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a b s t r a c t
Spatial stratiﬁed heterogeneity, referring to the within-strata variance less than the between stratavariance, is ubiquitous in ecological phenomena, such as ecological zones and many ecological variables.
Spatial stratiﬁed heterogeneity reﬂects the essence of nature, implies potential distinct mechanisms by
strata, suggests possible determinants of the observed process, allows the representativeness of observations of the earth, and enforces the applicability of statistical inferences. In this paper, we propose a
q-statistic method to measure the degree of spatial stratiﬁed heterogeneity and to test its signiﬁcance.
The q value is within [0,1] (0 if a spatial stratiﬁcation of heterogeneity is not signiﬁcant, and 1 if there
is a perfect spatial stratiﬁcation of heterogeneity). The exact probability density function is derived. The
q-statistic is illustrated by two examples, wherein we assess the spatial stratiﬁed heterogeneities of a
hand map and the distribution of the annual NDVI in China.
© 2016 Elsevier Ltd. All rights reserved.

1. Introduction
Spatial autocorrelation and spatial heterogeneity are two major
features of ecological and geographical phenomena (Tobler, 1970;
Christakos, 1992; Goodchild and Haining, 2004; Fu et al., 2011;
Dutilleul, 2011; Fischer and Wang, 2012). Spatial data tend to be
considerably more heterogeneous when the size of data becomes
large. Spatial autocorrelation refers to the following issue: values of an attribute at closer geographical sites are more similar
(i.e., positive autocorrelation) or more dissimilar (i.e., negative
autocorrelation) than values at two distant sites (Tobler, 1970).
Global testing methods based on global test statistics (Moran, 1950;
Cliff and Ord, 1981) and global linear regression models (Anselin,
1988; Matheron, 1963; Haining, 2003) for spatial autocorrelated
phenomena have been proposed.
In statistics, heterogeneity is a term used to describe the inequality of some quantities of interest (typically a variance) in a number
of groups, populations, etc. (Everitt, 2002, p. 178). Spatial heterogeneity refers to uneven distributions of traits, events, or their
relationship across a region (Anselin, 2010; Dutilleul, 2011) or, simply, spatial variation of attributes. Occasionally continuous spatial
phenomena or processes are classiﬁed into discrete strata, such
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as ecological zones. Spatial heterogeneity might appear in distinct spatial scales (Atkinson and Tate, 2000; Fu et al., 2011) from
local clustering to spatial stratiﬁcation of heterogeneity signiﬁcance. Spatial local heterogeneity has been addressed by hundreds
of quantitative measures in landscape geometry (Barbujani et al.,
1989; Gustafson, 1998; Jacquez et al., 2000; Fagan et al., 2003;
Banerjee and Gelfand, 2006; Fu et al., 2011, p. 88–92, p. 101–109;
Grifﬁth and Paelinck, 2011), local statistics (Getis and Ord, 1992;
Anselin, 1995; Kulldorff, 1997; Garrigues et al., 2006), and local
regression models (Fotheringham et al., 2002). We brand the
spatial heterogeneity between strata or areas, each of which is
composed of a number of units, as spatial (global) stratiﬁed heterogeneity. Numerous spatial stratiﬁed heterogeneous phenomena
have been described, such as administrative units; differences in
the population densities in different areas, climates or ecological zones; and the distribution of soil types, land use and land
cover.
Spatial stratiﬁed heterogeneity provides signiﬁcant contributions to ecological analysis in the following four aspects. (1)
Human concepts are commonly explained by nominal quantities or
classiﬁcation (Womble, 1951), rather than by quantities. Ever since
Aristotle science is about classifying things (Gribbin, 2008). For
example, global land areas are classiﬁed into bioclimatic schemes
(Holdridge, 1947), and one of the major themes of remote sensing
of the environment is to classify land into distinct types (Congalton,
1991; Liu et al., 2005; Townshend et al., 1991; Yu et al., 2006). (2)
Spatial stratiﬁed heterogeneity may imply the existence of distinct
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mechanisms in strata (Davies et al., 2005), which may be buried
or even lead to aggregation bias and ecological fallacy by global
models (Legendre, 1993; Anselin, 1995; Schwanghart et al., 2008;
Fotheringham et al., 2002, p. 37–38). (3) Spatial stratiﬁed heterogeneity may determine the function of a landscape (Fu et al., 2011,
p. 74) and may result in or affect the spatial patterns of other factors
(Dutilleul, 2011). Therefore, spatial consistence between the spatial
strata of paired phenomena implies a possible causal association
between these phenomena (Gustafson, 1998). For example, birth
