
American Journal of Climate Change, 2020, 9, 123-135 
https://www.scirp.org/journal/ajcc 

ISSN Online: 2167-9509 
ISSN Print: 2167-9495 

 
DOI: 10.4236/ajcc.2020.92009  Jun. 8, 2020 123 American Journal of Climate Change 
 

 
 
 

Precipitation Regime Shift Associated with the 
Pacific Decadal Oscillation in the Maritime 
Continent 

V. Kokorev1,2, J. Ettema1, P. Siegmund2, G. van der Schrier2 

1Faculty of Geo-Information Science and Earth Observation, University of Twente, Enschede, The Netherlands 
2Royal Netherlands Meteorological Institute (KNMI), De Bilt, The Netherlands 

 
 
 

Abstract 
Recent changes in precipitation regime in South-East Asia are a subject of 
ongoing discussion. In this article, for the first time, evidence of a precipita-
tion regime shift during the mid-1970s in the Northern Hemispheric part of 
South-East Asia is demonstrated. The detection of regime shifts is made 
possible by using a new comprehensive dataset of daily precipitation records 
(South-East Asian Climate Assessment and Dataset) and applying a novel 
Bayesian approach for regime shift detection. After the detected regime shift 
event in the mid-1970s, significant changes in precipitation distribution oc-
curred in the Northern Hemispheric regions—Indochina Peninsula and the 
Philippines. More specifically, dry days became up to 10% more frequent in 
some regions. However, no precipitation regime shift is detected in Southern 
Hemisphere regions—Java and Northern Australia, were the number of ob-
served dry days increased gradually. 
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1. Introduction 

Precipitation extremes are changing worldwide (Bulygina, Razuvaev, Korshu-
nova, & Groisman, 2007; Groisman, Knight, & Karl, 2012; O’Gorman, 2012) 
leading to increased drought frequencies. One of the affected regions is the Ma-
ritime continent, the part of South East Asia consisting of several archipelagos 
including Indonesia, Philippines, and Malaysia. South East Asia is highly vul-
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nerable to climate change effects (Hijioka et al., 2014). The air temperature 
changes in the Maritime Continent are well understood; in recent decades the 
number of cool days and cool nights has decreased, while hot days and hot 
nights increased (Klein Tank et al., 2006; Marjuki et al., 2016). Both daily maxi-
mum and minimum temperatures have increased significantly, with minimum 
temperatures increasing almost twice as fast (Marjuki et al., 2016; Supari, Tan-
gang, Juneng, & Aldrian, 2017). In contrast, precipitation changes are much less 
understood—the existing studies fail to identify statistically significant trends in 
the onset of the wet season or the length of the dry spells (Marjuki et al., 2016), 
or in precipitation extremes (Klein Tank et al., 2006), or found precipitation 
trends to be not significant and spatially coherent (Supari et al., 2017). The In-
tergovernmental Panel on Climate Change (IPCC) Fifth Assessment Report 
shows that in South-East Asia both the number and the quality of observations 
are insufficient for estimating current precipitation trends (Hijioka et al., 2014). 
That same report states that precipitation trends are highly variable, and both 
positive and negative trends have been observed. High variability and a lack of 
data mask trends and changes in distribution parameters, as well as large-scale 
regime shifts. 

