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Abstract: The streamflow and water level complexity of the Poyang Lake basin has been investigated
over multiple time-scales using daily observations of the water level and streamflow spanning
from 1954 through 2013. The composite multiscale sample entropy was applied to measure the
complexity and the Mann-Kendall algorithm was applied to detect the temporal changes in the
complexity. The results show that the streamflow and water level complexity increases as the
time-scale increases. The sample entropy of the streamflow increases when the time-scale increases
from a daily to a seasonal scale, also the sample entropy of the water level increases when the
time-scale increases from a daily to a monthly scale. The water outflows of Poyang Lake, which
is impacted mainly by the inflow processes, lake regulation, and the streamflow processes of the
Yangtze River, is more complex than the water inflows. The streamflow and water level complexity
over most of the time-scales, between the daily and monthly scales, is dominated by the increasing
trend. This indicates the enhanced randomness, disorderliness, and irregularity of the streamflows
and water levels. This investigation can help provide a better understanding to the hydrological
features of large freshwater lakes. Ongoing research will be made to analyze and understand the
mechanisms of the streamflow and water level complexity changes within the context of climate
change and anthropogenic activities.

Keywords: complexity; streamflow; water level; composite multiscale sample entropy; trend; Poyang
Lake basin

1. Introduction

The complexity of a hydrological time series, e.g., precipitation, streamflow, and water level means
that there is a degree of uncertainty, randomness, or irregularity of the time series. Many researchers
have studied the hydrological complexity [1–5]. Chou analyzed the complexity of the correlation
between rainfall and runoff, using the multiscale entropy approach, and found that: (1) the entropy
measures of rainfall are higher than those of runoff at all scale factors; (2) the entropy measures of the
runoff coefficient series lie between the entropy measures of the rainfall and runoff at various scale
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factors; and (3) the entropy values of rainfall, runoff and runoff coefficient series increase as scale
factors increase. Liu et al. studied the complexity features of regional groundwater depth and found
that human activities are the main driving force, causing the complexity of regional groundwater
depth [6]. However, there seems to have been few attempts made to investigate the hydrological
complexities of large lakes. Therefore, this study looks to the Poyang Lake basin as the study area and
investigates its streamflow and water level complexity.

Poyang Lake, which is located in the Yangtze River basin, is the largest freshwater lake in China.
The lake is the major body of water in an important global ecoregion, and plays an important role in
maintaining the water resources of the Yangtze River and a healthy aquatic ecosystem in the region [7].
The hydrological processes of Poyang Lake are essential to the lacustrine and wetland ecosystems;
and the disturbance of hydrological processes may break the longstanding ecological balance and
influence the distinctive biodiversity have in this region [8]. The hydrological changes of Poyang
Lake have attracted worldwide attention [9–11]. The Poyang Lake basin has experienced six extreme
droughts during the past 60 years, thus resulting in the reduction of water resources from the five
tributaries flowing into Poyang Lake [12]. The Three Gorges Reservoir has changed the Yangtze River
streamflow and has further impacted the interrelationship between the Yangtze River and Poyang
Lake [13]. Since the start of operations of the Three Gorges Reservoir, the seasonal water level of
Poyang Lake has had a great magnitude of fluctuation [14].

Based on these previous studies, the present study investigates the hydrological changes of
Poyang Lake from another perspective: hydrological complexity. Using the streamflow and water level
data in the Poyang Lake basin from 1954 to 2013, this study aims to accomplish the following objectives:
to investigate the streamflow and water level complexity over various time-scales; and secondly to
detect the temporal changes in the streamflow and water level complexity. The first objective will
reveal the streamflow and water level complexity changes versus the time-scale changes. Will the
complexity increase, keep stable or decrease when the time-scale increases from a daily scale to a
seasonal scale? The second objective will reveal the streamflow and water level complexity changes
in the recent 60 years. The 1954–2013 streamflows and water levels are divided into 51 subseries.
The complexity of each subseries is analyzed for a specific time-scale, and a complexity series can be
obtained. The trends in the complexity series are further investigated to reveal what the temporal
changes are. The results will add an understanding to the hydrological features and the changes of
Poyang Lake and will also provide scientific references for other similar large freshwater lakes.