defects in Heshun County in China are well-stratiﬁed and interpreted by the nine watersheds in the county (Wang et al., 2010a).
(4) Spatial prediction using the Kriging family guarantees a BLUE
(best linear unbiased estimation) spatial interpolation when spatial autocorrelation is strong. If spatial stratiﬁed heterogeneity is
strong, areal interpolation (Rao, 2003) and the sandwich method
(Wang et al., 2013) can perform the mapping. The latter uses all of
the samples in the same class such that the error of the mapping
would tend to be reduced. Consequently, ignoring spatial stratiﬁed
heterogeneity in ecological analysis misses valuable information
and may lead to misspeciﬁcation of models and misunderstanding of the nature (Dutilleul, 2011). Therefore, similar to spatial
autocorrelation, we believe that a test of spatial stratiﬁed heterogeneity should be compulsory at the early stage of an exploratory
spatial data analysis (ESDA). The goal is to test the existence
of spatial stratiﬁed heterogeneity for ecological phenomena, and
explore the explanation of an ecological phenomenon by comparing the spatial consistence of its strata with the strata of suspected
determinants.
Spatial stratiﬁed heterogeneity is typically reﬂected and visualised by spatial stratiﬁcation of heterogeneity or classiﬁcation,
which is the human understanding of the true strata in nature. In
principle, a stratiﬁcation of heterogeneity partitions a target population by minimising the within-strata variance and maximising the
between-strata variance of an attribute. Technically, stratiﬁcation
of heterogeneity can be implemented by either prior knowledge or
classiﬁcation algorithms (Li et al., 2008). Stratiﬁcation of heterogeneity recognised by humans may be inconsistent with the true
stratiﬁed heterogeneity in nature due to the limitations of human
intelligence, However, stratiﬁcation is still a major way to approach
the nature (Wang et al., 2010b). Hundreds of classiﬁcation and
partition algorithms can be used to stratify heterogeneity (Lu and
Carlin, 2004; Jain, 2009; Jiao et al., 2011). Examples include Kmeans
grouping (Steinhaus, 1957; MacQueen, 1967; Steinley, 2006) and
regression trees (Breiman et al., 1984), which are implemented
in extensively used software packages, ARCGIS (©Esri Inc.) and
R/SPODT. The effectiveness of these algorithms is measured by the
Calinski–Harabasz pseudo F-statistic (Calinski and Harabasz, 1974),
which is a ratio reﬂecting the within-group similarity and betweengroup differences, and the Gini/Information Gain/Chi-square test,
respectively.
Although the degree of stratiﬁed heterogeneity of an attribute
is an important indicator, few statistical tests for the signiﬁcance of the degree of spatial stratiﬁed heterogeneity are available
yet (Gustafson, 1998; Dutilleul, 2011; Fu et al., 2011). The issue
becomes important for judging whether a spatial partition is statistically signiﬁcant and whether the strata should be further
analysed. In this article, we attempt to provide a global measurement for the spatial stratiﬁed heterogeneity. With its exact
probability density function (PDF), the measurement can be used
to assess the statistical signiﬁcance of the various classiﬁcations or
stratiﬁcations of heterogeneity (Jain, 2009).
In the remainder of this paper, we ﬁrst deﬁne the problem
and next propose the q-statistic to measure a spatial stratiﬁed
heterogeneity. Then, we derive the exact PDF of the q-statistic
and apply it to two real examples. Finally, we provide concluding
remarks.
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2. q-Statistic
2.1. Spatial characteristic and deﬁnition
Conceptually, a stratiﬁcation of heterogeneity is a partition of
a study area, where observations are homogeneous within each
stratum but not between strata. A stratiﬁed heterogeneity is mostly
signiﬁcant if the values within the strata are homogeneous or
the variance within the strata is zero; a stratiﬁcation of heterogeneity vanishes when there is no difference between the strata.
The concept is related to the ratio between the variance within
the strata and the pooled variance of an entire study area. When
the ratio is smaller, the stratiﬁed heterogeneity is more likely to
be signiﬁcant. To ﬁt the common sense concept that 0 represents
absence and 1 presents deﬁnite presence, the value of the statistic is
required to be within [0,1] (0 if there is no stratiﬁed heterogeneity,
and 1 if the population is fully stratiﬁed). We expect the statistic value to increase monotonously with the increase of stratiﬁed
heterogeneity.
More formally, a study area is composed of N units and is stratiﬁed into h = 1, 2, . . ., L stratum; stratum h is composed of Nh units; Yi
and Yhi denote the value of unit i in the population
Nh and in stratum h,
respectively; the stratum mean Ȳh = (1/Nh ) i=1
Yhi ; the stratum