One of the main factors governing precipitation in South East Asia is the sea 
surface temperature (SST) (Hendon, 2003). Studying SST variability and trends 
can provide valuable insight into changes of precipitation regime. Long-period 
oceanic oscillations such as El Niño Southern Oscillation (ENSO), Pacific De-
cadal Oscillation (PDO), and Indian Ocean Dipole (IOD) have a significant ef-
fect on local SST (Kusuma et al., 2017) and, therefore, contribute to high varia-
bility of precipitation in the Maritime Continent. Changes in SST in the Mari-
time continent are well established in the satellite era but have high uncertainty 
in the period before (Merchant et al., 2019). In recent decades positive SST 
trends were observed, since 1950 to 2009 the surface temperatures of Indian 
ocean warmed by 0.65˚C, and the Pacific by 0.31˚C (Hoegh-Guldberg et al., 
2014); the Ocean Heat Content also demonstrate rapid warming in the same pe-
riod (Cheng, Abraham, Hausfather, & Trenberth, 2019). The PDO index shows 
20 - 30 years cycles in SST in the Pacific, with rapid changes in SST during phase 
changes (Mantua & Hare, 2002). There is an overwhelming amount of literature 
documenting environmental impact of PDO phase change (Hare & Mantua, 
2000; Mantua & Hare, 2002; Newman et al., 2016). The best-known Pacific de-
cadal oscillation phase change occurred in 1976, when a warm phase followed a 
cold phase causing an SST increase of about 0.5˚C. Since SST is a main driver of 
the precipitation regime in the Maritime Continent, a significant change in SST 
should lead to a measurable shift in precipitation. Precipitation regime shift 
around 1978 driven by PDO phase change observed and described by (Yang & 
Fu, 2017) in China and USA. Our recent article suggests a mechanism of 
PDO-ENSO interactions causing precipitation regime shift in the Maritime 
Continent, but a quantitative evidence of observing such regime shift is lacking 
(Kokorev, Ettema, & Siegmund, 2020). 
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Here we focus on identifying and quantifying recent precipitation regime 
shifts and changes in the precipitation distribution in South East Asia. We apply 
a Bayesian approach to detect precipitation regime shifts, uncover changes in 
distribution parameters even if the mean is stationary. The proposed method 
provides uncertainty estimates for each detected regime shift event. The goal of 
this study is to apply Bayesian regime shift detection to state-of-the-art precipi-
tation datasets, and thereby, bring about an improved understanding of recent 
changes in South East Asian precipitation regimes. Knowing regime shift points 
allows us to better estimate recent trends in precipitation and improves our un-
derstanding of modern climate changes in the Maritime Continent. 

2. Materials and Methods 

This study uses a Bayesian approach for detecting precipitation regime shifts, 
which was adopted from (Ó Ruanaidh & Fitzgerald, 1996). A similar approach 
has been used in several studies (Chu & Zhao, 2004; Ruggieri, 2013; Western & 
Kleykamp, 2017). Simple example of the Python realization of this approach can 
be found in (Davidson-Pilon, 2015). The realization used in this study available 
at github.com/kokorev/prs. To the best of our knowledge this is the first study in 
which this method is adopted for precipitation regime shift detection. 

To adopt the method for regime shift detection a distribution that describes 
daily precipitation data should be chosen. A literature review analyzing choice of 
statistical distribution in precipitation studies shows that Gamma distribution is 
most common choice for trends and climate change analysis (Ye, Hanson, Ding, 
Wang, & Vogel, 2018). However, in this study, we want to consider a possible 
change in frequency of dry days which is not allowed by normal Gamma distri-
bution and therefore we use a Zero Inflated Gamma distribution to describe ob-
served daily precipitation data. This choice is motivated by ease of interpretation 
of the results due to having percent of zero precipitation days as an explicit pa-
rameter. The Zero Inflated Gamma distribution uses same base α  and β  
parameters as regular Gamma but adds an additional parameter π  describing 
a probability of zero rainfall. So, the resulting distribution has three parame-
ters—a shape parameter α , a rate or inverse scale parameter β , and probabil-
ity of zero rainfall π . The specific implementation of the Zero Inflated Gamma 
in python code given in GitHub repository linked above. The daily rainfall R is 
expressed as: 

( ) ~ , ,R γ α β π                           (1) 

where γ  is Zero Inflated Gamma distribution. After a regime shift at time τ , 
at least one distribution parameter has changed significantly. Therefore, there is 
one set of parameters up to time τ  and another set of parameters thereafter 
(2). 
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This Bayesian model has seven unknown parameters ( 1 2 1 2 1 2, , , , , ,α α β β π π τ ) 
for which prior formulas are defined (Equations (3)-(6)). Prior values describe 
the situation in which there is no regime shift, and in which the distributions 
before and after the regime shift are equal: ( ) ( )1 1 1 2 2 2, , , ,γ α β π γ α β π= . The 
priors for α  and β  follow the normal distributions defined by mean value 
µ  and standard deviation σ  (Equations (3) and (4)). 

