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Predicting extreme rainfall over eastern Asia by
using complex networks∗
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A climate network of extreme rainfall over eastern Asia is constructed for the period of 1971–2000, employing the
tools of complex networks and a measure of nonlinear correlation called event synchronization (ES). Using this network,
we predict the extreme rainfall for several cases without delay and with n-day delay (1≤ n≤ 10). The prediction accuracy
can reach 58% without delay, 21% with 1-day delay, and 12% with n-day delay (2 ≤ n ≤ 10). The results reveal that the
prediction accuracy is low in years of a weak east Asia summer monsoon (EASM) or 1 year later and high in years of a
strong EASM or 1 year later. Furthermore, the prediction accuracy is higher due to the many more links that represent
correlations between different grid points and a higher extreme rainfall rate during strong EASM years.
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1. Introduction
Extreme rainfall events have a significant impact on the

environment and human activities. In recent years, extreme
events over eastern Asia have happened frequently, resulting
in severe flood throughout the region. As weather and cli-
mate extremes can have devastating effects on the society and
the environment,[1] it is of immense value to the society and
the economy to deeply and clearly understand the dynamical
structure of extremes and to forecast them well in advance.

Extreme rainfall over eastern Asia results from the inter-
action of several complex atmospheric processes evolving at
many different spatial and temporal scales, e.g., the low lati-
tude east Asia summer monsoon (EASM), the Indian summer
monsoon, and the mid-latitude blocking system.[2–5] Hence,
extreme rainfall shows complex spatial and temporal patterns.
Most recent studies on extreme rainfall events over eastern
Asia mainly focused on the extreme value, its correspond-
ing temporal change characteristics, and the dynamical anal-
ysis of single events. Few studies have paid attention to the
prediction of extreme rainfall over eastern Asia. At present,
the prediction accuracy of extreme rainfall is still low, thus it
is vital to develop a climate model to point out where skill-
ful forecasts can be made due to the changes in atmospheric
composition.[6–8]

During the last decade, the study of networks has become
a major research topic in many scientific areas, e.g., neural net-

works in biology, the World Wide Web in computer science,
and citation networks in the social sciences.[9–11] Recently, the
network perspective was also applied to climate research, re-
vealing spatio–temporal structures of climatic variation and
the mechanisms of climate dynamics at both global and lo-
cal scales.[12–18,20–30] In most of those works, uni-directional
networks were constructed by employing the Pearson correla-
tion. In this study, we construct a directed network using a new
method called event synchronization.[3,20,31] This directed net-
work can measure not only the strength of synchronization be-
tween two grid points but also their delay behavior. Extreme
rainfall has temporal and spatial memories; the state of this
moment will influence the state of the next moment; and a
rain event occurring at one grid point will make any other grid
points vulnerable to such an event too. A similar approach was
recently chosen by Malik et al., who researched the temporal
evolution of extreme rainfall patterns and spatial intricacies
over south Asia.[3] This paper predicts extreme rainfall over
eastern Asia for several cases without delay and with n-day
delay. Furthermore, we present the relationship between the
EASM and the prediction accuracy.

2. Data
The data used here are daily gridded rainfall data from

1951 to 2007 developed as a part of the project Asian rain-
fall highly resolved observational data integration towards the
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evaluation of water resources (APHRODITE).[26] It is avail-
able from the website at http://www.chikyu.ac.jp/precip. We
have extracted the data from 1971 to 2000 for the eastern
Asian region with a latitude–longitude resolution of 1◦×1◦.
The range of latitude is between 10◦ N and 55◦ N, and that of
longitude is between 100◦ E and 135◦ E, as a result, the total
number of grid points is 1575.

3. Methodology
3.1. Event synchronization

Event synchronization (ES) can be employed as a nonlin-
ear correlation to measure the synchronization strength and the
delay direction of rainfall events between two different grid
points. ES also serves as the basis for constructing complex
networks. ES has been previously introduced by Quiroga et
al.[30] and modified by Malik N et al.[3,20]

At each grid point during the three summer months (JJA),
we consider the events above the 90th percentile of the time
series (30 years of data × 92 days per season × 10% = 276
events at each grid point). The 90th percentile threshold gives
a unique net amount of rainfall per day as the threshold for
each grid point, which is shown in Fig. 1. It is clear that the
coastal regions have larger amounts of rainfall than the inland
regions.
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Fig. 1. (color online) Daily rainfall thresholds calculated from 30 years
of data (1971-2000).