Nh

variance h2 = (1/Nh )
(1/N)

i

2

(Yhi − Ȳh ) ; the population mean Ȳ =
N


N

Y ; and the population variance  2 = (1/N)
i=1 i

2

(Yi − Ȳ ) .

i

The concept of spatial stratiﬁed heterogeneity is adopted by the
PD-value in the geographical detector (Wang et al., 2010a). We
rename it as the q-statistic as follows:

L Nh
h=1

q=1−

N

i=1

i=1

(Yhi − Ȳh )

(Yi − Ȳ )

L

2

2

=1−

h=1

Nh h2

N 2

=1−

SSW
SST

(1)

where the total sum of squares

SST =

N


2

(Yi − Ȳ ) = N 2

(2)

i

and the within sum of squares

SSW =

Nh
L


h=1

i

2

(Yhi − Ȳh ) =

L


Nh h2

(3)

h=1

2.2. Properties of the q-statistic
The maximum of q value. Both the numerator and the denominator in the second item on the right side of the q-statistic in Eq. (1)
are always positive. Therefore, the right side is always not greater
than 1. Speciﬁcally,
q=1
when Yhi = Ȳh for ∀i so SSW = 0 (i.e., the strata are perfectly stratiﬁed). It is expected that the SSW value will be small if q is close to
1, which indicates that the value of the within-strata variations is
small.
The minimum of q is found through the use of analysis of variance (ANOVA) (Cochran, 1977, p. 100),
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SST =

N


2

(Yi − Ȳ ) =

i

=

h=1

Nh
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(Yhi − Ȳ )

2

(Yhi − Ȳh + Ȳ h − Ȳ ) =

h=1

Nh

2

(Ȳh − Ȳ ) +



i

= SSW + SSB +

L


L

Nh

h=1

i

(Ȳh − Ȳ )

Nh


h=1

where

L

Nh
L 

h=1


L

the

to stabilise its variance. After the variance-stabilising transformation is performed, the variances of the variables of interest are
approximately equal, implying that our deﬁnition given in Eq. (6)
can be applied.
Consequently,

2

i

i

h=1

+

Nh
L



(Yhi − Ȳh )

2

Nh


i

2

(Yhi − Ȳh ) ∼ 2 2 (Nh − 1) (Fudan II, 1979, p. 27)

i=1

2
(Yhi − Ȳh )(Yh − Ȳ )

SSW =
(Ȳhi − Ȳh) = SSW + SSB,

Nh
L 


(4)

2

(Yhi − Ȳh ) ∼ 2 2 (N − L) (Fudan II, 1979, p. 29)

h=1 i=1

(8)

i

between-strata

sum

of

squares

2

SSB =

N (Ȳ − Ȳ ) ≥ 0. Thus, SSW ≤ SST, which results in q ≥ 0.
h=1 h h
Speciﬁcally,

3.2. SSB distribution

SSB =

q=0
when Y h = Ȳ for ∀h so SSB = 0 (i.e., there is no difference between
strata). If q is small, then either SSB is small or SSW is large. In either
case, compared with the value of the within-strata variation, the
value of the between-strata variation is small, which demonstrates
that the stratiﬁed heterogeneity is weak.
The q-statistic is a monotonic function of the strength of the
spatial stratiﬁed heterogeneity. Given a target population (i.e., a
speciﬁc SST), the q value increases as SSW is reduced, according
to the deﬁnition of the q-statistic given in Eq. (1). If SST varies,
q increases as the ratio between SSB and SSW increases. Consequently, if the strength of the stratiﬁed heterogeneity increases,
then q is expected to be large.
Therefore, the value of the q-statistic is between [0,1], and it
increases as the strength of the stratiﬁed heterogeneity increases.