2. Study Area and Data

Poyang Lake is located in the Jiangxi Province in the middle to lower reaches of the Yangtze
River. It receives inflows from five main tributaries: the Ganjiang, Fuhe, Xinjiang, Raohe, and Xiushui
rivers. The lake exchanges water with the Yangtze River through a narrow channel in the north
(Figure 1). Six hydrometric stations (Table 1) monitor the inflow processes from the tributaries, and one
hydrometric station (Hukou) monitors the water exchanges of the Poyang Lake and the Yangtze River.
The streamflows of the Hukou station have both positive and negative values. Recorded positive
values are when the lake discharges into the river. When the river water discharges into the lake, the
streamflow data of the Hukou station are recorded as negative values. Because the streamflow data
is dominated by the positive values, the streamflow processes at the Hukou station are described as
the outflow processes of Poyang Lake. Four hydrometric stations monitor the water levels of Poyang
Lake. The hydrological data are daily recorded and the period of all hydrological data spans from 1954
through 2013.
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Figure 1. Locations of Poyang Lake and the hydrometric stations. 

Table 1. Hydrometric stations in the Poyang Lake basin. 

Hydrometric 
Station Data Type Location Longitude and Latitude Drainage 

Area (km2) 
Waizhou Streamflow Ganjiang River [115°50′E, 28°38′N] 80,948 
Lijiadu Streamflow Fuhe River [116°10′E, 28°13′N] 15,811 

Meigang Streamflow Xinjiang River [116°49′E, 28°26′N] 15,535 
Hushan Streamflow Raohe River [117°16′E, 28°55′N] 6374 

Dufengkeng Streamflow Raohe River [117°12′E, 29°16′N] 5013 
Wanjiabu Streamflow Xiushui River [115°39′E, 28°51′N] 3548 
Kangshan Water level Poyang Lake [116°25′E, 28°53′N] / 
Duchang Water level Poyang Lake [116°11′E, 29°15′N] / 

Xingzi Water level Poyang Lake [116°2′E, 29°27′N] / 
Hukou Streamflow, Water level Poyang Lake [116°13′E, 29°45′N] 162,225 

  

Figure 1. Locations of Poyang Lake and the hydrometric stations.

Table 1. Hydrometric stations in the Poyang Lake basin.

Hydrometric
Station Data Type Location Longitude and Latitude Drainage Area

(km2)

Waizhou Streamflow Ganjiang River [115◦50′E, 28◦38′N] 80,948
Lijiadu Streamflow Fuhe River [116◦10′E, 28◦13′N] 15,811

Meigang Streamflow Xinjiang River [116◦49′E, 28◦26′N] 15,535
Hushan Streamflow Raohe River [117◦16′E, 28◦55′N] 6374

Dufengkeng Streamflow Raohe River [117◦12′E, 29◦16′N] 5013
Wanjiabu Streamflow Xiushui River [115◦39′E, 28◦51′N] 3548
Kangshan Water level Poyang Lake [116◦25′E, 28◦53′N] /
Duchang Water level Poyang Lake [116◦11′E, 29◦15′N] /

Xingzi Water level Poyang Lake [116◦2′E, 29◦27′N] /
Hukou Streamflow, Water level Poyang Lake [116◦13′E, 29◦45′N] 162,225



Entropy 2017, 19, 67 4 of 13

3. Methodology

3.1. Analysis Procedure

The streamflow and water level complexity are measured by sample entropy. Composite
multiscale sample entropy is applied to reveal the streamflow and water level complexity over various
time-scales. Both static and dynamic sample entropies over various time-scales are calculated to
investigate the multiscale complexity [15]. The static sample entropy reveals different complexities
over various time-scales, and the dynamic sample entropy reveals temporal complexity trends over
various time-scales. First, the static sample entropy is analyzed, which ignores the complexity changes
over time. The composite multiscale sample entropy is calculated using the entire hydrological data
records. Second, the dynamic sample entropy is analyzed, which reflects the complexity changes over
time. To obtain how the streamflow and water level complexity changed over time, a ten year sliding
window was selected for the hydrological data, which divides the original entire hydrological data
records. Thus, the 1954–2013 series is divided into 51 subseries: 1954–1963, 1955–1964, 1956–1965, ...,
2002–2011, 2003–2012, and 2004–2013. The composite multiscale sample entropy is calculated using
each subseries, respectively. A sample entropy series can be obtained for a time-scale, which reflects
the complexity changes over time. Temporal trends in the sample entropy series are further analyzed
applying the Mann-Kendall algorithm.