Let us suppose that events above the threshold occur at
time t i

l at grid point i and at time t j
m at grid point j (l =

1,2, . . . ,si, m = 1,2, . . . ,s j), where si and s j are the total num-
bers of such events occurring at grid points i and j, respec-
tively. According to Malik et al.,[3] we allow a time lag ±τ

i j
lm

between two “synchronous” events, which is defined as

τ
i j
lm = min

{
t i
l+1− t i

l , t
i
l − t i

l−1, t
j
m+1− t j

m, t
j
m− t j

m−1

}
/2. (1)

We count the number of events at i after an event appears at j,
denoted as

c(i | j) =
si

∑
l=1

s j

∑
m=1

Jlm, (2)

with

Jlm =

 1, if 0 < t i
l − t j

m < τ
i j
lm,

1/2, if t i
l = t j

m,
0, else.

(3)

Similarly, we can obtain c( j |i ). Then we define the symmet-
rical quantity 𝑄 and the asymmetrical quantity 𝑞

Qi j =
c(i | j )+ c( j |i )
√sis j

, (4)

qi j =
c(i | j )− c( j |i )
√sis j

. (5)

The Qi j measures the strength of synchronization between grid
points i and j, and qi j measures their delay behavior.[31] They
are normalized to 0≤Qi j ≤ 1 and−1≤ qi j ≤ 1, where Qi j = 1
implies the complete synchronization between grid points i
and j, and qi j = 1 implies that an event at grid point i always
precedes an event at grid point j.[31]

3.2. Constructing adjacency matrix

We set a threshold to get rid of redundant information
and extract the most significant correlations. If the strength
is above this threshold, significant links between different grid
points exist. Only the most significant correlations are ana-
lyzed: we suppose that only 5% of the total grid points are
connected and calculate a threshold θ on Qi j in this paper.[3]

Using θ , we convert 𝑄 into a binary matrix called the adja-
cency matrix 𝐴Q

AQ
i j =

{
1, if Qi j > θi j,
0, else. (6)

Similarly, we can convert qi j into a binary matrix called the
adjacency matrix 𝐴q

Aq
i j =

{
1, if qi j >

∣∣∣θ q
i j

∣∣∣ ,
0, else.

(7)

Here 𝐴Q is a symmetric matrix, while 𝐴q is an asymmetric
matrix. A further adjacency matrix 𝐴Qq can be constructed as

AQq
i j = Aq

i jA
Q
i j. (8)

The 𝐴Qq is also an asymmetric matrix presenting the informa-
tion of strength and direction of the link.[3]
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4. Results and discussion
4.1. Predicting extreme rainfall

Let us assume that an event above the threshold occurs
at grid point i, and this event will make any other grid point
j vulnerable to such an event as well. The vulnerability must
depend on the distance from i to j and the link of these two
grid points. Apart from the link strength, the link directional-
ity is also important, only those grid points that have incoming
links from i being vulnerable to such an event. From the adja-
cency matrix 𝐴Qq, we can obtain information about strength
and direction of the link.[3] The vulnerability of grid point j
can be calculated to be

ρ j =
∑ i∈V (t)A

Qq
i j /Li j

∑
N
i=1 AQq

i j /Li j
, (9)

where Li j is the distance from i to j, which can be calcu-
lated using the formula for the spherical Earth projected onto
a plane, i.e.,

Li j = R
√
(δφi j)2 +(cos(φm)δϕi j)2, (10)

where δφi j and δϕi j are differences in latitude and longitude
in radians between grid points i and j, φm is the mean of the
latitudes of i and j, and R is the radius of the Earth.[3] In for-
mula (9), V (t) is the set of grid points where such rain events
happen at time t, and N is the number of all grid points.

