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Recently, air pollution such as the respirable particulate PMjo results in negative impact on human health.
We study the non-linear cross-correlations between respiratory diseases and haze in South Korea, using
multifractal detrended cross-correlation analysis (MF-DCCA). The empirical tests indicate that there exists
cross-correlations between the monthly average PMjo/Bronchitis time series pair, and monthly average
PMo/Rhinitis time series pair. Metrics such as Hurst exponents, scaling exponents, and multifractal spec-
Keywords: trums show that the multifractal characteristics of both the time series pairs are significant. In addition,
PMy we compare the degrees of multifractal spectrums and find that the cross-correlation of the time series
Bronchitis pair PMyo/Bronchitis is stronger than that of PMo/Rhinitis, which indicates that the monthly outpatient
Rhinitis quantity of bronchitis is more sensitive to PM;o concentration. Furthermore, to identify the main source
Multifractality of multifractality for two time series pairs, we phase-randomize and shuffle the original series. The com-
Cross-correlation putational results demonstrate that fat-tailed distribution contributes to the multifractality between res-
piratory diseases and haze.

© 2020 Elsevier Ltd. All rights reserved.

1. Introduction

Recently, with the advent of modernization and urbanization,
environmental damage and air pollution have been caused at the
same time of economic development. More and more evidence
has suggested that there exists impact of air pollution on human
health, especially for human respiratory system. Among numerous
air pollutants, particulate matter (PM) has drawn great attention,
and research showed that the PMs with aerodynamic diameter less
than 10 microns has a greater impact on human respiratory sys-
tem.

It was found that for every 10 pg/m3 of PM;q increased, the
mortality of respiratory system increased by 0.58%, after investigat-
ing 29 European cities [1]. A recent review [2] showed that the de-
position of PM, 5 particles in the acinar area of the lung is uneven
by a high-resolution fluorescence imaging method, and the maxi-
mum deposition rate in the acinar region is remarkably different
from the prediction of the average deposition model, and the de-
position of these particles in the lung is harmful to human health.
Moreover, many studies have reported the effects of atmospheric
particles on mortality induced by respiratory diseases. Pope et al.
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[3] investigated the relationship between long-term PMs exposure
and mortality, and the relationship between PMs and mortality
patterns and specific sources of death. The results indicated that
long-term PMs exposure was closely related to the mortality of is-
chemic heart disease. For these cardiovascular causes of death, an
increase of 10 pug/m? in fine particles was associated with an in-
creased risk of mortality of 8% to 18%, the risk of smokers was
comparable or greater than that of non-smokers, and the corre-
lation between mortality and respiratory diseases was relatively
weak. Atkinson et al. [4] found that 10 pg/m? increase in PM, 5 was
associated with a 1.04% increase in the risk of death, and there are
significant regional differences (0.25%-2.08%) in worldwide.

In South Korea, haze caused by atmospheric particles has re-
cently become more and more serious. In some previous works,
there have been studies on the relationship between air pollution
and respiratory system in South Korea. Kwon et al. [5] studied the
mortality from PM;y exposure in Seoul, and found the mortality
increased by 4.1% due to respiratory and cardiovascular causes. Ac-
cording to Jun et al. [6], they suspected that when air quality de-
teriorates, people have a stronger incentive to adapt to it in be-
havior, and their results implied that in polluted areas, the possi-
bility of respiratory diseases decreases with the gradual increase
of air pollution, which can be interpreted by behavioral adapta-
tion to the environment, while in particularly polluted areas, the
effectiveness of such adaptation seems limited. Kim et al. [7] es-
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timated the impact of PMyy on health in Seoul, South Korea, be-
tween 2014 and 2015, and found a significant correlation between
the MODerate-resolution Imaging Spectroradiometer Aerosol Opti-
cal Depth (MODIS AOD) and PM;¢ concentration, in particular, dur-
ing winter season.

