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Abstract 

Risk management is an important aspect of financial research because correlations 
among financial data are essential in evaluating portfolio risk. Among various correla-
tions, spatiotemporal correlations involve economic entity attributes and are interre-
lated in space and time. Such correlations have therefore drawn increasing attention in 
financial risk management. However, classical correlation measurements are typically 
based on either time series correlations or spatial dependence; they cannot be directly 
applied to financial data with spatiotemporal correlations. The spatiotemporal correla-
tion coefficient model with adaptive weight proposed in this paper can (1) address 
the absolute quantity, dynamic quantity, and dynamic development of financial data 
and (2) be used for risk grading, financial risk evaluation, and portfolio management. 
To verify the validity and superiority of this model, cluster analysis results and portfolio 
performance are compared with a classical model with time series correlation or spatial 
correlation, respectively. Empirical findings show that the proposed coefficient is highly 
effective and convenient compared to others. Overall, our method provides a highly 
efficient financial risk management method with valuable implications for investors 
and financial institutions.

Keywords: Spatiotemporal correlation, Absolute distance, Growth distance, 
Fluctuation distance, Adaptive weight
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Introduction
With the development of global economic integration, as well as the ongoing evolution 
of Internet technology, the links among regions, economies, and financial markets are 
strengthening. The spatial effect, defined as observations at position i being related to 
other observations at position j, are therefore growing in importance. These circum-
stances have amplified the potential for financial risk contagion (Dell’Erba et  al. 2013; 
Baumöhl et al. 2018; Inci et al. 2011; Kelejian et al. 2006; Tawn et al. 2018). Scholars con-
tinue to be concerned about the time series correlation of financial data as well. Indeed, 
close attention has been paid to the spatiotemporal correlations of data in financial risk 
management (Baumöhl et al. 2018; Asgharian et al. 2013; Ouyang et al. 2014; Tam 2014). 
The classical computing methods of time series or spatial correlations cannot analyze 
data with spatiotemporal dependencies. For example, in financial risk analysis, spatial 
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correlations are often computed with annual cross-sectional data. It is impossible to 
accurately characterize spatiotemporal correlations simply with these spatial correla-
tions. It is similarly challenging to do so by taking the mean values in the time dimen-
sion, which can be degenerated into spatial cross-sectional data. Meanwhile, some 
classical methods cannot capture spatiotemporal correlations’ dynamic features. Trends 
in the development of data dependence are thus only partially reflected. Spatial and tem-
poral correlations also shift over time; using static cross-sectional data solely for analysis 
generates biased results. Lately, several papers have addressed dynamic spatiotemporal 
correlations via machine learning (Ou et al. 2022; Liu et al. 2021; Pan et al. 2022). How-
ever, these models cannot be applied directly because they describe certain spatiotem-
poral characteristics of citywide traffic flow but not financial issues. In other words, the 
motion-based features of traffic flows and financial issues are different despite sharing 
some commonalities. Whether (and how) ways of describing traffic flows are suited to 
the finance field requires further research.

The models characterizing spatiotemporal correlation are rarely applied in finance. 
The reason may be the temporal, spatial, and fused spatiotemporal relationships among 
the variables are not available from the ground truth (Xiao et al. 2022). To date, stud-
ies on spatiotemporal correlations in the financial arena are limited. Xiao et al. (2021) 
proposed a convolutional LSTM network model; Xiao et al. (2022) constructed an adap-
tive fused spatial-temporal graph convolutional network to predict a multivariate time 
series. However, both models are based on a deep-learning algorithm that results in a 
relatively complex process of predicting multivariate time series with spatiotemporal 
correlation characteristics. Neither model can extract the spatiotemporal correlation 
coefficient alone. Therefore, risk cannot be prejudged or classified based on investment 
objects’ degrees of correlation.

This study makes three contributions to the literature: 

1. A dynamic spatiotemporal correlation coefficient based on adaptive weight was used. 
In the coefficient model, absolute distance, growth distance, and fluctuation distance 
of indices are defined.

2. Several constraints were imposed on the distances to help users compute the spa-
tiotemporal correlations more quickly. That is, the range of [0, 2] is set for various 
distance values, combining with the information entropy method (Zhu et al. 2018; 
Bekiros et al. 2017) or expert advice to determine the weights of the distances.

3. When testing the validity of the spatiotemporal correlation coefficient, it is compared 
with the time series correlation coefficient as well as the spatial correlation coeffi-
cient from the aspects of cluster analysis and cross validation.

The rest of this paper is organized as follows. The second section is a literature review of 
relevant work. In the “Design and measurement of spatiotemporal correlation” section, 
the distance between two variables and how to assess their spatiotemporal correlation 
using adaptive weights is discussed. The “Empirical analysis” section describes a cluster 
analysis cross-test with a portfolio for the proposed spatiotemporal correlation to test 
the rationality and validity of the proposed risk measurement. Finally, the “Conclusions 
and future research directions” section outlines our findings and subsequent avenues of 
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interest. The “Appendix” contains the results for cluster analysis and time series correla-
tion coefficients.

Literature review and model design
Financial data include temporal and spatial correlations, which can be explained through 
financial geography theory and financial regional movement theory. Financial geography 
is an emerging discipline that focuses on financial issues from a geographical perspec-
tive. The field adheres to three principles. The first is that money is the core of finance 
and has clear characteristics related to time and space. It can be judged based on the 
unique effects of its worldwide flow through both dimensions. Second, global capital 
flow varies by country; that is, the interaction between global and local forces is spati-
otemporally heterogenous. Third, information in the financial industry is neither sim-
ply shared nor absorbed. Instead, it must be managed at different levels of time and 
space. Financial regional movement theory concerns spatiotemporal changes in finan-
cial resources in accordance with special laws concerning regional flows, allocations, and 
combinations: it assumes that financial instruments, financial institutions, financial mar-
kets, and other financial resources all have regional movement.

Among the limited literature on this topic, temporal and spatial correlations of finan-
cial data have been included in several regression models. For instance, Zhu et al. (2013) 
employed a spatial panel model to study the dependencies of returns and risks in the U.S. 
housing market. Arnold et al. (2013) devised a spatial autoregressive model for portfo-
lio risk in the stock market and discovered that the risk measurement became biased if 
data spatial correlations were ignored. Meanwhile, Wied (2013) used a spatial econo-
metric model to measure the portfolio risk of stock markets. Gong and Weng (2016) 
later designed a spatial regression model to predict the portfolio risk of Chinese stock 
indices. However, these studies focused on complex regression analysis of spatial effects 
on portfolio returns; none presented a method for computing dynamic spatiotemporal 
correlations in data. Therefore, these approaches cannot directly capture variation in 
spatiotemporal correlations, nor can they judge spatiotemporal correlations quickly or 
directly. Thus, the methods are of limited use in helping individuals to roughly evaluate 
risk prior to investment. Researchers have presented multiple arguments and observed 
clear spatiotemporal correlations in economic data, especially financial data; however, 
available approaches are not well suited to direct financial portfolio risk management.