We separate the data into two parts: the first 15 years and
the second 15 years. We determine a threshold ρ0 on ρ j from
the first half of the data and use the threshold to predict rain
events for the second half. We set a pre-assigned value for ρ j

to calculate the prediction accuracy and ensure the threshold
ρ0. If ρ j is greater than the threshold ρ0, an event occurs at
grid j, or else no event occurs at grid j. We define two ratios
to judge the quality of the prediction. First, we have εp/Ep,
which is the ratio of the number of correctly predicted events
(εp) to the total number of predicted events (Ep). Second, we
have Ep/ET, which is the ratio of the total number of predicted
events (Ep) to the total number of events (ET). The value of
ρ0 has been chosen such that εp/Ep ≈ Ep/ET with the best ac-
curacy in the first half of the data. We use the symbol ε for
the accuracy of prediction and it is given by ε = εp/Ep, where
εp/Ep ≈ Ep/ET.

We analyze several cases without delay and with n-day
delay (1≤ n≤10). The delay of n days is introduced by chang-
ing the set V (t) to V (t − n) in Eq. (9). Figure 2 shows the
relation between ρ0 and the number of delay days. With the
increase of the number of delay days, ρ0 first rockets and then
remains fundamentally unchanged after the number of delay
days reaches 2. Figure 3 indicates that the prediction accu-
racy ε first plummets with the increase of the number of delay

days and then also remains fundamentally unchanged after the
number of delay days reaches 2. As shown in Figs. 2 and 3,
ρ0 ≈ 0.42, ε ≈ 0.59, i.e., 59% of the events are correctly pre-
dicted when we use no time delay, ρ0 ≈ 0.59, ε ≈ 0.21, i.e.,
21% of the events are correctly predicted when we use a 1-day
delay, and ρ0 ≈ 0.68, ε ≈ 0.12, i.e., only 12% of the events are
correctly predicted when we use n-day delay (2≤ n≤ 10).
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Fig. 2. (color online) The ρ0 as a function of the number of delay days.
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Fig. 3. (color online) The ε as a function of the number of delay days.

Figure 4 presents the spatial distribution of the prediction
accuracy (ε = εp/Ep) for the last half of the data. The spatial
distribution of the prediction accuracy without delay is shown
in Fig. 4(a). We observe that for most of the subcontinents, the
accuracy is above 60% and even reaches up to 90% in some
places. In Fig. 4(b), we find that for some subcontinents, the
accuracy with 1-day delay is above 30%. The spatial distribu-
tion of the prediction accuracy with 2-day delay is shown in
Fig. 4(c). In this case, the accuracy for most of the subcon-
tinents is under 20%. The calculation indicates that in other
cases (2 < n≤ 10), the accuracy for most of the subcontinents
is also under 20%. The prediction without delay can be con-
sidered as a test when t→ 0, which has no practical use for the
prediction of extreme rainfall events. We are interested in the
situations with n-day delay (n≥ 1), and we find that over some
places in the north and some places in the south, the prediction
accuracy is high, as shown in Figs. 4(b) and 4(c).
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Fig. 4. (color online) Spatial distributions of the prediction accuracy ε for the last half of the data: (a) without delay, (b) with 1-day
delay, and (c) with 2-day delay.

4.2. Possible influence index for the prediction accuracy

With the northward expansion of the EASM, the monsoon
brings much rainfall, especially to east China, Japan, and the
Korean peninsula. The EASM has a large impact on the sum-
mer rainfall over eastern Asia, and the location of the monsoon
controls the location of extreme rainfall.[2,32–35] It has been
shown very recently that a dynamical coupling exists between
the EASM and the rainfall. This coupling has been of wide in-
terest among climate researchers,[36] and we intend to identify
the influence of the EASM on the rainfall field.

Figure 5 presents the temporal evolution of ε per year for
the entire region, Fig. 5(a) is with 1-day delay, and Fig. 5(b) is
with 2-day delay. The cross correlation coefficient of them is
0.6, which is rather larger than the value for statistical confi-
dence level 99.9%. To identify the influence of the EASM on
the rainfall field, we make a scatter plot between the predic-
tion accuracy ε and the monsoon index, as shown in Fig. 6.
The monsoon information is available from the website at
http://ljp.lasg.ac.cn/dct/page/1, and the calculation method of
the monsoon index was proposed by Shi et al.[37] The 10 years

