (b) 5

>z

1040 80km

Coefficient of K‘ /vw
geocomplexity "
of income ek

= -0.205 --0.196
= -0.196 - -0.158
= -0.158 - -0.153
= -0.153 - -0.082

1 Not significant

(c) 0 60 120km

(d)

>z

>z

040 80km

Coefficient of’- N
geocomplexity T
of industrial &
employee W[ &
= -049-0
= 0-0.09
= 0.09-0.15 0__ 400

= 0.15-0.26

© Not significant ti\»?‘*‘ 0 15 30 km|

Figure 9. Coefficients of geocomplexity of income and industrial employee in SVR error explan-
ation. Distribution of geocomplexity of income in Australia (a) and major cities including, Brisbane
(b) and Melbourne (c). Distribution of geocomplexity of industrial employees in Australia (d) and
major cities including, Brisbane (e) and Sydney (f).

continent. Spatial local complexity of income is negatively associated with SVR
errors, and significant results of income complexity are clustering in Melbourne and
Brisbane as shown in Figure 9(a). Furthermore, the higher absolute value of the
coefficient in Brisbane indicates that SVR errors are more sensitive to the change
of spatial impact in Brisbane and surrounding areas. In terms of spatial local com-
plexity of industrial employees, a majority of significant results demonstrate a posi-
tive relation, and a small number of negative significant results are distributed in
the Northern Greater Brisbane Area as shown in Figure 9(d,e). The positive signifi-
cant coefficient of spatial local complexity of industrial employees is higher in the
Southern of the continent.
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Figure 10. Coefficients of geocomplexity of income and industrial employee in GWR error explan-
ation (a). Distribution of geocomplexity of income in Brisbane (b).

4.4.4. Spatial explanation of geographically weighted regression errors by
geocomplexities

The spatial disparity of two selected complexities can also further explain the remain-
ing errors from the GWR model only concerning five influential factors. As shown in
Figure 10(a), spatial local complexity of income is negatively associated with GWR
errors in 53 SA3 areas and spatial local complexity of industrial employees is positively
associated with GWR errors in three SA3 areas in New South Wales. Significant results
of spatial local complexity of income are distributed in the surrounding inner regions
of the Greater Brisbane Area as shown in Figure 10(b). The absolute value of the
income complexity coefficient is higher in regions close to Brisbane than in other
regions in Victoria and South Australia.

4.5. Method comparison

Our study proposes a new spatial index named ‘geocomplexity’, which indicates the
pattern of spatial local complexity based on a Moran’s measure. This index is com-
posed of LISA and all spatial associations between connecting neighbors of the target
area with Moran’s measure. This spatial index is derived from and naturally connected
to the local autocorrelation index. In this section, we add further tests, given the same
case study of the association between Gini coefficient and independent variables
shown in Section 3, using local autocorrelation represented by local Geary's C and
geocomplexity with row standardized spatial weight matrix to explain errors from
three traditional models. Further tests follow the same workflow and criteria of factor
selection as shown in Figure 3. As a result, two spatial indexes for both income and
industrial employees, identical to factor selection results in Section 3, are selected to
explain errors from three models.

The performances in terms of the power of error explanation using three spatial
indexes are shown in Table 5. Errors from three traditional models are explained by
spatial indexes of local income level and industrial employee count. Geocomplexity
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Table 5. The comparison between geocomplexity and local autocorrelation index on error
explanation.

Geocomplexity with Geocomplexity with
Geocomplexity with row standardized binary spatial weight
Performance (Global  binary spatial weight spatial weight matrix ~ Local autocorrelation ~ matrix using global
R%, RSS, AIC) matrix using GWR using GWR index using GWR regression
Multiple regression 47%, 0.21, -1459 42%, 0.23, -1430 38%, 0.25, -1418 3%, 0.38, -1299
error explanation
model
SVR error 17%, 0.22, -1477 6%, 0.25, —1444 7%, 0.25, -1448 1%, 0.26, -1426
explanation
model
GWR error 14%, 0.16, -1575 12%, 0.16, —1567 12%, 0.16, -1569 1%, 0.18, 1556
explanation
model

Bold values show the explanatory power of the optimal geocomplexity indicator for the errors of the three models.

with binary spatial weight matrix, with detailed results demonstrated in Section 3, has
the best power of explanation for errors among all three methods. By replacing with
row standardized spatial weight matrix for the computation of geocomplexity, the
power of error explanation decreases. Geocomplexity with a row standardized matrix
can explain more linear regression errors than local Geary’s C, but the power of
explanation for the other two model errors is no different from that of local autocor-
relation. Both geocomplexity and local autocorrelation are localized variables and they
perform better using local regression models.