Song et  al. (2011) proposed a method for computing the spatiotemporal correla-
tion coefficient that combined a spatial weight matrix with the formula for time series 
correlation. Yet, this strategy could only reflect linear correlations among variables 
and could not detect nonlinear correlations, which reduces its practical value. Across 
studies regarding the nonlinear correlation coefficients of data with multidimensional 
random vectors, most models have characterized these correlations in a highly com-
plicated manner. For example, Szekely et al. (2007) put forth a measure of dependence 
between random vectors by using the Brownian distance correlation. This model is 
analogous to the absolute value of the classical product moment covariance, which 
renders it somewhat challenging to understand. Other scholars later extended this 
effort (e.g., Park et  al. 2015; Böttcher et  al. 2019). Park et  al. (2015) proposed the 
partial martingale difference correlation, a scalar-valued measure of the conditional 



Page 4 of 43Mo et al. Financial Innovation            (2023) 9:14 

mean dependence of Y given X; they adjusted for the nonlinear dependence on Z, 
where X, Y, and Z are random vectors of arbitrary dimensions. Böttcher et al. (2019) 
introduced two new measures for the dependence of n ≥ 2 random variables—dis-
tance multi-variance and total distance multi-variance—based on the weighted 
L2-distance of quantities related to the characteristic functions of underlying random 
variables. Researchers have also attempted to characterize variables’ nonlinear space-
time correlations. Li et  al. (2013) established a space-time correlation function of 
doubly scattered light in an imaging system. Meanwhile, Zaburdaev et al. (2013) pro-
posed a space-time velocity correlation function for random walks. Liu (2016) subse-
quently developed a space-time correlation function related to the heat release rate 
in turbulent premixed flames. These models are primarily intended for use in phys-
ics and chemistry applications rather than the social sciences or economics; as such, 
they, too, are difficult to understand. They also cannot be readily adopted to elucidate 
dynamic space-time correlations in economic data.

A number of scholars have recently exploited dynamic spatiotemporal correlations 
of urban traffic by proposing models based on machine learning. For example, Ou 
et al. (2022) proposed a novel deep-learning framework, STP-TrellisNets, to predict 
passenger flows at metro stations. Liu et  al. (2021) forecast future citywide crowd 
flows to facilitate urban management by modeling spatiotemporal patterns of recent 
crowd flows. Pan et  al. (2022) devised a deep meta-learning-based model to simul-
taneously predict traffic in multiple locations. These models can better describe the 
spatiotemporal characteristics of urban traffic, but they do not address financial 
issues and are therefore not feasible for finance. As mentioned, Xiao et al. (2021) and 
Xiao et al. (2022) proposed two models to predict multivariate time series with spa-
tiotemporal correlation, but the processes are fairly complex and model results do 
not reflect the spatiotemporal correlation coefficient. Accordingly, these models may 
encounter some difficulties in practical application, especially for people lacking a 
machine learning theoretical background.

Accordingly, a method for measuring spatiotemporal correlation that captures the 
absolute quantity, dynamic quantity, and dynamic development of financial data to 
facilitate risk management is presented. The contributions and innovations of this 
paper are twofold. First, we proposed a novel risk measurement model: we established 
a dynamic model based on cluster analysis to compute spatiotemporal correlations that 
discern the absolute quantity, dynamic quantity, and dynamic development of financial 
data to quickly compute correlations. This model based on multidimensional informa-
tion—can be applied to classify risk grading and is useful for decentralized risk manage-
ment. Second, we adopted a fresh perspective by comparing the performance of time 
series correlations and spatiotemporal dependence of economic data. This approach can 
guide investors in mastering information required for correlation in investment, thereby 
informing risk management. The classical spatial correlation is defined as one region 
being spatially affected by its proximal regions or by those that are similar. Thus, the 
classical model of spatial dependence cannot depict one-to-one correlations but instead 
reveals many-to-one relationships. These characteristics impede investors when deter-
mining whether time series or spatial correlations most strongly influence financial risk. 
Investors therefore struggle to mitigate or balance associated risk.
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Design and measurement of spatiotemporal correlation cluster analysis for spatiotemporal 

data

Cluster analysis, otherwise known as group analysis or point group analysis, is a quan-
titative method used to study the classification of multi-factor objects. Its premise is 
that relationships between samples are quantitatively determined and clustered by the 
degree of certainty between metrics. In line with this principle, the spatiotemporal cor-
relations of financial data can be clustered in certain ways: data with high correlations 
can be clustered into one type and data with low correlations can be transformed into 
different types. Spatiotemporal correlations can be evaluated in the following way: the 
greater the proximity, the stronger the spatiotemporal correlation; the smaller the simi-
larity, the weaker the correlation. Spatiotemporal data are generally represented in the 
clustering process as xit ( i = 1, 2, . . . ,N ; t = 1, 2, . . . ,T  ), where N is the total number of 
individuals and denotes the total number of periods. In addition, spatiotemporal corre-
lation panel data offer at least three forms of information (Mendes and Beims 2018; Brei 
and von Peter 2018). 

1. The absolute level of correlation development;
2. The dynamic level of correlation development, namely the incremental level or 

growth rate of temporalspatial correlation over time; and
3. The correlation’s degree of fluctuation, specifically in terms of variation or waves.

If these three aspects cannot be considered simultaneously, then the similarity measures 
of a correlation will not offer sufficient information. Overall, when constructing simi-
larity measures, the absolute distance, incremental distance, and fluctuation distance of 
data must be considered. In other words, when designing a similarity measure for spati-
otemporal panel data, the three distances must be effectively combined.

Design and measurement of spatiotemporal similarity

Euclidean distance is the most popular measure used in cluster analysis. Thus, this paper 
measures the spatiotemporal similarity of data in this distance. To simplify cluster analy-
sis, the interval scale for spatiotemporal panel data. In our datasets { xit }, Si is the stand-
ard deviation of individual i, dij denotes the distance between individuals i and j, and the 
distance satisfies the following three definitions.

Definition 1 The absolute distance between individuals i and j is abbreviated as 
dij(AD) , which is expressed as

where xit ( i = 1, 2, . . . ,N ; t = 1, 2, . . . ,T  ) denotes the value of individual i at time t, 
and xjt is the value of individual j at time t. dij(AD) is the distance between individuals i 
and j, consistent with Tobler’s theory (1970) wherein the farther the distance, the lower 
individuals’ similarities and the slighter their correlations. As such, the distance dij(AD) 
can reflect the spatiotemporal range of different individuals. The computational result 
of dij(AD) is a vector. To calculate the spatiotemporal correlations in Formula (4) and 
easily compare them with the time series correlation coefficient matrix in the empirical 

(1)dij(AD) = (xit − xjt)2,
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analysis section, this vector must be transformed into a lower triangular matrix. The dis-
tances dij(ID) and dij(VD) , must be processed this way as well.

Definition 2 The growth distance between two individuals i and j is abbreviated as 
dij(ID) , which is represented as

where �xi,t = xi,t − xi,t−1,�xj,t = xj,t − xj,t−1 , and �xi,t and �xj,t represent the differ-
ence of individuals i and j at time t, respectively. dij(ID) characterizes the variation trend 
in the metric increment, which corresponds to each individual over time in all regions. 
In essence, the more coordinated the change trend between two individuals is, the more 
similar they are. This distance can therefore reflect the spatiotemporal interval between 
two individuals. Similarly, the result of dij(ID) is a vector and must be transformed into a 
triangular matrix.

Definition 3 The fluctuation distance between individuals i and j is abbreviated as 
dij(VD) , written as

where xi = 1
T

∑T
t=1 xit and Si = 1

T−1

∑T
t=1

√

(xit − xi)2.