with the highest monsoon index are called strong EASM years,
the 10 years with the lowest monsoon index are called weak
EASM years, and the other 10 years are called ordinary EASM
years. Similarly, according to the prediction accuracy, we sep-
arate 30 years into 3 parts: 10 years with high prediction ac-
curacy, 10 years with low prediction accuracy, and 10 years
with ordinary prediction accuracy. In order to achieve the de-
sired results, in most years we select the monsoon index and
the prediction accuracy in the same year. However, in some
other years, we select the prediction accuracy with 1-year de-
lay. From Fig. 6, we can observe in weak EASM years or 1
year later, the accuracy is low, and in the strong EASM years
or 1 year later, the accuracy is high. This trend is indicated by
the solid straight line, the slope of which is 0.09 in Fig. 6(a),
and 0.04 in Fig. 6(b). And this relationship is especially ob-
vious with 1-day delay. However we also observe several ex-
ceptions to this rule: the accuracy is high in some weak EASM
years, and low in some strong EASM years. It is possible that
extreme rainfall is affected not only by the EASM, but also by
other complicated factors such as ENSO, typhoon, and so on.
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Fig. 5. (color online) Temporal evolution of the prediction accuracy ε per year for the entire region: (a) with 1-day delay, and (b) with
2-day delay.
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Fig. 6. (color online) Scatter plot between the prediction accuracy ε and the monsoon index (normalized): (a) with 1-day delay, and
(b) with 2-day delay.

4.3. Possible influence mechanism

Given the above, we can conclude that the accuracy is
low during weak EASM years and high during strong EASM
years. In the next step, we attempt to present the possible influ-
ence mechanism. Figure 7 shows the total number of links at
each grid point as delineated by the fraction of the total global

area to which that point is connected.[14] Figure 7(a) shows the
result of strong EASM years, Fig. 7(b) shows the result of or-
dinary EASM years, Fig. 7(c) shows the result of weak EASM
years, and Fig. 7(d) shows the fractional difference between
strong EASM years and weak EASM years. The conclusion
from Fig. 7 is that with the weakening of the monsoon, the
network loses many links.
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Fig. 7. (color online) Total number of links at each grid point as delineated by the fraction of the total global area to which that point is connected: (a)
strong EASM years, (b) ordinary EASM years, (c) weak EASM years, and (d) fractional difference between strong EASM years and weak EASM years.
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Figure 8 shows a scatter plot between the extreme rain-
fall rate and the monsoon index (normalized). The extreme
rainfall rate is defined as

α=
1
N

N

∑
i

ωi, (11)

where N is the total number of grid points, and ωi is the aver-
age number of extreme rainfall events occurring at grid point
i each day. Similarly, in most years, we select the monsoon
index and the extreme rainfall rate in the same year, but in
some other years, we select the extreme rainfall rate with 1-
year delay. The red solid straight line is a fitted curve, the
slope of which is 0.006. As Fig. 8 indicates, during strong
EASM years, the rate of extreme rainfall is greater than that
during weak EASM years.
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Fig. 8. (color online) Scatter plot of the extreme rainfall rate versus the
monsoon index (normalized).

We speculate that, on average, the EASM acts as an ex-
tra affecting factor in the system, improving the synchroniza-
tion of the network.[38] Therefore during strong EASM years,
the network has many more links. If the network has many
more links and a higher extreme rainfall rate, the prediction
accuracy is higher because of more valuable information (see
Eq. (9)). It can be seen that over some places in the north and
some places in the south, the prediction accuracy is high with
1-day delay and with 2-day delay as shown in Figs. 4(b) and
4(c), respectively. From the above discussion, it can be con-
cluded that the reasons for high prediction accuracy in these
two regions are different. The high prediction accuracy over
some places in the north results from the greater number of
network links (see Fig. 7). However, the high prediction ac-
curacy over some places in the south results from the higher
extreme rainfall rate.

5. Conclusion
By constructing a climate network employing nonlinear

correlation, we predict the extreme rainfall over eastern Asia.
It is well known that the EASM and the extreme rainfall are in-
tricately related, and we further find that this relationship has
an effect on the prediction of the extreme rainfall field, a fact
not previously known. Our results indicate that the accuracy

has been low in weak EASM years or 1 year later and high
in strong EASM years or 1 year later. Many more links and
a higher extreme rainfall rate during the strong EASM years
produce the higher prediction accuracy. Recognizing and un-
derstanding these effects may result in improvements in ex-
treme rainfall prediction.
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