However, no researchers have used the method of multifrac-
tal detrended cross-correlation analysis (MF-DCCA) to discuss the
cross-correlation between PM;y exposure and the number of out-
patients with respiratory diseases. In this study, in order to ex-
plore the impact of PM;g concentration on people’s health in South
Korea, and to provide scientific basis for taking positive response
strategies and interventions, we study the relationship between
PMyq in air pollutants in South Korea and the number of outpa-
tients with respiratory diseases in hospitals, using MF-DCCA, which
has been proved to be an effective tool for analyzing the correla-
tions between two time series, and it was first proposed by Zhou
[8]. Afterwards, MF-DCCA has been used in many fields such as fi-
nancial markets [9-11], traffic flow [12], and the cross-correlations
between PM,s and meteorological factors [13]. Recently, Wang
et al. [14] used MF-DCCA to investigate the cross-correlations be-
tween meteorological factors and bacterial foodborne diseases.

In this paper, we adopted three parameter variables, such as the
monthly average concentration of PM;qg, the monthly average out-
patient quantity of bronchitis, and the monthly average outpatient
quantity of rhinitis, in the whole South Korea from January 2010
to March 2019.

The paper 1is organized in the following manner.
Section 2 briefly introduces the method. Section 3 describes
the data sources. Section 4 presents computational results. Con-
clusions are provided in the last section.

2. Principles and methodology
2.1. Multifractal detrended cross-correlation analysis

The multifractal detrended fluctuation analysis (MF-DFA) has
been proved to be an effective way that can measure the multi-
fractal properties of non-stationary time series [15-22]. To inves-
tigate the correlations of two non-stationary time series, Podobnik
et al. [23] proposed DCCA method. MF-DCCA method was proposed
to study the multifractal characteristics of two non-stationary time
series by Zhou [8]. In this work, we check the correlations between
PM;o concentration and outpatient quantity of respiratory diseases
time series using MF-DCCA. The process of MF-DCCA is generally
described as follows.

I. Given two time series {x;,y:.t =1,2,...,N}, N is the length
of time series. Next, create the cumulative deviation series.

t

X(t)=) (-%, t=12,...N, 1)
k=1

Y) =) -3, t=12...N, (2)
k=1

where x and y denote the mean of the time series x; and y;.

II. Divide the cumulative deviation series X and Y into Ns =
int(g) non-overlapping segments, where s is the time scale. If N
is not an integral multiple of s, some information will be left at
the end of the series. To include all the information of the time se-
ries, the same procedure is repeated from the end to the start. Via
taking this step, then 2Ns non-overlapping segments are obtained.

IlIl. For each subsegment v, we use least squares method to ac-
quire the local trends with an kth-order polynomial fit.

x (i) = (111.’( + azl.k7] + 4 Al + gy,

i=1,2,....8 k=1,2,... (3)

Yo (@) = byi* + byi* 1 + - 4 byi + by,
i=1,2,...,s; k=1,2,... (4)

IV. Calculate the detrended covariance F%(s, v). When v=
1,2,...,Ns,

F(s,v) = %Z{IX[(U— Ds+i] =xoD[Y[(v = Ds +i] = yu(DI}.
i=1

(5)
When v=Ns +1,Ns +2,...,2Ns,
F(5.0) = ¢ S IXIN = 0= Noys + ]
i=1
X OIIYIN= (0= No)s +1] - yu (D)} 6)

V. Averaging the detrended covariances to obtain the gth-order
wave function as
1

2N,
1 < 2 g
Fy(s) = TNS;[F (s.v)]> ¢ . (7)
When q = 0, according to Lopida’s law,
2N;
— L 2
F,(s) = exp N, ;ln[F CEDINE (8)

If scaling behavior do exist, then the power-law correlations sat-
isfy Fy(s) ocs™»(@. hyy(q) is the generalized Hurst exponent ver-
sus g, the extent of multifractality can be derived by calculating
the range of hyy(q), a larger AHyy = hxy(qmin) — hxy(gmax) means
stronger multifractal feature.