( )1 2 1, 1.5Normalα α µ σ= = = =                  (3) 

( )1 2 0.1, 0.5Normalβ β µ σ= = = =                 (4) 

The values of µ  and σ  in equations were selected based on the mean val-
ues from observational data. 

The prior probability of zero rainfall π  is uniformly distributed from zero to 
one (Equation (5)). 

( )1 2 min 0, max 1Uniformπ π= = = =                (5) 

Finally, the prior for regime shift defined as uniform distribution between all 
time steps, except for the first and final five years (Equation (6)). Excluding first 
and last few years from possibly having a regime shift is necessary to make sure 
that there is enough data for regime shift detection in period before and after the 
shift. According to Beaulieu et al. (2012), at least four year data are needed to 
detect regime shifts with a magnitude of one standard deviation. In this study we 
increase this minimal necessary period to 5 years to improve the robustness of 
regime shift detection. 

( )0 365 5, 365 5nUniform t tτ = + × − ×                 (6) 

This approach can provide a robust quantification of a regime shift and the 
uncertainty of its position as well as of the distribution parameters before and 
after the regime shift.  

3. Sources of Data 

Lack of data is one of the main obstacles in understanding historical precipita-
tion changes in South-East Asia. This study uses the South-East Asian Climate 
Assessment & Dataset (SACA & D, http://sacad.database.bmkg.go.id, Marjuki et 
al. 2016) (van den Besselaar, van der Schrier, Cornes, Iqbal, & Klein Tank, 2017). 
SACA & D is a state-of-the-art database covering Southeast Asia, specifically the 
ASEAN countries (Association of Southeast Asian Nations) and a part of WMO 
region V. The database is specifically designed for climate monitoring and puts 
particular emphasis on changes in extremes. The daily data is acquired through 
cooperation with regional National Meteorological Services. At the time of writ-
ing (April 2019), SACA & D receives data from 23 participants in 15 countries 
and the SACA dataset contains a total of 5926 series of observations. Full special 
extent of the dataset as well as distribution of stations by length of observation 
period shown on Figure 1. These series are obtained from 4066 meteorological 
stations. To our knowledge, this is the most comprehensive archive of observed  
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Figure 1. Map showing the duration of available time series at the closest weather station 
for stations < 50 km away. Stations with less than 30 years of data are not shown on the 
map. The inset histogram shows the distribution of stations by number of years with ob-
servations. The four areas with sufficient data density and duration are shown with dark 
gray boxes. 1—Indochina, 2—Philippines, 3—Java, 4—North Australia. 
 
daily precipitation data currently available for this region. SACA & D best esti-
mates of grid square averages have been compared with station observations and 
other gridded station or satellite-based datasets, and their daily uncertainties 
have been quantified (van den Besselaar et al., 2017). In this study, we use only 
precipitation data; however, also other parameters are available in the dataset. 
Precipitation and extreme temperatures have the most comprehensive spatial 
and temporal coverage, but relative humidity, sunshine duration and wind pa-
rameters are also available. 