From the above symbols xi and Si , it can be inferred that xi denotes the mean value of 
individual I and Si represents the standard deviation of individual i in the whole period 
T. Similarily, xj  denotes the mean value of individual J, and Sj is the standard deviation 
of individual j throughout period T. As such, dij(VD) denotes the variation of individuals 
i and j in period T. Naturally, if the similarity between two individuals grows, then their 
fluctuation (characterized by the variation coefficient) will become smaller, as will the 
value of dij(VD) . A greater coefficient of variation suggests that the larger the fluctuation 
distances between two data points, the more unstable the individual development. The 
distance dij(VD) is therefore a negative metric. It reflects the spatiotemporal correlation 
range between two individuals. To align with the form of these two distances, the com-
putational result of the dij(VD) distance should also be transformed into a lower triangu-
lar matrix. Note that these three types of distance can be calculated in parallel without 
order.

Measurement of spatiotemporal correlation

The spatiotemporal correlation model is grounded in the idea that the similarity between 
two economic data points can be obtained by subtracting the three distances from 1; the 
result of this calculation is the spatiotemporal correlation. However, this model encoun-
ters the problem of how to aggregate the three distances. If the distances are simply 
summed and then subtracted from 1, the results may exceed the range of [−1, 1] , which 
is not consistent with the range of time series correlations or the space of spatiotemporal 

(2)dij(ID) =

√

(
�xi,t

xi,t−1

−
�xj,t

xj,t−1

)2,

(3)dij(VD) =

√

(
xi

Si
−

xj

Sj
)2,
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correlations in the existing literature (e.g., Song et  al. 2011). Therefore, the three dis-
tances must be aggregated to ensure that the resulting coefficient falls within the range 
of [−1, 1] when constructing the spatiotemporal correlation model. Information aggre-
gation, which fully accounts for the functional evaluation of the three distances by high-
lighting the role of the larger weights among them, was adopted to synthesize the three 
distances.

Under information aggregation, the additive synthesis method is used to combine the 
three distances. This research model thus promotes a scientific and fair evaluation pro-
cess. In addition, according to the first law of geography, the closer the distance between 
two things, the greater the correlation; the farther the distance, the smaller the correla-
tion. Therefore, if any one of the three distances becomes larger, then the spatiotemporal 
correlation becomes smaller. Mathematically, the spatiotemporal correlation model is 
expressed as follows:

In this formula, dij(AD), dij(ID) and dij(VD), respectively, denote the absolute distance, 
growth distance, and fluctuation distance of individuals. The three distances must first 
be standardized for calculation; doing so can prevent a large gap in the distance types, 
which could reduce the effects of distances with smaller values. In Model (4), weights for 
the absolute distance, growth distance, and fluctuation distance are assumed to be β1 , 
β2 , and β3 , respectively. Then, the three weights are needed to satisfy the constraints of 
β1 + β2 + β3 = 1 and β1, β2, β3 ∈ [0, 1].

Corresponding to the three forms of this coefficient, the weights of distances in the 
spatiotemporal correlation coefficient model must be proposed. However, Model (4) 
returns three unknown quantities (e.g.,β1, β2 , and β3 ) but only contains one equation. It 
is therefore difficult to determine the weights of the three distances. Thus, several con-
straints were imposed on these distances to help investors compute the spatiotemporal 
correlations of the data in Model (4).

Lemma If a spatiotemporal correlation coefficient model exists with ρ ∈ [−1, 1] , it must 
be satisfied with the following constraint: the values of d(AD), d(ID) , and d(VD) are 
within the range of [0,2].

Proof
Because

and

then

(4)ρ = 1− [β1dij(AD)+ β2dij(ID)+ β3dij(VD)],

ρ = 1− [β1dij(AD)+ β2dij(ID)+ β3dij(VD)], ρ ∈ [−1, 1]

β1 + β2 + β3 = 1,β1,β2,β3 ∈ [0, 1],

[β1dij(AD)+ β2dij(ID)+ β3dij(VD)] ∈ [0, 2].
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Let Function f(x, y, z) follow this form

with the constraint that

As such,

when

then

This outcome opposes the hypothesis of f (x, y, z) ∈ [0, 2].Thus, the hypothesis cannot 
stand.

Therefore, x, y, z ∈ [0, 2] .  �

From this lemma that, irrespective of the absolute distance, growth distance, or 
fluctuation distance in economics, the distance value must be mapped to the range 
of [0, 2] for the spatiotemporal correlation to be valid. The distance value may be 
determined by the nature of spatial correlation: the closer the distance, the greater 
the correlation and the farther the distance, the smaller the correlation (Zhu et  al. 
2013). In addition, when computing the spatiotemporal correlation coefficient, 
with a rough idea of which distance is effective and which plays the main role, it 
becomes possible to confirm the distance weight and to compute the spatiotemporal 
correlation coefficient. The information entropy method (Zhu et  al. 2018; Bekiros 
et al. 2017) or expert advice can be used to determine the weights of the distances 
otherwise. Taking the expert advice method as an example, if experts consider the 
growth distance to be the most important factor, then this aspect can be assigned a 
higher weight (e.g., β2 = 0.5). The other two coefficients would thus be given smaller 
weights, such as β1 = 0.2 and β3 = 0.3. Therefore, spatiotemporal correlation coef-
ficients can be estimated quickly. Whether the change in weight will drastically alter 
the space-time correlation coefficient (i.e., whether the spatiotemporal correla-
tion coefficient is sensitive to weight based changes) is discussed in the section on 
robustness testing.

Empirical analysis
In this section, the dataset used in this paper was described and then the empirical 
results were analyzed to offer help to investors managing investment risk.

f (x, y, z) = β1x + β2y+ β3z

f (x, y, z) ∈ [0, 2].

x, y, z /∈ [0, 2],

β1 = 1,β2 = β3 = 0,

f (x, y, z) = x /∈ [0, 2].
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Dataset

To verify the proposed model accuracy and feasibility, empirical research was performed 
on stock indices with daily closing prices from 2007 to 2019. The sample includes 29 
indices in different stock markets chosen based on several principles.

First, indices in markets such as the United States, Britain, Japan, and Hong Kong rep-
resent indices in developed markets, whereas those in areas such as China, Indonesia, 
Malaysia, and Thailand represent developing markets; thus, our sample is representative.

Second, the 29 indices basically meet the requirements of space/time correlation tests 
such that the sample should not contain fewer than 30 indices (Rodriguez-Villamizar 
et  al. 2020; Wangdi et  al. 2021). Our sample only includes 29 national/regional stock 
indices (not more than 30) because the database did not contain complete data for the 
studied time intervals.

Third, our full sample spans four stages for analysis: January 4, 2007–December 31, 
2008 (Stage 1); January 2, 2009 –December 31, 2014 (Stage 2); January 2, 2015 –Decem-
ber 30, 2016 (Stage 3); and January 3, 2017–November 29, 2019 (Stage 4). This sample 
segmentation is based on the Asgharian, Hess, and Liu’s (2013) findings that spatial 
impacts change over time; hence, our decision to divide the full dataset into several sub-
samples. Also, Gong and Weng (2016) broke their sample into three subsamples accord-
ing to the timeline of the global financial crisis (GFC), revealing that spatial impacts 
varied between two GFCs. The dividing method was suggested by Laniado et al. (2012) 
and Tamakoshi and Hamori (2014). Other studies have identified financial crises based 
on the authors’ judgment or chronological events (Hlaing and Kakinaka 2018; Valencia 
and Laeven 2008). Studies on international financial flows have indicated that an epi-
sode involving a sudden stop or flight can signal deteriorating economic conditions 
(Waelti 2015). In the case of our sample, the timeline of the GFC is the basis for separat-
ing samples. The specific division result is: Stage 1 denotes the GFC; Stage 2 covers the 
European debt crisis; Stage 3 captures the Chinese stock market crash; and Stage 4 is 
relatively stable.