If g = 2, the MF-DCCA becomes the DCCA, if hyy(2) = 0.5, it in-
dicates the two time series have no cross-correlations with each
other, when hyy(2) > 0.5, the cross-correlations are positive persis-
tent, when hyy(2) < 0.5, the cross-correlations are anti-persistent.

2.2. Mass exponent and multifractal spectrum

Let us define the mass exponent spectrum Txy(q) as

Txy(‘]) = qhxy(Q) -1, (9)

where hyy(q) is obtained from MF-DCCA. The singularity strength
axy, which describes the singular degree of each segment in a
complex system; and the singularity spectrum fyy(a), which de-
scribes fractal dimension of oy, are obtained from

o= hxy(q) + qh;cy(Q)9 (10)

fxy(a):CI[axy_hxy(Q)]+1~ (11)

The range of the singularity strength Adyy = axy,,, — Cxy,.. de-
termine the strength of multifractality. According to [24], a larger
Aoy indicates a more intense data fluctuation.

3. Data collection

We use monthly average time series of PM;o (ng/m3) concen-
tration, outpatient quantity of bronchitis, and outpatient quantity
of rhinitis data to study the cross-correlation between air pollu-
tion and respiratory diseases. The experimental samples for bron-
chitis data and rhinitis data are downloaded from “Health In-
surance Review and Assessment Service”, please refer to web-
site: http://opendata.hira.or.kr/op/opc/olapMfrnintrsiinsinfo.do. The
source data of PMyg concentrations are obtained from “Korea Envi-
ronment Corporation”, and specific data are provided by the mon-
itoring station of Jung gu, Seoul. The detailed information can be
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Table 1
Descriptive statistics.

Category Minimum  Maximum  Mean

Standard deviation ~ Skewness Kurtosis

PMyg 19 85
Bronchitis 73 2760
Rhinitis 32,081 116,621

823
74,267

44.4685

13.6833
548
21,078

0.3238
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Fig. 1. Monthly average time series of (a) PM;o concentration, (b) outpatient quan-
tity of bronchitis, and (c) outpatient quantity of rhinitis.

downloaded from website: https://www.airkorea.or.kr. The selec-
tion of time interval is from January 2010 to March 2019, and each
category includes 111 samples. The descriptive statistics for each
time series are listed in Table 1.

The time series charts for the changing trend of PM;q concen-
tration, outpatient quantity of bronchitis, and outpatient quantity
of rhinitis data are shown in Fig. 1. From Fig. 1(b) and (c), we
can observe clearly that there are more outpatient quantity of both
bronchitis and rhinitis during winter than during summer months.

4. Experiment results

For the empirical research, the first step is to select appropriate
parameters, then conduct the tests for each single time series using
MF-DFA. Then cross-correlation test function and DCCA coefficient
are applied to test the correlations between PM;, concentration
and outpatient quantity of respiratory diseases. At last, we adopt
MEF-DCCA to study the cross-correlations from the perspective of
quantity. Meanwhile, we investigate the main causes of multifrac-
tality of each series pair. It is suggested by [25] that polynomial or-
der k can be selected from 1 to 3. In this article, we take k =2 to
prevent polynomial over-fitting or under-fitting. By [26,27], when
studying the multifractality of PM;o, the segment size can be con-
siderably stay from 4 to the value of 1/4 of the sample size. In this
study, the minimum and maximum segment scales are selected as
Smin = 10 and smax = 20, respectively. Lashermes et al. [28] sug-
gests that g can be chosen from —10 to 10.