The data used in this study have passed series of quality checks including san-
ity tests, homogeneity tests, consistency tests, and outlier tests. The test specifics 
are described in the Algorithm Theoretical Basis Document (ECA & D Project 
Team, 2013) and only the data that passed all tests are used in this study. Long 
climatological observation records are often inhomogeneous as a result of sta-
tion relocation, changes in methodology or changes in instrumentation (Aguilar, 
Auer, Brunet, Peterson, & Wieringa, 2003). Within SACA & D, series homo-
geneity is classified using the methods suggested by (Wijngaard, Klein Tank, & 
Können, 2003). The procedure applies four tests: the Standard Normal Homo-
geneity Test (Alexandersson, 1986), the Buishand Range test (Buishand, 1982), 
the Pettitt test (Pettitt, 1979) and the Von Neumann Ratio test (von Neumann, 
1941). Precipitation series are tested using the annual wet day count (using a 
threshold of 1 mm). If the null-hypothesis of no break in the series is rejected by 
none or just one test, the series is classified as “useful”; if two tests reject the 
null-hypothesis, the series is classified as “doubtful” and if three or four tests re-
ject the null-hypothesis, the label of “suspect” is given to the series (Marjuki et al. 
2016).  

Despite the high number of observations, insufficient coverage remains a crit-
ical problem for many regions due to the highly unequal spatial distributions of 
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stations. For example, more than half of the stations (2885) are in Indonesia, of 
which the majority are located on the island of Java. Northern Australia accounts 
for another 1043 stations. Other countries have a much lower density of stations; 
for example, the Philippines has 37 stations followed by Thailand (30), Microne-
sia (28), Vietnam (15). The remaining nine stations are distributed between Pa-
pua New Guinea, Fiji, Samoa, the Solomon Islands, Kiribati, and Singapore. 

Such an uneven spatial distribution does not allow statistics to be reliably cal-
culated for the whole dataset, as the regions with higher number of stations 
would be disproportionally represented. 

The durations of the available data series also vary significantly from region to 
region. Typically, 30 years is considered a minimal period for calculating climate 
reliable statistics (WMO, 2017). Even longer series are preferable for our study 
as we estimate climate parameters both before and after the regime shift. There-
fore, in this study, we have only considered stations that have observational pe-
riods of at least 50 years. Figure 1 shows the length of the available data series 
per station, with each station represented by a Voronoi polygon cropped to a 
100-km radius around the station. Green indicate stations for which there are at 
least 50 years of data, while yellow and red indicate stations with insufficient da-
ta for this study. 

Four regions satisfy the data requirement for this study and were selected for 
detailed analysis, namely the Indochina peninsula, the Philippines, the island of 
Java, and Northern Australia. The regions selected for analyses are shown in 
Figure 1. 

Some of the long-period stations remain outside the selected regions and have 
not been analyzed. Analyzing separate stations could introduce random bias into 
the results, due to the high variability of the data. Having a spatially dense ob-
servation network reduces random errors by spatially averaging the results. For 
this reason, long-period stations in South Sumatra, Malaysia and Papua were not 
included in the analysis. 

4. Results and Discussions 
4.1. Indochina 

The results from the Bayesian model show that Indochina is a region characte-
rized by a clear and coherent precipitation regime shift. Most stations expe-
rienced a regime shift in 1974, with some outliers shifting the region mean to 
1975. Figure 2 shows the timing of the regime shift at individual stations. Figure 
2(a) the abscissa shows the regime shift date as an absolute anomaly, in years, 
from the regional mean regime shift date the ordinate shows the standard devia-
tion of the regime shift date ( )σ τ  in years. The ( )σ τ  characterizes the confi-
dence in the regime shift position. The figure shows that stations that have a re-
gime shift date further from the regional mean have higher uncertainty in re-
gime shift position. The darker the background color, the less chance there is of 
a station having its regime shift simultaneously with the regional mean. For  
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Figure 2. Precipitation regime shift in Indochina. (a) Date (absolute anomaly from re-
gional mean) of regime shift versus standard deviation per station; (b) Changes in proba-
bility of no rainfall (Δπ) and probability of rainfall with intensity of <20 mm per day 
(Δp(0 - 20]). Black dots represent individual stations and boxes shows 25, 50, 75 quan-
tiles. Background colors indicate stations that have the regime shift date anomaly within 
one standard deviation from the regional mean (white), one to two standard deviations 
(light gray), two to three (gray), and greater than three (dark gray). 
 
stations within two standard deviations (white or light grey), there is a signifi-
cant chance that the actual regime shift occurred simultaneously with the re-
gional mean. Figure 2(a) shows that almost all stations lie within two standard 
deviations of the mean regime shift date, meaning that there is a significant 
probability that the regime shift at those stations occurred at the same time as 
for most of the region. We confidently conclude that the regime shift in Indo-
china was observed around 1975. Only five stations exceed three standard devia-
tions from the mean; two of those stations are in the Phetchabun mountains and 
the other three are in North Vietnam. 