In fact, multi-stage sample division is based on the granularity theory, and this division 
has many advantages. Granular computing is a new concept. It is the computing mode of 
intelligent information processing. It simulates the strategy of observing problems from 
different levels when people deal with complex problems. It is a discipline that studies 
the thinking mode, the problem-solving method, the information processing mode, and 
related theories based on a multi-level granular structure.

One of the great advantages of using this theory is that the slicing sampling method 
not only ensures the uniform distribution of sampling segments over a long span of time, 
but it also reduces the computational overhead. If the particle size (stage) is small, the 
error is large; If the granularity is large, the model needs more parameters. On the basis 
of this theory, this paper divides the granularity according to the major financial events. 
The purpose is to reduce a complex model on the premise that the regression model is 
precise.

Descriptive statistics were calculated for the stock indices in each country to facilitate 
further analysis. Given limits on length, only the statistics for Stages 1 and 2 are pre-
sented. In Table  1, the second row contains the names of the stock indices, and Note 
2 for indices at the bottom of the table is also grouped according to the development 
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level of the stock market. The indices are grouped in developed markets or a developing 
market. The skewness of most indices is negative; some of the absolute values exceed 
one. Most kurtosis coefficients of the indices deviate from three. These statistics show 
that the indices generally do not follow a normal distribution. Most notably, almost all 
elementary statistics for the indices are statistically significant. Because the indices are 
not normally distributed, a linear correlation coefficient (e.g., the Pearson coefficient) is 
not suitable to describe their co-relationships. The proposed nonlinear correlation coef-
ficient thus becomes more important for both theory and practice.

Empirical research findings and discussion

We compute the spatiotemporal correlation coefficients of stock indices in 29 countries/
areas at each stage using Formula (4). Given our large amount of data, different weights 
for the three distances would result in distinct coefficients. Only results calculated with 
equal weights for the three distances are listed as lower triangular matrices (or upper 
triangular matrices) to simplify the calculation of the square matrix. This approach also 
enables us to observe the results more easily. By the same token, we only summarize our 
results for Stages 1 and 2. Details appear in Tables 2 and 3.

Table 2 shows that, during the GFC, most spatiotemporal correlation coefficients were 
statistically significant. This finding corroborates prior literature —such as Zhu et  al. 
(2013), Arnold et al. (2013), and Gong and Weng (2016) —and indicates the spatiotem-
poral dependence of financial assets. The dependence of different markets, the corre-
lations between developed stock markets, or the correlations between developed and 
emerging stock markets are larger and more significant than those of emerging stock 
markets.

To more closely analyze spatiotemporal correlation coefficients, they were compared 
with those that only included time series correlations (see the time series correlations in 
Schedules 7 and 8 in the Appendix). Several patterns emerged. First, in most cases, the 
significance of the two types of coefficients is consistent. Second, some correlation coef-
ficients are not significant with only time series dependence but are highly significant 
with space and time series dependence, which is more significant in developed coun-
tries/areas (marked in italics and bold shaded in Table 3); spatial dependence may exist 
and be relatively strong in these countries/areas, strengthening the correlation between 
indices. Third, the spatiotemporal correlation coefficients are generally lower than those 
solely featuring time series correlations; possibly because correlations with time series 
dependence are more pronounced than those with spatial dependence, causing the com-
posite of both correlations to decline. Overall, it appears possible to overestimate port-
folio risks when exclusively considering time series dependence but not when combining 
such dependence with spatial correlation.

Table 3 also shows that, during the European debt crisis and other local crises, most 
spatiotemporal correlation coefficients were statistically significant; the number of sig-
nificant coefficients in this period even surpassed that of the GFC. Relatedly, the cor-
relations between developed stock markets as well as those between developed and 
emerging stock markets are larger and more significant than correlations between 
emerging stock markets.
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These results mostly align with those in Table 2. For example, the significance of the 
two types of coefficients is basically consistent. Some correlation coefficients are not sig-
nificant when examining time series dependence alone but are highly significant with 
space and time series dependence. However, the two tables have a notable difference: 
(1) the number of significant spatiotemporal correlations in Table 3 is greater than that 
in Table 2, and (2) the coefficients in Table 3 are also larger than that in Table 2. These 
findings contradict earlier studies, demonstrating that the correlations between assets 
during severe crises have been stronger than those during relatively minor crisis peri-
ods. There are two explanations for this: First, spatial effects tend to be more signifi-
cant in times of minor crisis, whereas the composite of spatial and temporal correlations 
becomes stronger versus during the GFC. Second, during a financial crisis, more factors 
influence stock markets, in particular, subjective and random factors, such as the effects 
of external random events and investor sentiment, among others (Daniel et al. 1998; Bar-
beris et al. 1998). Thus, the spatiotemporal correlation coefficients during the European 
debt crisis and other local crises are larger than those during the GFC in this study.

Robustness tests
Four robustness tests were conducted to verify the rationality of the proposed models: to 
(1) test other stages of the research sample, (2) test non-equal weights, (3) examine the 
model results using cluster analysis, and (4) test the index portfolio.

Test 1: sample replacement test

As the preceding empirical analysis only pertains to Stages 1 and 2 in the research sam-
ple, this study will further test the results based on Stages 3 (January 2, 2015–December 
30, 2016) and 4 (January 3, 2017–November 29, 2019). The results are generally consist-
ent with those from Stages 1 and 2: the correlation coefficients between the developed 
stock markets or between the developed and emerging stock markets are larger and 
more significant than those between the emerging stock markets. Moreover, the spati-
otemporal correlation coefficient of assets during a severe crisis is smaller than that in 
a comparatively minor period (due to space limitations, all results cannot be presented 
here).

Test 2: test with non‑equal weights

The spatiotemporal correlation coefficients in Tables  2 and 3 are based on an analy-
sis with equal weights. The results with non-equal weights were computed to achieve 
clearer conclusions. Several cases involve non-equal weights. The specific test strategies 
are as follows: (1) let β1 = 0.8, β2 = 0.1, β3 = 0.1 ; (2) let β1 = 0.1, β2 = 0.8, β3 = 0.1 ; 
and (3) let β1 = 0.1, β2 = 0.1, β3 = 0.8 , where β1 , β2 , and β3 are the absolute distance, 
growth distance, and fluctuation distance in Model (4), respectively. The changes in the 
spatiotemporal correlation coefficients based on equal weight coefficients in the three 
cases determine the distance occupied by the main position. For example, in Case (1), if 
the coefficient β1 of the absolute distance was 0.8 but the computed result of Model (4) 
slightly changed or was nearly equal to that with equal weight, then the absolute distance 
would have the least impact. Constant testing showed that the non-equally and equally 
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weighted results were basically consistent. Among the three distances, the fluctuation 
distance is relatively more important.

The three coefficients are assigned different values and arranged in ascending and 
descending order, respectively, to achieve more general test results. The result is basi-
cally the same as the one mentioned above. The full results are not provided here due to 
length constraints.

Based on the definition of Formula (5) for the proposed model and previous studies, 
as well as the result of robustness Test 2, the advantages of the proposed spatiotemporal 
correlation coefficient model are as follows: (1) it is simple and easy to understand and 
does not require mastering profound mathematical theories and methods; (2) the pro-
cess of coefficient calculation is simple and fast, and the weights of the coefficient can 
also be determined using a fast method.

Test 3: cluster analysis

Part 1The systematic clustering Ward method was used to compare the cluster analysis 
results for the spatiotemporal correlation coefficients with the time series correlations. 
Figs. 1, 2, 3 and 4 show the findings for the spatiotemporal correlation coefficients.