Table 2
Multifractality of PMyo, bronchitis, and rhinitis
time series.

h(2)

1.2936
1.1087
0.6960

AH(q) Ax

1.1083
0.8466
0.8873

PM;o
Bronchitis
Rhinitis

14315
1.1058
1.2091

4.1. Preliminary test on multifractality

We first apply MF-DFA to investigate the multifractality of three
separate time series. We depict the logdlog fluctuation function
Fy(s) versus fractal order q based on a varied s for PMg, bronchitis,
and rhinitis in Fig. 2. We observe that for each series, lines from
q=-10 to g =10 can fit the curve of fluctuation functions well,
indicating the power-law behavior and long-range correlations ex-
ist for each series, from the bottom to the top are g = —10, g = —6,
qg=-2,q=2,q=6, and q = 10, respectively. The decreasing slope
with the increasing of g indicates that all the time series display a
multifractal behavior.

To compute the multifractality quantitatively, we first calculate
h(q) with q from —10 to 10. The Hurst exponents of h(q) — q for
the three schemes are shown in Fig. 3.

As shown in Fig. 3, we see that the generalized Hurst exponents
for three time series are not fixed values, and h(q) decrease with
the increase of g, which shows that the time series of PM;q, bron-
chitis, and rhinitis exist multifractal properties. We note that when
q =2, h(2) of all the time series are greater than 0.5, all the h(2)
values are listed in Table 2. In addition, the wavelet fluctuations of
all the time series have significant persistence, since we observe
the value of h(q) decreases rapidly with the increasing of ¢ when
q < 0. While g > 0, all the time series behave the minimum sus-
tainability of large fluctuations, as we can see h(q) stays slightly
when ¢ increases. From these Hurst exponents, let the degree of
multifractality be defined by

AH(q) = h(qmin) — h(qmax)- (12)

The values of AH for each single time series are shown in Table 2.

Research [29] showed that curvature of scaling exponent can
measure the multifractality. The scaling exponents t(q) are esti-
mated by Eq. (9). In Fig. 4, the scaling exponents of three time
series are non-linearly dependent on g, which shows another evi-
dence of multifractality.

Then, we calculate multifractal spectrum. From Fig. 5, the
widths of multifractal spectra for series pairs are significantly
nonzero, indicating that all the series are multifractal. We notice
the A« of all the time series, and find the A« of PM;y is the
largest, which implies the multifractal nature is the strongest. The
maximum multifractal strength value for metrics AH(q) and A«
are highlighted in bold in Table 2.

4.2. Cross-correlation test

Qualitative tests of the cross-correlations between two time se-
ries are essential for this study. We first show the correlations be-
tween PM;o concentration and respiratory diseases time series. As-
suming that there exists two time series, X; and Y;, t =1,2,...T,
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the cross-correlation test function is given by

T
D kmin1 XicYi—i

G= . (13)
NOWED.CHV IS
Then, we get the test statistic as follows.
nooCc?
Qe =T* 3 gy (14)

In this study, the degree of freedom m varying from 1 to 110, and
the critical value is set for x2(m) distribution at 5% level of signif-
icance.

As the cross-correlation statistics for two pairs of indices
(PMp/Bronchitis and PM;g/Rhinitis) shown in Fig. 6, the Q.(m) for
two time series pairs always go above the critical values as m in-
creases, implying the statistically significant of long-range cross-
correlations between PMy concentration and respiratory diseases
time series. In Fig. 6, the critical value of the cross-correlation
statistics is represented by the blue line. The red line denotes the
cross-correlation statistic Q..(m) of the pair of PM;q/Bronchitis and
the green line represents the pair of PMqo/Rhinitis, respectively.

4.3. DCCA coefficient

DCCA coefficient has been an efficient metric to evaluate the
highly non-stationary processes since it was proposed by Zebende
[30]. DCCA coefficient was also proved to be able to quantify the
significance of the correlation between different time series in
[31]. In the investigation of agricultural futures market in China
and the United States, DCCA coefficient was also used by Li et al.
[32] to test the cross-correlations between the series. In this study,
we use this method to further test the cross-correlations between
PMy/Bronchitis series pair and PM;p/Rhinitis series pair. The DCCA
coefficient function is defined as follows.