Nh
L 


2

(Ȳh − Ȳ ) =

h=1 i=1

Let
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L


Nh (Ȳh − Ȳ )

2

(9)
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3. Probability density function of the q-statistic

Then, B is symmetric and

Let

B B = B

SSB/(L − 1)
F=
SSW/(N − L)
def

(5)

Then, by Eqs. (1) and (5),
1
1
=1−
q=1−
1 + SSB/SSW
1 + F(L − 1)/(N − L)

SSB =
(6)

L


2

Nh (Ȳh − Y ) = Ỹ  BỸ = (BỸ ) (BỸ ).

h=1

Note that

and
N−L q
F=
L−1 1−q

We rewrite SSB as

(7)



[E(BỸ )] [E(BỸ )] =

L


2h

1
−
N

h=1

3.1. SSW distribution

L




Nh h

h=1

Cov(BỸ ) =  2 B.
 2 ),

Ȳh ∼N(h ,  2 /Nh ).

so
We also
Assume that Yhi ∼ N(h ,
assume that Yhi and Yki are independent for k =
/ h. If the sample
is not normally distributed, the data should be ﬁrstly transformed
into normality by taking the logarithm, root, or more generally
the Box-Cox transformation (Box and Cox, 1964). The data can be
roughly treated as normal if its size is large, based on the central
limit theorem. To deﬁne our q-statistic for non-normal data, it is
necessary to consider the variance-stabilising transformation technique (Ferguson, 1996, p. 54) because we assume that the variances
of Yhi are equal. For example, although a Poisson random variable
can be roughly treated as a normal random variable if its mean is
large (e.g., >5), a squared root transformation should be introduced
because the mean and variance of Poisson random variables are
equal. Although a binomial random variable can be roughly treated
as a normal random variable, an arcos transformation is often used

This relationship implies that SSB follows a noncentral chisquare distribution with L − 1 degrees of freedom and noncentrality
as follows:
1
= 2


⎡
L

⎣ 2h − 1

L



N

h=1

2 ⎤
⎦
Nh h

(10)

h=1

3.3. q-Statistic distribution
In summary, SSB ∼  2 2 (L − 1,), SSW ∼  2 2 (N − L), F follows a
noncentral F-distribution with the 1st df L − 1, the 2nd df N − L, and
noncentrality  as follows:
F∼F(L − 1, N − L; )

(11)
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right of the F-distribution for an observed F value or the probability
of F > F(L − 1, N − L; )).

Probability density

Step 1. Calculate q using Eq. (1) and F using Eq. (7);
Step 2. Calculate  using Eq. (10) and perform an online noncentral F(L − 1, N − L; )-distribution: http://keisan.casio.com/exec/
system/1180573166;
Step 3. Set a small ˛ (e.g. 0.01). If F > F˛ (critical value test) or
P < ˛, (P-value test), reject H0 at the signiﬁcant level ˛, and accept
the alternative H1 (i.e., the stratiﬁcation is signiﬁcant). Otherwise,
accept the null hypothesis H0 .

area equals α
F(L−1, N−L; λ)
Fα
Fig. 1. Noncentral F distribution.



P(q < x) = P F <

N−L x
L−1 1−x
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= 1 − ˛,

(12)