Fig.  1 indicates that, given the six clusters, the aggregation coefficient curves nearly 
become stable as the number of clusters increases across the four stages. However, the 
aggregation coefficient curve in Stage 1 is slightly steeper than the other curves (i.e., the 
stable speed is slightly slower than in the other three stages). Stage 1 covers the GFC, at 
which time the inter-variable correlations were diverse; thus, the corresponding cluster 
results would become more complex and the steady speed would slow down. Ultimately, 
the optimal number of clusters is six.

Figs. 2, 3, 4 and 5 show the detailed cluster results.
The cluster results share the following features: First, all separately classified stock 

indices fall under the developing markets, whereas the others fall under the developed or 
developing markets. Second, the classification results are relatively stable; for instance, 
the 29th stock index is separated as a single category in each of the four stages, and the 
number of other categories remains significantly identical with the exception of Stage 
1. The economic situation in Stage 1 was complex, characterized by violent stock mar-
ket fluctuations; thus, fluctuation distance has a relatively significant effect on the spa-
tiotemporal correlation coefficient and causes the number of variables in this stage to 
differ slightly from the other stages. The developing–developed markets or develop-
ing–developing markets are divided into subcategories, and the developed–developed 
markets faced a classification reduction. The cluster results of the spatiotemporal cor-
relations are accordingly realistic.

The cluster results were compared with the findings for the time series correlations 
to further confirm their rationality (see Fig. 8 in the Appendix). The number of clusters 
is not stable (i.e., four clusters in Stages 1 and 3 vs. three clusters in Stages 2 and 4). 
The inconsistency and instability of the time series correlation results are inconducive 
to risk classification and risk management. Few classifications emerge in Figs. 9, 10, 11 
and 12 (see “Appendix”), and some underdeveloped markets are rarely listed separately. 
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However, other underdeveloped markets demonstrate little economic relevance to other 
countries/areas. If the cluster result is extremely irregular, then effectively distinguishing 
risks in the future will be impossible. Hence, the risk management of investors will be 
compromised.

Fig. 1 Number of clusters k with spatiotemporal correlation by stage

Fig. 2 Cluster dendrogram with spatiotemporal correlation in Stage 1. Note The numbers 1, 3, 12, 14, 16, 
and 23, 26 denote stock indices in developed markets; the remaining numbers denote indices in developing 
markets, according to Tables 2 and 3
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Part II The clustering results of the spatiotemporal correlations were compared with 
the spatial correlation results. First, a spatial correlation test on the 29 indices was con-
ducted, and Table 4 shows the results. (In this test, the local Moran’s I proposed by Anse-
lin (1995) was used to measure the spatial correlation.) If the correlation is statistically 
significant, then further analysis will be conducted. Second, the spatial clustering analy-
sis will be conducted based on the results of the first step of the spatial correlation test.

Based on the results in Table  4, the significance levels of the spatial correlations 
differ in the four stages. The significance levels in Stage 3 are the lowest perhaps due 
to the short period of time involved. The spatial correlation cannot be fully displayed 

Fig. 3 Cluster dendrogram with spatiotemporal correlation in Stage 2. Note The numbers 1, 3, 12, 14, 16, 
and 23, 26 denote stock indices in developed markets; the remaining numbers denote indices in developing 
markets, according to Tables 2 and 3

Fig. 4 Cluster dendrogram with spatiotemporal correlation in Stage 3. Note The numbers 1, 3, 12, 14, 16, 
and 23, 26 denote stock indices in developed markets; the remaining numbers denote indices in developing 
markets, according to Tables 2 and 3

Fig. 5 Cluster dendrogram with spatiotemporal correlation in Stage 4. Note The numbers 1, 3, 12, 14, 16, 
and 23, 26 denote stock indices in developed markets; the remaining numbers denote indices in developing 
markets, according to Tables 2 and 3
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within a short period of time. It needs longer time to show the correlation as com-
pared to the time series correlation. However, the significance levels in the other 
stages are extremely notable. Therefore, the spatial correlations exist in the stock 
indices.

Subsequently, the spatial clustering analysis was conducted and compared with that 
with the spatiotemporal correlations. The cluster results share the following features: 
First, separately classified stock indices fall under the developed markets, but sepa-
rately classified coexistent falls under the developed and developing markets in Stage 
1, whereas the others fall under the developed or developing markets. This cluster 
result is an inconsistent and unstable classification. Second, the number of clusters 
(see Fig. 13 in the Appendix) was compared with the findings for spatiotemporal cor-
relation. The results show that the number is inconsistent (i.e., four clusters in Stages 
2 and 3 vs. three clusters in Stages 1 and 4). Third, the cluster scale is extremely une-
ven (e.g., the clusters in Stages 1 and 4): the largest cluster contains 25 indices, but the 
smallest only contain 1 index (see Figs. 14, 15, 16, 17 in the Appendix). This result will 
lead to high misclassification.

Thus, based on the spatiotemporal correlations, the cluster results are more advan-
tageous that those with only spatial correlation or time series correlation.

Table 4 Test results of spatial correlation for the 29 indices

***, **, * represent the significance levels at 1%, 5% and 10%, respectively

Moran’s I in Stage1

1 2 3 4 5 6 7 8 9 10

−53.76 *** 22.84*** 50.94 *** 37.33 *** 29.71*** 4.44 46.19 *** 75.73*** 48.63*** −358.77***

11 12 13 14 15 16 17 18 19 20

−36.13*** 85.98*** 20.85*** 54.70*** −488.70*** −128.77*** 26.06*** −24.84*** 29.79*** 40.69***

21 22 23 24 25 26 27 28 29

32.88 *** 83.96 *** 37.51*** 21.42 *** 63.25*** −23.41*** −149.37*** −107.83*** −129.92***

Moran’s I in Stage 2

1 2 3 4 5 6 7 8 9 10

−9.36*** 3.72 21.03*** −162.37*** 24.99*** 2.34 94.65*** −94.82*** 40.03*** 114.88***

11 12 13 14 15 16 17 18 19 20

14.37*** 28.07*** 12.42*** 11.10*** 147.67*** −20.97 5.3 −4.33 6.18 9.14

21 22 23 24 25 26 27 28 29

5.67* 9.90*** 6.44* 5.43 6.04* −10.55*** −55.61*** −56.14*** −55.12***

Moran’s I in Stage 3

1 2 3 4 5 6 7 8 9 10

4.02 −3.72 0.83 1.27 0.21 0.62 1.68 2.34 1.03 −1.89

11 12 13 14 15 16 17 18 19 20

2.62 2.64 0.68 −9.59*** 7.96** 5.01 0.82 5.92* −1.53 1.96

21 22 23 24 25 26 27 28 29

−3.72 −28.50*** 5.39 0.75 1.86 −0.8 −4.31 −3.95 32.53***

Moran’s I in Stage4

1 2 3 4 5 6 7 8 9 10

20.09*** −9.14*** −37.86*** −35.39*** −0.9 −8.15 −23.28*** −19.51*** 507.03*** 107.46***

11 12 13 14 15 16 17 18 19 20

−68.36*** −63.38*** −18.22*** −13.30*** 102.98*** 41.40*** −4.9 28.35*** −7.53** −21.84***

21 22 23 24 25 26 27 28 29

−14.57*** −32.92*** −17.18*** −16.79*** −9.94*** 14.69*** 216.47*** −99.74*** −58.33***
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Test 4: test of index portfolio

The index portfolio was also tested to further examine the spatiotemporal correlations. 
The test involves two processes: (1) comparing Sharpe portfolio values with spatiotem-
poral/time series correlations and (2) calculating the value at risk (VaR) based on the two 
correlations for portfolio cross validation.