Foccagy (5)
Foraq ($)Forap(s)

FDCCAﬁb (s) is the detrended covariance’s fluctuation function of time
series pair, Fppaa(S) and Fpgap(s) represent each single detrended
fluctuation function. The value of ppccs ranges from —1 to 1.
A closer value to 1 means the series pair has a higher cross-
correlation. When ppcca = 0, there exists no cross-correlation. A
closer value to —1 means the cross-correlation of the series pair
is more anti-persistent. We plot the DCCA coefficient versus win-
dow sizes s in Fig. 7, where s varied from 10 to 20.

The red curve denotes the DCCA coefficient between monthly
average time series of PM;y concentration and outpatient quan-

Pbpcca = (15)

0.8
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Fig. 7. DCCA coefficients for three time series pairs. A color version of the figure is
available in the web version of the article.

tity of bronchitis while the blue curve represents the DCCA co-
efficient between monthly average time series of PM;y concentra-
tion and outpatient quantity of rhinitis, and black curve form the
DCCA coefficient of Bronchitis/Rhinitis series pair. We note that all
the values are within the interval of 0 to 1, indicating the cross-
correlations exist in PMq/Bronchitis, PMo/Rhinitis, and Bronchi-
tis/Rhinitis series pairs. From Fig. 7, we observe that the corre-
lations between bronchitis and rhinitis is the largest, then the
PM;o/Bronchitis series pair, PMg/Rhinitis is the lowest.

4.4. MF-DCCA analysis

As the cross-correlation statistics Q.(m) and DCCA coefficient
show the existence of cross-correlations for two time series pairs,
to study the cross-correlations quantificationally, we apply MF-
DCCA to further estimate the cross-correlations for time series
pairs (PMo/Bronchitis and PM;g/Rhinitis). Firstly, we show the log-
log plots of Fy(s). As shown in Fig. 8, the fluctuation values of both
PMjp/Bronchitis and PMqo/Rhinitis series pairs increase with seg-
ment s, implying both the two series pairs have long-range correla-
tions. From the bottom to the top are g = -10, ¢ = -6, ¢ = -2, ¢ =
2, g =6, and g = 10, respectively. The decreasing slope with the
increasing of ¢ indicates that both the series pairs display a strong
multifractal behavior, which refers that both the two monthly out-
patient volume of respiratory diseases are sensitive to PM;y con-
centration, they have strong cross-correlations.

Furthermore, as shown in Table 3 and Fig. 9, the cross-
correlation generalized Hurst exponents hyy(q) of PMyo/Bronchitis
and PM;o/Rhinitis series pairs decline with the increase of g,
indicating each series pair possess multifractal property. In ad-
dition, when ¢ =2, the cross-correlation exponents for both
PM;o/Bronchitis and PMjg/Rhinitis series pairs are larger than 0.5,
showing both time series pairs have persistence. We list the values
of hyy(2) for two indices in Tables 3 and 4. Moreover, the hyy(2)
value of PMq/Bronchitis is larger than PM;o/Rhinitis, indicating the
cross-correlation of PMy/Bronchitis series pair is more persistent
than PMo/Rhinitis series pair.

In Fig. 9, we also see that the wavelet fluctuations of all the
time series pairs have significant positive persistence, since we ob-
serve the value of hy(q) decreases rapidly with the increasing of
q when g < 0. While g > 0, both the time series pairs behave the
minimum sustainability of large fluctuations, as we can see hyy(q)
stays slightly when q increases. Then, let the degree of multifrac-
tality be given by

Any(Q) = hxy(‘]min) - hxy(Qmax)~ (16)
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Generalized Hurst exponents hyy(q) of two

time series pairs.