3.2. Sample Entropy

The hydrological complexity means the degree of uncertainty or the rate of information production
of the hydrological series, e.g., the streamflow and the water level. Techniques for measuring the
hydrological complexity typically involve the calculations of: the Lyapunov exponent, correlation
dimension, fractal dimension, Kolmogorov-Sinai entropy, spectral entropy, approximate entropy, and
sample entropy [5]. The approximate entropy calculation solves the problem of insufficient number of
data points, and is applicable to noisy, medium-sized data sets. However, it lacks relative consistency
and its results depend on data length. Improved on the basis of the approximate entropy calculation,
the sample entropy calculation is an unbiased estimation of the conditional probability that two similar
sequences of m consecutive data points (m is the embedded dimension) will remain similar when one
more consecutive point is included [16]. It is largely independent of data length and keeps relative
consistency without counting self-matches [17]. For a time series of N points {x(i), i = 1, 2, . . . , N}, the
sample entropy (SampEn) is calculated by the following steps:

(1) Constitute vectors of m dimensions:

X(i) = {x(i), x(i + 1), . . . , x(i + m− 1)} (i = 1, 2, . . . , N −m + 1) (1)

(2) Define the Euclidean distance between X(i) and X(j), d[X(i), X(j)] as the maximum absolute
difference of their corresponding scalar components:

d[X(i), X(j)] = Max
k=0→m−1

{|X(i + k)− X(j + k)|} (2)

(3) Take nm
i as the number of sequences in the time series that match (without self-matching) the

template with the length m within the tolerance criterion r. Then, define Cm
i (r) and Cm(r)separately as

the following equations:

Cm
i (r) =

nm
i

N −m
(3)

Cm(r) =
1

N −m + 1

N−m+1

∑
i=1

Cm
i (r) (4)

(4) Change the dimension of the vector X(i) to m + 1 and calculate Cm+1(r) similarly.
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(5) Finally, SampEn is defined as:

SampEn = − ln
Cm+1(r)

Cm(r)
(5)

When calculating the sample entropy, the template length m is set to be 2, and the tolerance
criterion r is set to be 0.15σ, where σ denotes the standard deviation of the original time series.

3.3. Composite Multiscale Sample Entropy

To completely measure the underlying dynamics of complex systems under consideration,
displaying their disorderliness over multiple time-scales, Costa et al. proposed the multiscale entropy
algorithm. This algorithm calculates the sample entropy of a time series over various time-scales [18].
Although the multiscale entropy algorithm has been successfully applied in a number of different
fields (including the analysis of the human gait dynamics, heart rate variability, rainfall, and river
streamflow), it encounters a problem in that the statistical reliability of the sample entropy of the
coarse-grained series is reduced as the time-scale is increased. To overcome this limitation, Wu et al.
proposed the concept of composite multiscale sample entropy, which better presents data in both
simulation and real world data analysis [19].

The principles and calculation procedures of the composite multiscale sample entropy can be
found in Wu et al. [19]. When the sample entropy is calculated with the template length m = 2, there
are two and three coarse-grained time series divided from the original time series for scale factors of 2
and 3, respectively. The kth coarse-grained time series for a scale factor of τ, y(τ)k is defined as:

y(τ)k,j =
1
τ

jτ+k−1

∑
i=(j−1)τ+k

xi (1 ≤ j ≤ N
τ , 1 ≤ k ≤ τ) (6)

At a scale factor of τ, the sample entropy of all coarse-grained time series are calculated and the
composite multiscale sample entropy (CMSE) value is defined as the means of τ entropy values:

CMSE(x, τ, m, r) =
1
τ

τ

∑
k=1

SampEn(y(τ)k , m, r) (7)

3.4. Mann-Kendall Algorithm

The trend detection methods include Spearman’s rho test, Mann-Kendall test, seasonal Kendall
test, linear regression test, and so on [20]. One of the most favored trend detection methods is
the Mann-Kendall algorithm, which has been employed to detect the trends in hydrological series,
including precipitation [21], runoff [22], sample entropy [5], coefficient of variation, and concentration
degree [23]. Detailed information on the Mann-Kendall algorithm can be found in the published
papers [24]. The Mann-Kendall test is based on the test statistic S:

S =
n−1

∑
i=1

n

∑
j=i+1

sgn(xj − xi) (8)

where the xj and xi are the sequential data values, n is the length of the data set, and:

sgn(θ) =


1 i f θ > 0
0 i f θ = 0
−1 i f θ < 0

(9)

When n≥8, the statistic S is approximately normally distributed with the mean and the variance
as follows:
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E(S) = 0 (10)

Var(S) =
n(n− 1)(2n + 5)−

n
∑

i=1
tii(i− 1)(2i + 5)

18
(11)

where ti is the number of ties of extent i. The standardized test statistic Z is computed by

Z =


S−1√
Var(S)

S > 0

0 S = 0
S+1√
Var(S)

S < 0

(12)

Z follows the standard normal distribution with a mean of zero and variance of one. A positive
or negative value of Z represents an increasing or decreasing trend, respectively. In a two-tailed test,
the null hypothesis is no trend, which can be rejected at significance level α if |Z| > Zα/2. The Zα/2 is
the value of the standard normal distribution with an exceedance probability of α/2. The significance
level α is set to be 0.05 in this study.

4. Results and Discussion

4.1. Multiscale Complexity of Streamflows

Figure 2 displays the composite multiscale sample entropy of the inflow and outflow data of
Poyang Lake, respectively. The variations of sample entropy versus time-scale are similar. The sample
entropy is increasing when the time-scale is increasing, revealing that the time series have obvious
self-similarity and great complexity [25]. Similar results, i.e., the complexity of streamflows is
increasing as the time-scale is increasing, have also been found in the multiscale entropy analysis of
the streamflows of the Mississippi River in the United States [4], the East River in China [3], and the
Yangtze River in China [2]. These previous studies attribute this phenomenon to the existence of the
long-range correlation of the streamflow records. Larger sample entropy reflects more randomness and
complicated systems, and vice versa. When the time-scale is increasing, the increasing sample entropy
indicates an increase in the uncertainty and disorderliness, and a lessened regularity and predictability.
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When comparing Figures 2a–f and 2g, it can be observed that the sample entropy values at
different time-scales of the outflows are distributed above those of the inflows. When the sample
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entropy values of one time series are larger than those of another time series at most time-scales,
it reveals that the former is more complex than the latter [26]. Figure 3 compares the average sample
entropy of the inflows and outflows of Poyang Lake. The average sample entropy is the mean value of
sample entropies at various time-scales. The average sample entropy of the streamflow data at the
Hukou station is the largest in Figure 3, indicating that the outflows are more complex than the inflows
of Poyang Lake. Due to the spatial and temporal distribution of precipitation, the Yangtze River and
Poyang Lake have complex river-lake interactions. The streamflow processes at the Hukou station are
determined by the water level in Poyang Lake (relative to the water level in the Yangtze River), which
in turn is affected by both the inflow processes and the outflow processes [27]. Poyang Lake acts as
a buffer at varying degrees for the Yangtze River streamflow. When the water level of the Yangtze
River rises during the flood season, the Poyang Lake helps to absorb some flood and mitigates the
peak streamflow of the Yangtze River [13]; hence, the streamflow processes at the Hukou station are
more complex than the streamflow processes at the hydrometric stations of the tributaries.