Part I: The Sharpe ratios of the portfolio in different stages were computed: First, the 
mean value of the logarithmic returns of each variable at each stage was computed, the 
highest and lowest two returns were eliminated, and their difference was calculated and 
divided into 50 parts. The 50 parts of returns were set as the target return of the port-
folio, and the portfolio weight corresponding to the minimum VaR of the portfolio with 
the constraint of the target return and a certain confidence level were computed (equal 
to 0.95 in this study). Second, the command corr2cov in MATLAB was used to calcu-
late the portfolio covariance based on the two correlation coefficients; the ‘portstats’ 
command in MATLAB was used to calculate the variance of the portfolio. The portfolio 
weight and covariance and the mean log return of each stock index are taken as com-
mand parameters. Last, the risk-free interest rate was assumed as zero, and the ratio of 
the excess return to variance was calculated to obtain the Sharpe ratios. Figure 6 shows 
the computation of the Sharpe portfolio values, and Table 5shows the final results.

To calculate the Sharpe portfolio values more quickly, the correlation type of stock 
index in return in this part was not included but only in the portfolio volatility risk.

The Sharpe ratios for the spatiotemporal correlations are larger than those for the time 
series correlations when the ratios are positive. Conversely, when the ratios are negative, 
the Sharpe ratios for the spatiotemporal correlations are smaller than those for the time 
series correlations. A positive Sharpe ratio normally leads to a higher index value, greater 
excess return when taking the unit system risk, and better investment performance. On 
the contrary, a negative Sharpe ratio indicates that the investment risk associated with 

Fig. 6 Computing of Sharpe ratio of the portfolio
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Table 5 Sharp ratios of portfolio with different correlations

Stage 1  Stage 2 Stage 3  Stage 4

ST T ST T ST T ST T

1 −0.0566 −0.0566 0.0005 0.0005 −0.0301 −0.0301 −0.0130 −0.0130

2 −0.0570 −0.0563 0.0021 0.0021 −0.0215 −0.0195 −0.0113 −0.0114

3 −0.0587 −0.0580 0.0041 0.0038 −0.0206 −0.0184 −0.0090 −0.0090

4 −0.0590 −0.0583 0.0061 0.0056 −0.0163 −0.0147 −0.0064 −0.0065

5 −0.0598 −0.0590 0.0081 0.0075 −0.0125 −0.0111 −0.0034 −0.0036

6 −0.0602 −0.0594 0.0108 0.0101 −0.0081 −0.0075 −0.0003 −0.0003

7 −0.0616 −0.0599 0.0131 0.0126 −0.0034 −0.0033 0.0029 0.0031

8 −0.0643 −0.0620 0.0161 0.0153 0.0013 0.0012 0.0062 0.0069

9 −0.0662 −0.0635 0.0182 0.0181 0.0058 0.0055 0.0095 0.0109

10 −0.0703 −0.0660 0.0211 0.0215 0.0102 0.0097 0.0127 0.0145

11 −0.0660 −0.0625 0.0244 0.0251 0.0155 0.0145 0.0153 0.0180

12 −0.0706 −0.0656 0.0286 0.0295 0.0202 0.0181 0.0190 0.0223

13 −0.0697 −0.0632 0.0341 0.0356 0.0265 0.0225 0.0220 0.0273

14 −0.0710 −0.0601 0.0376 0.0368 0.0324 0.0273 0.0250 0.0299

15 −0.0713 −0.0575 0.0435 0.0453 0.0374 0.0303 0.0290 0.0341

16 −0.0718 −0.0570 0.0454 0.0449 0.0432 0.0335 0.0320 0.0345

17 −0.0718 −0.0568 0.0532 0.0515 0.0468 0.0360 0.0350 0.0399

18 −0.0718 −0.0558 0.0541 0.0552 0.0526 0.0385 0.0391 0.0415

19 −0.0746 −0.0590 0.0560 0.0541 0.0540 0.0415 0.0428 0.0432

20 −0.0710 −0.0551 0.0551 0.0507 0.0604 0.0457 0.0458 0.0478

21 −0.0763 −0.0587 0.0584 0.0536 0.0595 0.0435 0.0499 0.0475

22 −0.0684 −0.0533 0.0554 0.0511 0.0647 0.0447 0.0536 0.0492

23 −0.0746 −0.0574 0.0643 0.0553 0.0657 0.0466 0.0574 0.0485

24 −0.0760 −0.0583 0.0702 0.0542 0.0678 0.0496 0.0602 0.0525

25 −0.0742 −0.0552 0.0692 0.0558 0.0698 0.0513 0.0636 0.0558

26 −0.0674 −0.0522 0.0699 0.0574 0.0701 0.0512 0.0657 0.0541

27 −0.0706 −0.0544 0.0789 0.0561 0.0708 0.0525 0.0684 0.0517

28 −0.0734 −0.0550 0.0738 0.0551 0.0725 0.0534 0.0714 0.0529

29 −0.0682 −0.0537 0.0694 0.0559 0.0716 0.0549 0.0747 0.0551

30 −0.0640 −0.0502 0.0781 0.0608 0.0750 0.0555 0.0711 0.0529

31 −0.0624 −0.0498 0.0777 0.0584 0.0743 0.0562 0.0726 0.0560

32 −0.0666 −0.0537 0.0764 0.0564 0.0739 0.0568 0.0756 0.0574

33 −0.0562 −0.0460 0.0707 0.0585 0.0758 0.0597 0.0860 0.0708

34 −0.0626 −0.0492 0.0741 0.0586 0.0763 0.0606 0.0850 0.0706

35 −0.0581 −0.0471 0.0802 0.0602 0.0772 0.0621 0.0736 0.0582

36 −0.0504 −0.0442 0.0755 0.0606 0.0760 0.0614 0.0717 0.0573

37 −0.0502 −0.0424 0.0772 0.0616 0.0778 0.0628 0.0781 0.0627

38 −0.0456 −0.0404 0.0750 0.0616 0.0783 0.0631 0.0663 0.0547

39 −0.0402 −0.0367 0.0748 0.0623 0.0771 0.0647 0.0661 0.0559

40 −0.0359 −0.0329 0.0724 0.0618 0.0772 0.0656 0.0599 0.0514

41 −0.0406 −0.0341 0.0692 0.0611 0.0779 0.0663 0.0552 0.0484

42 −0.0340 −0.0297 0.0676 0.0606 0.0789 0.0671 0.0494 0.0447

43 −0.0268 −0.0227 0.0655 0.0600 0.0796 0.0681 0.0489 0.0445

44 −0.0252 −0.0210 0.0639 0.0592 0.0798 0.0691 0.0519 0.0466

45 −0.0221 −0.0188 0.0623 0.0589 0.0797 0.0703 0.0511 0.0461

46 −0.0195 −0.0166 0.0609 0.0587 0.0796 0.0715 0.0488 0.0444

47 −0.0165 −0.0142 0.0599 0.0582 0.0787 0.0727 0.0408 0.0390

48 −0.0133 −0.0116 0.0589 0.0579 0.0778 0.0739 0.0399 0.0383

49 −0.0102 −0.0096 0.0581 0.0576 0.0754 0.0751 0.0360 0.0354

50 −0.0073 −0.0073 0.0574 0.0574 0.0760 0.0760 0.0332 0.0332

ST spatiotemporal correlation, T time series correlation
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the stock indices is higher than the rate of return, and the investment is not feasible. 
Thus, when the Sharpe ratio of investment is positive, then investors must be careful not 
to underestimate the return and give up an investment opportunity. However, when the 
Sharpe ratio is negative, then it is important for investors to consider investment risks 
to avoid potential losses. Therefore, the investment Return can be underestimated when 
the investment return is positive, while the risk tends to be underestimated when the 
return is negative. Thus, a model based on the spatiotemporal correlations is more prac-
tical and can offer investors more prudent guidance.