q PM;o/Bronchitis =~ PM;o/Rhinitis
-10  1.7982 1.5814
-9 1.7779 1.5592
-8 1.7532 1.5322
-7 1.7229 1.4993
-6 1.6860 1.4587
-5 1.6415 1.4088
-4 1.5901 1.3480
-3 1.5345 1.2764
-2 1.4781 1.1970
-1 1.4219 1.1163
0 1.3628 1.0421
1 1.2960 0.9790
2 1.2187 0.9278
3 1.1335 0.8869
4 1.0474 0.8543
5 0.9672 0.8281
[] 0.8976 0.8067
7 0.8397 0.7889
8 0.7928 0.7741
9 0.7553 0.7614
10 0.7254 0.7505
Table 4

Multifractality for two series pairs of PM;o/Bronchitis

and PMo/Rhinitis.

hyy(2) AHyy(q) Aoy
PM,o/Bronchitis  1.2187  1.0728 1.5156
PM;o/Rhinitis 0.9278  0.8309 1.1401

The values of AHyy for each time series pair are shown in Table 4.
We observe that with the increasing of g, the range of hyy(q)
fluctuation of the time series pair of PMjg/Bronchitis is greater,
implying the multifractal feature is greater, that is to say, the
monthly outpatient volume of bronchitis is more sensitive to PMq
concentration than that of rhinitis, and the cross-correlation of
PMy/Bronchitis is greater.

In Fig. 10, the scaling exponents Txy(q) of two time series pairs
are non-linearly dependent on g, which shows another evidence of
multifractality for both two time series pairs.

At last, we use multifractal strength and spectrums to exam-
ine PMyo/Bronchitis and PMo/Rhinitis time series pairs. As shown
in Fig. 11 and Table 4, the widths of multifractal spectra for se-
ries pairs are significantly nonzero, indicating that all the series are
multifractal. We notice the Aayy of both two time series pairs, and
find the A« of PM;g/Rhinitis is narrower, which implies the mul-
tifractal nature of PM;o/Rhinitis is weaker and the monthly outpa-
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Fig. 9. Generalized Hurst exponents of PMjo/Bronchitis, and PMo/Rhinitis. A color
version of the figure is available in the web version of the article.
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Fig. 10. Scaling exponents of PM;o/Bronchitis, and PMjo/Rhinitis. A color version of
the figure is available in the web version of the article.

tient volume of bronchitis is more relevance to PM;g concentration.
The maximum multifractal strength value for metrics AHxy(q) and
Aatyy are highlighted in bold in Table 4.

4.5. The sources of multifractal features

According to the former studies [8,15,33], generally, there are
two causes of multifractality: (1) long-range correlations, and (2)
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Fig. 11. Multifractal spectrums of PM;q/Bronchitis, and PMo/Rhinitis. A color ver-
sion of the figure is available in the web version of the article.

fat-tail distributions. Now, we construct phase-randomized and
shuffled time series to explore the main cause of multifractality
for each time series pair. The shuffled series can be randomly gen-
erated as follows. For a time series with length N, creating (a, b) of
random integers with a, b < N, then change the value in a-th order
with b-th order, and repeat the above process for sufficient times.
Moreover, for the phase-randomized time series, we first create a
series of random numbers with the Gaussian distribution, then re-
arrange the series with the same order.

As same as above procedure, we first calculate the cross-
correlations generalized Hurst exponent hyy(q), then the txy(q), at
last the Aayy. From Figs. 12-14, we note that all the series pairs
are strongly multifractal, and hyy(2) for all shuffled and phase-
randomized time series pairs of PMjq/Bronchitis are less than 0.5,
showing that there existing negative persistent, and the negative
persistent property of phase-randomized is stronger than shuf-
fled time series pair. Besides, hyy(2) for shuffled time series pair
of PMjg/Rhinitis is larger than 0.5, however, much less than the
original series pair, it implies that the shuffled series pair be-
come weaker persistent. Moreover, for phase-randomized time se-
ries pairs of PMyo/Rhinitis, hyy(2) is less than 0.5, indicating the
series pair has negative persistent property. We list the values
of hyy(2) for original, shuffled, and phase-randomized time series
pairs in Table 5. To obtain the robust results, we use the mean of
50 repeated values for shuffled, and phase-randomized time series.
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Table 5
Multifractality of original, shuffled, and phase-randomized series
for two series pairs of PM;o/Bronchitis, and (b) PM;o/Rhinitis.