where ˛ is the probability of q ≥ x. The F distribution is illustrated
in Fig. 1.
3.4. Test of the q-statistic
We use our q-statistic to measure the degree of stratiﬁed heterogeneity. Because a larger q value indicates a stronger stratiﬁed
heterogeneity effect, we conclude that a stratiﬁed heterogeneity
effect is present if the value of F or q is large. Thus, we have either
a small SSW value or a large SSB value. If q or F is small, then either
SSW is large or SSB is small. In either case, we conclude that SSW
is relatively large. Therefore, we deﬁne our null hypothesis as the
presence of within-stratum heterogeneity, which is also referred to
as stratiﬁed heterogeneity in this article. If stratiﬁed heterogeneity disappears, then homogeneity is present within each stratum,
indicating that only the between-strata heterogeneity remains.
Therefore, we deﬁne our null and alternative hypotheses of the
q-statistic as follow:
H0 : there is no stratiﬁed heterogeneity (i.e., the stratiﬁcation is not
signiﬁcant);
H1 : there is stratiﬁed heterogeneity (i.e., the stratiﬁcation is signiﬁcant).
The hypotheses can be tested by either the critical value F˛ at
signiﬁcant level ˛ (i.e., the small area of the F-distribution to the
right of the critical value) or a P-value (i.e., the area that is to the

(A)

(B)

Z1

4. Illustration
There is a rapidly growing demand for measurement and
monitoring of landscape-level patterns and processes (Gustafson,
1998; Fu et al., 2011). We illustrate the method of the q-statistic
in both a hand dataset and a real dataset. Based on the hand
dataset, one can gain insight into the new method by repeating the test by hand. We present the second example to detect

(C)

(D)

Z1

Z1
Z1

Z2

Steps 1–3 can also be implemented by a software: GeoDetector, which is free downloadable from www.geodetector.org. Users
prepare his/her data in an Excel ﬁle: the ﬁrst column stores sample
data (Y), the second column stores strata (X, denotes the stratum of
a sample unit belonging to, a nominal variable) of a stratiﬁcation,
the rows are records. More stratiﬁcations can be stored in the third
and following columns. Download the software, read data and run,
a worksheet “Factor detector” is created where the q-statistic and
its p-value present.
Besides the PDF, an alternative test of the q-statistic involves the
use of a permutation approach to yield empirical pseudo signiﬁcance levels, as noted in the paper by Kulldorff (1997). The values
are randomly permuted 999 times over the locations in an aspatial dataset. For each of these resampled datasets, the value of the
q-statistic can be derived. The resulting empirical distribution function provides a basis for a statement regarding the extremeness
(or lack of extremeness) of the observed statistic relative to the
values derived under the null hypothesis (the randomly permuted
values). The only aspect of Eq. (1) that changes with each permutation is the numerator because the denominator does not depend on
the spatial allocation of the observations. Theoretically, the pseudo
signiﬁcance levels that are generated with a permutation approach
are asymptotically consistent with that of the exact distribution of
Eq. (12).

Z2

Z2

(E)

Z1

Z2

Z3

Z4

Z2
Z3

Moran’s I = -1.000

Moran’s I = -0.393

Moran’s I = 0.000

Moran’s I = +0.393

Moran’s I = +0.857

q=0, p=0.9999

q=0.0038, p=0.69

q=0.101*, p=0.027

q1=0.16**, p1=3.92×10−3

q1=1***, p1=0

q2=0.27***, p2=7.01×10−5

q2=0, p2=1

q3=0.67***, p3=4.52×10−15
Fig. 2. A hand map with different spatial patterns. Note: p is the probability of q-statistic; * denotes statistical signiﬁcant at level 0.05, ** for 0.001, *** for smaller than 10−3 ;
(D) subscripts 1, 2, 3 of q and p denotes the strata Z1 + Z2 with Z3, Z1 with Z2 + Z3, and Z1 and Z2 and Z3 individually, respectively; (E) subscripts 1 and 2 of q and p denotes
the strata Z1 + Z2 with Z3 + Z4, and Z1 + Z3 with Z2 + Z4, respectively.
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Table 1
Input and output of q-statistic test.
Data Set
(i)
Fig. 2(A), Z1
Z2
Fig. 2(B), Z1
Z2
Fig. 2(C), Z1
Z2
Fig. 2(D1), Z1 + Z2
Z3
Fig. 2(D2), Z1
Z2 + Z3
Fig. 2(D3), Z1
Z2
Z3
Fig. 2(E1), Z1 + Z2
Z3 + Z4
Fig. 2(E2), Z1 + Z3
Z2 + Z4
Fig. 3 Climate
zones
IIETa
IATa
IIIA
PIIC1
PID
PIII
IVA
VA
PIV
VII
VIA