Part II: Portfolio cross-test
In this part, stock index returns are considered to be time series related or spati-

otemporal related, considering the correlation of fluctuation of the return as well, to 
predict the portfolio risk (taking VaR as the measure of the risk) and further prove the 
advantage of the spatiotemporal correlation. If the stock index returns are time series 
related, then the returns are obtained using panel data model regression; however, 
if the stock index returns are spatiotemporal related, then the returns are obtained 
using spatial panel data models.

The calculation process is as follows: First, the panel data in each stage was divided 
into two parts. The first part (about 1/3 of the total) was used as the training set for 
regression to solve the coefficients for the independent variables in the model; the 
second part was used as a test set employed the coefficients of the independent varia-
bles to predict the stock index return. Second, the portfolio return and variance of the 
stock indices were calculated. The portfolio variance was still obtained from the port-
stats command in MATLAB as shown in Fig. 6 by taking portfolio return, investment 
weight, and portfolio covariance as input parameters. To calculate the covariance, the 
time series/spatiotemporal correlation coefficient at each stage shown above was used 
as the correlation coefficient, and the standard deviation of each stock index was cal-
culated based on the predicted return series. Third, the VaR of the stock index portfo-
lio under a certain confidence was calculated, and then the results of VaR were 
compared with the actual data to prove the correlation that is more accurate in pre-
dicting the investment risk. To calculate the VaR, the returns were assumed to follow 
a normal distribution, and VaRα = û+ φ−1(α)×

√

σ̂ 2
port  was applied, where û is the 

predicted portfolio return, φ−1(α) is the α-quantile inverse probability distribution 
function under the standard normal distribution, and σ̂ 2

port is the predicted portfolio 
variance. The next section explains the process more clearly.

Model setting

For the panel data model regression, the stock index return was taken as the depend-
ent variable and some commonly used macroeconomic variables as the independent 
variable. The model of the formula is as follows:

(5)
ri,t = β0 + β1�GDPi,t + β2�CPIi,t + β3�REi,t + β4�ExRi,t + β5�Tradei,t + εi,t .
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In Model (5), ri,t is the return, �GDPi,t is the change rate of gross domestic product, 
�CPIi,t is the change rate of consumer price index, �REi,t is the change rate of interna-
tional reserve, �ExRi,t is the change rate of exchange rate, and �Tradei,t is the change 
rate for the level of import and export trade. In addition, εi,t is the residual term and β0 is 
the intercept term. In most of the above variables, the subscript is the value correspond-
ing to index i at time t. The data of the macro explanatory variables were obtained from 
the World Bank.

As for the spatial panel data models, the spatial lag regression model with a fixed effect 
was selected as the basis for calculating the stock index based on the spatial model test 
method proposed by LeSage and Pace (2009). The model can be represented as

where, in Model (6), wij is the spatial weight based on the distance of exchange rate level 
between two indices and k is the coefficient of spatial effect from j to i. Model (5) shows 
the other variables and symbols. The relevant spatiotemporal econometric models, such 
as that from Song et al. (2011) or Zhu et al. (2013), were applied to estimate the return, 
and the portfolio return for the VaR with the spatiotemporal correlations was calculated. 
However, since estimating the parameter for the spatiotemporal econometric model is 
somewhat challenging and article space is limited, we would have struggled to explain 
the computing process clearly.

Model analysis

In this part, the cross-test assumes that each stock index is invested with the same 
weight. Then, the VaR calculation results based on the two correlation coefficients were 
obtained (see Table 6 and Fig. 7).

Table  6 shows that the VaR forecasting results with spatiotemporal correlation cor-
responds to higher p values in general. For example, in Stage 1? p values in the UC and 
CC tests of VaR based on the spatiotemporal correlation is a little lower than that with 
the time series correlation, but the p value in the IND test far exceeds that with the time 
series correlation. This scenario also occurs in Stage 2. In Stage 3, the p value with a 
spatiotemporal correlation in the IND test is also higher than that with the time series 
correlation when the values of the other UC and CC tests are the same. In Stage 4, p 
values in the UC and CC tests with the spatiotemporal correlation exceed those with 
the time series correlation, but the p values in the IND test is lower than that with the 
time series correlation. The findings imply that portfolio risk prediction is more accurate 
when using the spatiotemporal correlation coefficient.

The VaR prediction results in the four stages were compared with the actual port-
folio returns to achieve clearer results. In Fig. 7, the blue line is the VaR based on the 
time series correlation, the green line is the VaR based on the spatiotemporal cor-
relation, and the red line are the actual portfolio returns. In most cases, the green 
line is below the blue one. Combined with the results in Table 6, the traditional VaR 
forecasting method based on the time series correlation underestimates the portfolio 

(6)

ri,t = β0 + k

N
∑

j=1,j �=i

wijrj,t + β1�GDPi,t + β2�CPIi,t + β3�REi,t + β4�ExRi,t + β5�Tradei,t + εi,t .
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risk because the VaR based on the spatiotemporal correlation involves more factors, 
in particular, the portfolio return, considering the effects from the other indices. In 
Stage 4, the green line is a little above the blue line because, in this relative stable 
stage, the impact from the other indices is weaken, and then the two lines are closer 
in values.

In addition, (1) the forecasting line tends to be a straight line, while the fluctuation of 
the actual portfolio returns are significantly. This is because in the VaR forecasting pro-
cess, the return of portfolio is basically only affected by macro variables, which change 
little in a short period of time but basically once a year. Therefore, the change of port-
folio return and the fluctuation of the VaR forecasting result are minimal. (2) The VaR 
prediction results based on the spatiotemporal correlation may occasionally be affected 
by external time, and several points of the predicted values are extremely high. In future 
studies, these noise interference points will be removed. (3) Due to space limitations, 
only the VaR prediction results at the 95% confidence level are shown in this study. In 
fact, the prediction conclusion is still valid under the confidence level of 97.5% or 99%. 
Meanwhile, in the case of minimum portfolio risk and maximum return, the VaR perfor-
mance based on the proposed spatiotemporal correlation coefficient is still better than 
that with the time series correlation.