h(2) Aa
Original 1.2187 1.5156
PM,;o/Bronchitis  Shuffled 0.4786  0.8753
Phase-randomized 0.3913 0.7764
Original 0.9278  1.1401
PM;o/Rhinitis Shuffled 0.5562  0.3501
Phase-randomized 0.4285 0.3424

We measure the main causes of multifractality of two series
pairs through the ranges of the multifractal spectra of original,
shuffled, and phase-randomized series. As shown in Table 5, we
summarize the strength of multifractality for the original, shuf-
fled and phase-randomized series using MF-DCCA. The bold values
indicate the significance of multifractality. The results show that
large part of the multifractalities are removed by phase random-
izing the original series pairs. The results refer that the fat-tailed
distributions are the main causes of multifractal features for the
two time series pairs.

5. Conclusions

In this article, we investigated the relations between respirable
particulate PM;p and human respiratory diseases. Firstly, cross-
correlation test was conducted and the results show the long-range
cross-correlations between PM;y concentration and respiratory dis-
eases time series. Then we applied DCCA coefficient test to further
confirm the conclusion, we consisted series pairs from any two
time series by PM;g, bronchitis, and rhinitis time series. we found
the cross-correlations of Bronchitis/Rhinitis is the largest, then the
PMjp/Bronchitis, afterwards the PMg/Rhinitis. To study from the
perspective of multifractality and quantity, we used MF-DCCA to
investigate the multifractality of PM;q/Bronchitis, and PMo/Rhinitis
time series pairs. At first, three separate time series such as the
monthly average concentration of PMyo, the monthly average out-
patient quantity of bronchitis, and the monthly average outpatient
quantity of rhinitis time series are analyzed by MF-DFA. We no-
ticed the long-range correlations exist in all the three time se-
ries, and the multifractality of all the time series are strong. Then
we used MF-DCCA to investigate the cross-correlations between
respiratory diseases and PMy time series pairs. We found that
the multifractal properties are significant. Besides, by comparing
the degrees of multifractal spectrums, we observed that both the
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Fig. 12. Generalized Hurst exponents of original, shuffled, and phase-randomized time series of (a) PMyo/Bronchitis, and (b) PMyo/Rhinitis. A color version of the figure is

available in the web version of the article.
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two monthly outpatient volume of respiratory diseases are sen-
sitive to PMyy concentration. The multifractality of the time se-
ries pair PMjg/Bronchitis is stronger than that of PMjg/Rhinitis,
which indicated that the monthly outpatient volume of bronchitis
is more relevance to PM;o concentration. Besides, we shuffled and
phase-randomized the original series to explore the major source
of multifractality. The results from MF-DCCA algorithm showed
that the fat-tailed distributions contribute to the multifractality for
cross-correlation between respiratory diseases and PMjy time se-
ries pairs. In addition, we believe that our conclusions can provide
advice for disease diagnosis and environmental governance. For
physicians, they can diagnose the disease from many factors such
as congenital or air pollution factors or other causes. For the gov-
ernment, officials can formulate relevant measures such as atmo-
sphere pollution prevention and control laws to reduce the emis-
sion of particulate matter, so as to reduce the incidence of respi-
ratory diseases. However, as we know, there are many other pol-
lutants in the atmosphere, such as PM, s, sulfide, nitride, ozone,
etc. In the current study, we only investigated human respiratory
diseases with PMq, the effects of other factors on bronchitis and
rhinitis also need to be studied, and these will be investigated in
our future work.
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