Figure 2(b) shows the changes in the probability distributions of no and <20 
mm per day rainfall that occurred after the detected regime shift. The ordinate 
shows the change in probability of rainfall in percent, with the boxplot 
representing values for quantiles 25%, 50%, 75%. For stations with a regime shift 
in 1974-75, the probability of a station having a dry day (no rainfall) decreased 
by 1% - 9% after the shift. Outlier stations in the Phetchabun mountain region, 
with different regime shift dates, have a 2% - 4% increase in the probability of 
having no rainfall. On average for the region, the probability of dry days de-
creased 5% after the regime shift. For weak precipitation of an intensity above 0 
but below 20 mm per day, the regional mean change is zero, but individual sta-
tions experienced small changes, typically ±1% - 2%. 

4.2. Philippines 

In the Philippines, the regional mean regime shift occurred in 1975, similar to 
the Indochina region. However, unlike Indochina, there is more uncertainty in 
determining the precise timing of the regime shift. As seen in Figure 3, individ-
ual stations have much higher ( )σ τ  values compared to the Indochina region  
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Figure 3. Precipitation regime shift in Philippines. (a) Date of regime shift versus stan-
dard deviation per station; (b) Changes in probability of no rainfall (Δπ) and probability 
of rainfall with intensity of <20 mm per day (Δp(0 - 20]). Black dots represent individual 
station and a box shows quantiles 25, 50, 75. Background colors indicate stations that 
have the regime shift date anomaly within one standard deviation from the regional mean 
(white), one to two standard deviations (light gray), two to three (gray), and greater than 
three (dark gray). 
 
and the regime shift timing varies significantly from station to station. Four sta-
tions with ( ) 1 yearσ τ ≤  had tipping points in 1973, 1976, 1977, and 1980. 
Figure 3(a) shows that, similarly to Indochina region, stations at which the re-
gime shift was detected further from 1975 have higher standard deviations of the 
regime shift position ( )σ τ . However, most stations were still within three 
standard deviations from the regional mean regime shift in 1975. 

The magnitude of the regime shift, defined by difference in the distribution 
parameters before and after the regime shift, is similar in the Philippines and in 
the Indochina region, however, Philippines have much higher uncertainty in the 
regime shift position compared to Indochina. High uncertainty can mean that 
the transition between two regimes is smoother and occurred over several years 
making exact date of regime shift more difficult to establish and increasing un-
certainty. If high uncertainty is caused by smooth transition between regimes 
and we assume that the regime shifts in Philippines and Indochina have the 
same trigger, we can expect that the mean regime shift date for the Philippines is 
the same as for Indochina which is confirmed by the data. Alternatively, high 
uncertainty can indicate lower observation quality, leading to inconclusive re-
sults. In complex terrain weather stations, often not representative of the sur-
rounding region, variability between the stations is high. In such situations, 
much more data is needed to obtain conclusive results. 

The spatial variability in the probability of no rainfall changes is high as well 
(Figure 3(b)). Values vary from −10% to +10%, with the mean slightly above 
zero. The low confidence in the tipping point position does not explain the va-
riability in the probability of no rainfall change. Values calculated from observed 
data, with the tipping point fixed at 1975, closely follow values from the post-
erior, e.g., a difference of less than 1% for the majority of stations. The probabil-
ity of weak rainfall (1 - 20 mm) mm/day decreased 0% - 3%. 
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4.3. Java 

Java, unlike the other two previously examined regions, is located in the South-
ern Hemisphere, and no clear regime shift can be observed. The spatial and 
temporal variability in regime shift position is larger, and the regime shift dis-
tribution is much more uniform (Figure 4). Moreover, there is no correlation 
between the level of uncertainty and regime shift position, suggesting that there 
was no single regime shift year for the island of Java. 