Table 6 VaR forecasting results based on the two correlations (Christoffersen test (Christoffersen, 
1998))

The table presents significance p values and their corresponding statistics in the VaR backtesting examination. Where, the 
statistical values are outside the brackets, and the p values are inside the brackets. The lower statistics (higher p-values) 
in the UC, IND, and CC tests, the better results are. According to Kupiec (1995) and Candelon et al. (2011), the forecasting 
results cannot be rejected if significance of p values are bigger than 0.05

Back‑
testing

Confidence 
level

VaR 
forecasting 
with time 
series 
correlation

VaR 
forecasting 
with spatio‑
temporal 
correlation

Back‑
testing

Confidence 
level

VaR 
forecasting 
with time 
series 
correlation

VaR 
forecasting 
with 
spatio‑
temporal 
correlation

Stage 1 Stage3
UC 0.95 0.3055 21.6723 UC 0.95 61.7318 17.7670

(0.5805) (0.0000) (0.0000) (0.0000)

IND 0.95 2.7388 0.024 IND 0.95 9.9949 6.0112

(0.0979) (0.8768) (0.0016) (0.0142)

CC 0.95 3.0443 21.6963 CC 0.95 71.7267 23.7782

(0.2182) (0.0000) (0.0000) (0.0000)

Stage 2 Stage 4
UC 0.95 0.0918 85.3128 UC 0.95 11.4028 0.0069

(0.7619) (0.0000) (0.0007) (0.9336)

IND 0.95 5.4974 0.0080 IND 0.95 0.4184 4.8701

(0.019) (0.9286) (0.5177) (0.0273)

CC 0.95 5.5892 85.3208 CC 0.95 11.8212 4.8770

(0.0611) (0.0000) (0.0027) (0.0873)
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Fig. 7 The comparing performance of VaR in different Stages
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Furthermore, although method to compute the portfolio variance (see Gong and Weng 
2016) already exists, the variance of the spatiotemporal correlation regression model 
and other relevant parameters still needs to be examined first. The traditional method 
is more time-consuming, laborious, and difficult to understand compared to using the 
spatiotemporal correlation coefficient in this study. Meanwhile, the spatial correlation 
coefficient (e.g., Morans I), which is often used as a measure of spatial correlation, is only 
a qualitative judgment, and spatial dependence cannot depict one-to-one correlations 
but instead reveals many-to-one relationships. Thus, no studies have proven that it can 
be directly involved in the calculation process of covariance. Therefore, the proposed 
correlation has strong theoretical and practical significance.

Implications for risk management

Based on the proposed model of spatiotemporal correlation coefficients, correla-
tions can be quickly estimated to determine the investment risks and performance in 
advance. For example, upon obtaining the values of the three distances, each distance 
must be normalized within the interval of [0, 2]. The spatiotemporal correlation can be 
determined after confirming the weight of each distance. A reasonable asset allocation 
strategy can then be swiftly conducted. This expedited decision-making approach is par-
ticularly important under the circumstances of financial global integration; the risk of 
such integration will be extensive, calling for more rapid decisions.

Furthermore, because the proposed model can rapidly assess risks without requiring 
tedious regression analysis or other methods such as complex neural networks (Hossen 
et  al. 2015; Cheng and Wang 2009; Huang et  al. 2016; Zedda and Cannas 2020; Siller 
2013), governments can classify investment risks into levels according to spatiotemporal 
correlation coefficients to determine risk protection. In addition, investment institutions 
or individual investors can devise a fast portfolio strategy by computing the VaR with 
spatiotemporal correlations.

Meanwhile, based on spatiotemporal correlations, investors, financial institutions, and 
financial management departments can perform stress tests on investment risks. When 
using VaR scenario construction, which considers the relevance between a pair of risk 
factors, the spatiotemporal correlations of risk factors can be simulated in various sce-
narios to evaluate the possible effects of extreme risks on portfolio value. Investors can 
then confirm their risk tolerance, and financial institutions can reserve sufficient risk 
margins to cope with extreme events. Therefore, the spatiotemporal correlation analysis 
allows individual investors or financial institutions to make more accurate assessments, 
grasp the effects of extreme periods, and enhance risk management effectiveness and 
reliability.

In addition, given that the fluctuation distance of economic data is relatively more 
important when modeling spatiotemporal correlation, investors can prioritize this dis-
tance or only examine it when investing during crises. The spatiotemporal correlation 
model implies that a rough evaluation of the fluctuation distance and distance weight 
can estimate spatiotemporal correlation values. Investors can then judge which type of 
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correlation, such as a time series correlation or spatial correlation, plays a key role in 
risks. They can then assess and reduce risks more effectively.

The clustering based on the spatiotemporal correlation coefficient described above has 
more types, and the scale of each type is relatively balanced. Therefore, if the risk is clas-
sified based on the spatiotemporal correlation coefficient, then the result would be more 
reasonable, which is conducive to the scientific prediction of risks. In addition, a clus-
ter analysis based on spatiotemporal correlation coefficient can optimize the selection of 
portfolio.

The proposed spatiotemporal model can also be extended by incorporating other via-
ble factors, such as investors’ preferences, into the model. Thus, the proposed approach 
can be adapted to realistic situations. Such flexibility renders the model especially useful 
for international investment under complex circumstances. Moreover, the proposed cor-
relation coefficient can be applied not only to financial investment or risk fields but also 
to other fields, such as industrial and commercial enterprises, risk management enter-
prises, regional economic management, insurance industry premium determination, etc.

Conclusions and future research directions
This study presents an adaptive measurement model of spatiotemporal correlation coef-
ficients based on the clustering theory. The proposed method combines information 
regarding absolute distance, incremental distance, and fluctuation distance. An empiri-
cal analysis of the spatiotemporal correlations for stock indices is conducted based on 
the proposed model. The results show that, first, the spatiotemporal correlation coef-
ficient with adaptive distance is feasible; it depicts various sources of risks and is readily 
applicable. Second, with regard to financial markets, spatiotemporal correlations during 
developed markets are usually higher but are lower in crisis. Spatiotemporal correlations 
with non-equal distance weights are also often higher than those with equal weights if 
the weight of the fluctuation distance is lower than 0.33. However, if the spatiotemporal 
correlation model contains only one type of distance, then the spatiotemporal correla-
tions are often lower than those with equal distance weights (except for the fluctuation 
distance, which plays a relatively more important role). Last, the clustering results are 
more diverse and detailed with spatiotemporal correlations, thereby facilitating accurate 
risk management and control.

However, several model features need to be further examined: (1) when using the 
model, various distances must be mapped into the range of [0, 2] according to the lemma 
(see “Design and measurement of spatiotemporal correlation” section); (2) the model is 
expandable, that is, other information can be added, which makes the model amenable 
to actual situations; and (3) the applicability of the model in other scenarios should be 
tested. For example, this study uses low-frequency data; therefore, more studies must be 
conducted to examine if the models are applicable in high-frequency data.

Appendix
See Figs. 8, 9, 10, 11, 12, 13, 14, 15, 16 and 17.



Page 32 of 43Mo et al. Financial Innovation            (2023) 9:14 

Fig. 8 Number of clusters k with time series correlation

Fig. 9 Cluster dendrogram with time series correlation in stage 1
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Fig. 10 Cluster dendrogram with time series correlation in stage 2

Fig. 11 Cluster dendrogram with time series correlation in stage 3

Fig. 12 Cluster dendrogram with time series correlation in stage 4
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Fig. 13 Number of clusters k with spatial correlations (Moran’s I) by stage

Fig. 14 Cluster dendrogram with spatial correlations in Stage 1. Note The numbers 1, 3, 12, 14, 16, and 23, 26 
denote stock indices in developed markets; the remaining numbers denote indices in developing markets, 
according to Tables 2 and 3

Fig. 15 Cluster dendrogram with spatial correlations in Stage 2. Note The numbers 1, 3, 12, 14, 16, and 23, 26 
denote stock indices in developed markets; the remaining numbers denote indices in developing markets, 
according to Tables 2 and 3
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See Schedules 7 and 8.

Fig. 16 Cluster dendrogram with spatial correlations in Stage 3. Note The numbers 1, 3, 12, 14, 16, and 23, 26 
denote stock indices in developed markets; the remaining numbers denote indices in developing markets, 
according to Tables 2 and 3

Fig. 17 Cluster dendrogram with spatial correlations in Stage 4. Note The numbers 1, 3, 12, 14, 16, and 23, 26 
denote stock indices in developed markets; the remaining numbers denote indices in developing markets, 
according to Tables 2 and 3
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