Entropy 2017, 19, 67  7 of 12 

 

reveals that the former is more complex than the latter [26]. Figure 3 compares the average sample 
entropy of the inflows and outflows of Poyang Lake. The average sample entropy is the mean value 
of sample entropies at various time-scales. The average sample entropy of the streamflow data at the 
Hukou station is the largest in Figure 3, indicating that the outflows are more complex than the 
inflows of Poyang Lake. Due to the spatial and temporal distribution of precipitation, the Yangtze 
River and Poyang Lake have complex river-lake interactions. The streamflow processes at the Hukou 
station are determined by the water level in Poyang Lake (relative to the water level in the Yangtze 
River), which in turn is affected by both the inflow processes and the outflow processes [27]. Poyang 
Lake acts as a buffer at varying degrees for the Yangtze River streamflow. When the water level of 
the Yangtze River rises during the flood season, the Poyang Lake helps to absorb some flood and 
mitigates the peak streamflow of the Yangtze River [13]; hence, the streamflow processes at the 
Hukou station are more complex than the streamflow processes at the hydrometric stations of the 
tributaries. 

 
Figure 3. Average sample entropy of the streamflows of Poyang Lake. 

4.2. Multiscale Complexity of Water Levels 

Figure 4 displays the composite multiscale sample entropy of the water levels of Poyang Lake. 
The water levels, monitored at the Kangshan, Duchang, Xingzi, and Hukou stations, have similar 
change patterns in term of sample entropy versus time-scale. The sample entropy increases rapidly 
until the time-scale reaches about 30 days, after that, the increase becomes small. The sample entropy 
becomes relatively stable when the time-scale reaches about 30 days. The randomness and 
irregularity of the water levels are greater with the increased time-scale from a daily to a monthly 
scale. The water levels have a relatively stable complexity when the time-scale is larger than 30 days, 
indicating relatively stable regularity and predictability. The water level of Poyang Lake is an 
integrated response to the inflow, outflow, precipitation, evaporation, leakage, water withdraw, and 
topography of the lake. Hence, the complexity of the water levels may not be identical to that of the 
inflows and outflows. 

 
Figure 4. Composite multiscale sample entropy of the water levels of Poyang Lake. 

Figure 3. Average sample entropy of the streamflows of Poyang Lake.

4.2. Multiscale Complexity of Water Levels

Figure 4 displays the composite multiscale sample entropy of the water levels of Poyang Lake.
The water levels, monitored at the Kangshan, Duchang, Xingzi, and Hukou stations, have similar
change patterns in term of sample entropy versus time-scale. The sample entropy increases rapidly
until the time-scale reaches about 30 days, after that, the increase becomes small. The sample entropy
becomes relatively stable when the time-scale reaches about 30 days. The randomness and irregularity
of the water levels are greater with the increased time-scale from a daily to a monthly scale. The water
levels have a relatively stable complexity when the time-scale is larger than 30 days, indicating
relatively stable regularity and predictability. The water level of Poyang Lake is an integrated response
to the inflow, outflow, precipitation, evaporation, leakage, water withdraw, and topography of the lake.
Hence, the complexity of the water levels may not be identical to that of the inflows and outflows.
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4.3. Temporal Changes in Complexity of Streamflows and Water Levels

Figure 5 shows the statistical Z values of the Mann-Kendall algorithm, which reveals temporal
trends in the complexity of the inflows and outflows of Poyang Lake. Figure 6 displays temporal
variations in the complexity of the daily streamflows as examples. The sample entropy series of
various time-scales at the Waizhou, Lijiadu, Meigang, Hushan, and Wanjiabu stations are dominated
by increasing trends, indicating the increased inflow complexity of Poyang Lake. The sample entropy
series of various time-scales at the Dufengkeng station are relatively stable. Only a significant
decreasing trend is detected at the daily scale. The absolute Z values of the other time-scales are below
the 0.05 significance level, indicating no significant trend. The sample entropy series over different
time-scales at the Hukou station are also featured by increasing trends, indicating the increased outflow
complexity of Poyang Lake.