N
(ii)

Ȳ
(iii)

L
(iv)

Nh
(v)

h = Ȳh
(vi)

2
(vii)

h2
(viii)

32
32
32
32
26
38
52
12
24
40
24
28
12
32
32
16
48

0.50
0.50
0.47
0.53
0.69
0.37
0.59
0.08
0.17
0.70
0.17
0.96
0.08
0
1
0.50
0.50

0.25

0.25
0.25
0.249
0.249
0.2130
0.2327
0.2407
0.0764
0.1389
0.2100
0.1389
0.0344
0.0764
0
0
0.25
0.25

64

0.5

2

64

0.5

2

64

0.5

2

64

0.5

2

64

0.5

2

64

0.5

3

64

0.5

2

64

0.5

2

384,578

3246

11

0.25
0.25
0.25
0.25
0.25

0.25
0.25
4,780,651

137,197
4673
72,442
33,803
22,563
26,440
25,826
34,317
5172
3274
18,871

2482
4481
2860
2105
780
2781
5698
6220
2774
6804
6367


(ix)

F˛
(x)

F
(xi)

q-statistic
(xii)

P-value
(xiii)

0

7.06

0

0

1

0.0072

7.1128

0.25

0.004

0.6981

0.3501

6.96

0.101*

0.1345

9.136
5.31#
7.94

11.81

0.160

7.218 × 10−4

0.3464

9.12

22.93

0.270***

1.952 × 10−5

1.4330

7.666

61.92

0.670***

1.359 × 10−13

2

15.14

+∞

1***

0

0.13397

7.941

0

0

1

5.967

42,964

0.53***

8.45E−61,763

21.668

**

0.0102

2,217,976
150,860
4,564,647
1,496,837
206,349
3,348,045
1,266,479
676,007
2,723,324
838,674
857,392

Note: D1 and D2 denote two strata divided by Line1 and Line 2, D3 denotes three strata divided by both Lines 1 and 2. In column (x), superscript # denotes F˛ at ˛ = 0.05,
otherwise ˛ = 0.01; Superscript *, ** and, *** of P-value denote statistical signiﬁcance at levels of ˛ = 0.05, 0.01, and <0.001, respectively. Columns (ii)–(viii) are the input.
Column (ix) is from columns (ii) and (iv) to (vii) by Eq. (10). Column (x) is from columns (ii), (iv) and (ix) based on Eq. (11). Column (xi) is from column (xii) based on Eq. (7).
Column (xii) is from columns (ii), (iv), (v), (vii) and (viii) based on Eq. (1). Column (xiii) is from column (xii) and Eq. (11).

the spatial stratiﬁed heterogeneity of the NDVI distribution in
China.
4.1. A hand map (see Fig. 2)
The study area consisted of 8 by 8 cells. The grey and white
combinations in Fig. 1(A–E) reﬂect ﬁve different spatial patterns.
The bold lines stratiﬁed the study area into zones, as denoted by Z1,
. . . The spatial autocorrelation and spatial stratiﬁed heterogeneity
of Fig. 2(A–E) were measured by Moran’s I and q, respectively, and
are listed below in the ﬁgures. In addition, the P-values of the qstatistic are also provided.
We illustrated the q-statistic step-by-step in Fig. 2(D3) and corresponding values in Table 1, stratiﬁed into Z1 and Z2 and Z3
individually; other strata (Z1 + Z2 with Z3 and Z1 with Z2 + Z3 for
Fig. 2(D1, D2)) and all of the other ﬁgures followed the same procedure.
In Fig. 2(D3) with the three strata Z1 and Z2 and Z3, we followed
the Steps 1–3 in Section 3.4.
Step 1. Calculate q using Eq. (1) and F by Eq. (7);
Step 2. Calculate  by Eq. (10), and we obtained F˛ (L − 1, N − L,
) by running http://keisan.casio.com/exec/system/1180573166,
with cumulative mode = upper Q, cumulative distribution = 0.01,
degree of freedom v1 = 2, degree of freedom v2 = 61, and noncentrality  = 1.4330. We obtained
P-value = 1.36 × 10−13
by running http://keisan.casio.com/exec/system/1180573164,
with the selecting upper cumulative distribution Q, degree of

freedom v1 = 2, degree of freedom v2 = 61, noncentrality = 1.4330,
initial percentile x = 0, increment = 1, and repetition = 66
(>F = 61.92).
Step 3. Because F = 61.92 > F0.01 (2, 61, 1.4430) = 7.6659 and
P = 1.36 × 10−13 0.01, we reject H0 based on both the critical test
and the P-value test. Thus, we conclude that the spatial stratiﬁed
heterogeneity is signiﬁcant.