The magnitude of changes in precipitation distribution for Java is much high-
er than for the Indochina and Philippines. Large change together with no regime 
change point forms clear picture of steady linear trend toward drier climate in 
the observed period. The probability of a dry day increased 4% - 6% for the ma-
jority of the stations and variations as high as +10% are not uncommon. For 
weak precipitation with an intensity above zero but below 20 mm, the median 
probability decreases around 2% but interregional variability is very high. High-
er variability in all the parameters compared to Indochina and the Philippines is 
very characteristic for Java. While the majority of stations show significant 
changes toward a drier climate, a number of stations indicate the opposite. Sta-
tions with changes toward a drier climate often cluster together spatially, sug-
gesting the influence of topography and sea currents.  

4.4. North Australia 

The North Australian region is similar to Java, no clear regime shift is observed, 
and many stations have a very high standard deviation of the regime shift posi-
tion (Figure 5). This suggests that there was no regime shift in the Southern 
Hemisphere. This is consistent with the hypothesis of PDO influence causing 
precipitation regime shifts since PDO influence is observed primarily in North-
ern Hemisphere. The probability of no rainfall decreased slightly (−2.5%) in the  
 

 
Figure 4. Precipitation regime shift in Java. (a) Date of regime shift versus standard devi-
ation per station; (b) Changes in probability of no rainfall (Δπ) and probability of rainfall 
with intensity of <20 mm per day (Δp(0 - 20]). Black dots represent individual station 
and a box shows quantiles 25, 50, 75. Background colors indicate stations that have the 
regime shift date anomaly within one standard deviation from the regional mean (white), 
one to two standard deviations (light gray), two to three (gray), and greater than three 
(dark gray). 
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Figure 5. Precipitation regime shift in Australia. (a) Date of regime shift versus standard 
deviation per station; (b) Changes in probability of no rainfall (Δπ) and probability of 
rainfall with intensity of <20 mm per day (Δp(0 - 20]). Black dots represent individual 
station and a box shows quantiles 25, 50, 75. Background colors indicate stations that 
have the regime shift date anomaly within one standard deviation from the regional mean 
(white), one to two standard deviations (light gray), two to three (gray), and greater than 
three (dark gray). 
 
last 30 - 50 years. For precipitation of intensity above 0 mm and below 20 mm, 
no changes were detected. 

5. Conclusion 

In this study, we used a Bayesian approach to quantify changes in precipitation 
regimes in four regions in South-East Asia. The precipitation changes in 
South-East Asia are a subject of a debate in literature. The presence of regime 
shift in Northern Hemisphere regions can explain the difficulty in detecting 
changes in precipitation regime in this region. Precipitation regime is stable for 
all but few years where regime shift occurs. High variability additionally masks 
the presence of a regime shift. Bayesian regime shift detection method allows to 
uncover underlaying changes and create a clear picture of changes that occurred. 

The results demonstrate a significant increase in the prevalence of dry condi-
tions in Java and a moderate increase in the number of days with precipitation in 
Indochina and the Philippines. The regime shift in the mid-1970s can be clearly 
observed in daily precipitation records for Indochina and Philippines. This 
agrees with the well-known change in the PDO phase in 1975/76. The physical 
connection between precipitation regime and PDO phase should be investigated 
further to predict future regime changes. 

The presented Bayesian method for regime shift detection demonstrated good 
performance in detecting changes in daily precipitation records in South East 
Asia. While no change in the mean is present in many time series, the presented 
method is still capable of detecting a regime shift. Presented statistical method 
can be used for detecting regime shifts and tipping points in temperature, preci-
pitation and other meteorological parameters. Additionally, presented method 
has a high potential in quality control applications and can be used for detecting 
data irregularities such as measuring equipment changes, station relocations. 
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