5. Discussion

This study proposes a spatial index to measure the concept of complexity regarding
spatial dependence. As geospatial impacts are not constant across space, the spatial
complexity may vary in different places. Therefore, this research applies GWR models
to quantify the spatial association between economic inequality and selected variables
and explain unknown errors from traditional models by capturing local complexities.
The aim of a series of experiments is to examine whether the consideration of spatial
local complexity could explain more unknown errors from traditional models and
improve model performance. As a result, this assumption is validated.

The power of error illumination from spatial local complexity is also compared with
spatial autoregressive models, given the case study of economic inequality estimation.
The Lagrange multiplier test of spatial dependence indicates that the spatial error
model (SER) is the most suitable among spatial autoregressive models. With a p-value
in F-statistics less than 0.001, the SER has an R-squared value of 0.64, indicating the
fact that spatial autocorrelation of the error term can explain 32% of the original error.
Thus, geocomplexity with either binary or row-standardized spatial matrix can explain
more errors. It is worth noting that the concept of geocomplexity in our study is more
compatible with a symmetric spatial matrix, given our definition. As shown in Figure 1
and Equations (1) and (2), we consider the spatial dependence between neighbors of
the target area as a mutual relationship. In other words, the connection status from
location ‘j to 'k’ (or ‘' to ‘k’) and k' to ‘j (or 'k’ to 'i') is preferred to be identical. The
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main purpose of geocomplexity is to further include associations among neighbors
when considering spatial dependence and additional information from the row stand-
ardized process cannot be reflected.

This research aims to provide an innovative understanding of complexity by
extending the understanding of spatial dependence. The geocomplexity is a Moran-
based measure (i.e. the multiplication of the Z-score of observations). We also ana-
lyzed different measures representing differences between observations including
Geary's C measure (i.e. the square of the difference between two values). As a result,
the Moran-based measure performs better. Despite the stronger power of error illu-
mination, the spatial local complexity may not be the final or the only answer to the
question ‘what is complexity in spatial science’. We redefine the concept of ‘spatial
complexity’ considering spatial dependence between neighbors, and this could not be
the only definition. For instance, the ‘spatial complexity’ can also be redefined consid-
ering the third law of geography, which defines a concept of ‘spatial similarity’ that
the target variable between two locations is similar if geographic configurations at
these two places are identical (Zhu et al. 2018, Song 2022b). That means a region can
be spatially complex where geographic configurations are not closely associated. In
future work, the content of ‘complexity’ under the spatial scope can be filled by other
meaningful spatial concepts. In terms of further application, geocomplexity can also
be a complexity measure in future remote sensing studies, especially hyperspectral
image unmixing (Jia and Qian 2017). Last but not the least, in future studies, spatial fil-
tering tools can be a method supporting geospatial information modeling along with
spatial local complexity. The applications of spatial filtering for selecting influential var-
iables together with geocomplexity for error explanation have the potential to explore
the limits of spatial data modeling (Paez 2019).

6. Conclusion

This study proposes a spatial index named ‘geocomplexity’ to measure the concept of
complexity regarding spatial dependence. The index demonstrates the complexity of
spatial dependence by considering both the relationship between an interested area
and surroundings, and the associations among spatial neighbors of the target area.
Given a case study of the association between nationwide economic inequality and
influential variables, results show that spatial local complexity can explain unknown
errors and improve the traditional model performance. This index can be an indicator
quantifying the phenomenon of complexity for factors from the view of spatial
dependence. The index with local regression can be a further explanation for regres-
sion analysis methods, and spatial locations with significant results from error explana-
tions may indicate considerate dependence among local neighbors. The proposed
spatial complexity index is suited well to a symmetric spatial weight matrix and geo-
complexity with binary spatial weight matrix has better power of error explanation
than geocomplexity with asymmetric matrix and local Geary’'s C. The proposed geo-
complexity indicator has the potential for spatial data analysis and relevant applica-
tions in both implying complexity in spatial science and illuminating unknown errors
from traditional models.
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