The Steps 1–3 of the hand data experiment can also be implemented by running “GeoDetector with Example of Toy Dataset” in
http://geodetector.org.

4.2. The NDVI of Mainland China (Fig. 3)
Fig. 3 displays annual NDVI (Normalised Difference Vegetation
Index) distribution in year 2010 in China. The spatial stratiﬁed heterogeneity was realised by the climate zones, which was the major
determinant of the distribution of NDVI. We assessed this assumption by applying the q-statistic to the NDVI of the climate zones.
We also tested the signiﬁcance of the stratiﬁed heterogeneity. The
results are provided in the bottom row of Table 1.
The q-statistic can be used either to test the signiﬁcance of a
stratiﬁcation (our model of reality) through the process (q-statistic)
or to reveal the stratiﬁed heterogeneity through the process (test
various stratiﬁcations to reach the one with the maximum q-value).
It would not be a difﬁcult task to write code that would cycle
through and identify the most likely boundary, similar to how
SaTScan identiﬁes the most likely cluster. This code is beyond the
scope of this paper; it should be performed in a future work.
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Fig. 3. Spatial stratiﬁcation of the NDVI in climate zones in Mainland China.

5. Discussion and conclusion
Spatial stratiﬁed heterogeneity exists widely in the real world
and formulates our concepts of nature, controls the functions of
nature and social processes, and provides clues about distinct
mechanisms in the strata. Here, we propose the method of the qstatistic, which has a straight physical meaning of the proportion
of the variance of a target population interpreted by a stratiﬁcation, along with the classiﬁcation algorithms which are usually a
ratio of the between- and the within-strata variances. We derive
the exact probability density function in the method. We applied
the method to detect the presence and to test the strength of
spatial phenomena with its statistical signiﬁcance based on its exact
probability density distribution. The q-statistic presented here is
easy to implement. We illustrate how to apply the q-statistic to a
hand dataset such that readers can gain insight into the details of
the proposed tool, which will help readers use the procedure. A
real world example of q-statistic testing for spatial heterogeneity
involves the spatial distribution of the NDVI in China. The method is
suitable for measuring the signiﬁcance of stratiﬁed heterogeneity
of a global division into any number of clusters.
Spatial autocorrelation and heterogeneity are two major features of spatial data (Goodchild and Haining, 2004). We distinguish
the ontological feature and the measured feature of a target population. The former refers to the feature inherited by the target
population, which may be signiﬁcant or insigniﬁcant. The ontological feature may be recognised fully or partly by humans; the feature
recognised by humans is called the measured feature. Humans

consistently handle the measured rather than the ontological
feature. Occasionally, the two concepts are identical, such as watersheds, whereas other times scholars make every effort to approach
the latter through the former. Thus, various classiﬁcation algorithms are developed. The proportion of the variance explained by
a stratiﬁcation and its statistical signiﬁcance can be measured and
tested by the q-statistic.
Spatial autocorrelation suggests that one location can predict
the value of another location, but heterogeneity suggests that this
relation can change across space. Spatial autocorrelation and spatial
heterogeneity often exist simultaneously in applications. Homogeneous environments are likely to be heterogeneous if larger scales
are considered. The spatial structure of a population or community varies, depending on the scale of observations (Husband and
Barrett, 1996; Thomas and Kunin, 1999). Therefore, spatial heterogeneity does not vary in a direction that is either the same
or opposite of the direction of the spatial autocorrelation. The
relationship between spatial autocorrelation and spatial stratiﬁed
heterogeneity, global and local heterogeneities (similar to Moran’s
I and LISAs), and the scale dependence of spatial stratiﬁed heterogeneity remain challenges in ecology, which require further study.
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