Figure 7 shows temporal trends in the multiscale complexity of the water levels of Poyang
Lake. Figure 8 displays temporal variations in the complexity of the daily water levels as examples.
The sample entropy series over different time-scales are characterized by increasing tends, indicating
the greater irregularity and randomness of the water levels.
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4.4. Discussion on Temporal Changes in Streamflow and Water Level Complexity

Hydrological systems are open, dynamic, complex, giant, and nonlinear compound systems.
For the Poyang Lake basin, the outputs of this hydrological system, which are described by the
streamflows and the water levels, are highly nonlinear and complex, and are significantly impacted
by both climate change and anthropogenic activities. Precipitation is a dominant impact factor of the
Poyang Lake hydrological system. In the Jiangxi province, Huang et al. found remarkable differences
among the meteorological stations with negative and positive precipitation trends at the annual,
seasonal, and monthly scales. Significant increasing trends are mainly found during winter and
summer, while significant decreasing trends are mostly observed during autumn [21]. Xiao et al.
analyzed the spatial and temporal characteristics of rainfall across the Ganjiang River basin, the largest
sub-basin of the Poyang Lake basin, and found significant increasing trends in the annual total rainfall
amount [28]. Temperature is another relevant factor which directly affects evaporation. According to
a study by Tao et al. of the Poyang Lake basin, the annual mean of the daily minimum temperature
has increased significantly, while no significant trend has been detected in the annual mean of daily
maximum temperature; thus, resulting in a significant decrease in the diurnal temperature range [29].
Ye et al. detected a significant decreasing trend in the annual reference evapotranspiration in the
Poyang Lake basin [30]. Based on prior studies, more attention will be paid in future research to
elucidate the complexity features of precipitation, temperature, evaporation, and the mechanisms on
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how the complexity of those impact factors affect the complexity of the outputs of the Poyang Lake
hydrological system.

Including the climate factors, anthropogenic activities are also very important factors affecting the
hydrological processes. The anthropogenic activities mainly include dam and reservoir construction,
water withdraw, land use, and land cover changes, along with sand extraction from river and lake
beds. Mei et al. argued that the average contributions of precipitation variation, human activities in
the Poyang Lake catchment, and the Three Gorges Reservoir regulation to the Poyang Lake recession
can be quantified as 39.1%, 4.6% and 56.3%, respectively [31]. Zhang et al. found that human-induced
and climate-induced influences on streamflows are different in the five Poyang Lake sub-basins.
Climate change is the major driving factor for the streamflow increases within the Ganjiang, Xinjiang,
and Raohe River basins; however, anthropogenic activities are the principal driving factors for the
streamflow increase of the Xiushui River basin and for the streamflow decrease of the Fuhe River
basin [32].

Dam and reservoir construction is one of the most important anthropogenic activities, and has
attracted worldwide attention due to its significant influence on hydrological processes [33–37]. In the
Poyang Lake basin, thousands of reservoirs have been constructed, including 27 large reservoirs
(>108 m3 in storage capacity) [11]. The reservoirs in the Poyang Lake basin may affect the Poyang Lake
hydrological complexity. The reservoirs in the upper Yangtze River basin, especially the Three Gorges
Reservoir, may also affect the Poyang Lake hydrological complexity through disturbing the natural
river-lake interrelationships. Some interesting conclusions have been obtained in terms of the impact
of dam and reservoir construction on hydrological complexity. Huang et al. attributed the loss of
streamflow complexity of the upper reaches of the Yangtze River to the underlying surface condition
change, which has been influenced by human activities, especially reservoir construction. Huang et al.
also argued that the reservoir operation makes the streamflow more regular and self-similar, leading to
the streamflow complexity loss [5]. Similar conclusions were obtained in the hydrological complexity
analysis of the Colorado River in the United States [38] and the Sao Francisco River in Brazil [39].
Those studies elucidated that dam and reservoir construction induced significant changes in streamflow
dynamics, including an increase in regularity and a loss of complexity. However, the study in the
East River (China) obtained the opposite conclusion. Zhou et al. argued that reservoir construction
greatly increases the complexity of hydrological processes because of reservoir-induced noise of
the streamflow [3]. More research is needed to systematically analyze the impact of reservoirs on
hydrological complexity.

The enhancement of the streamflow and water level complexity in the Poyang Lake basin is the
combined result of climate change and anthropogenic activities. Explaining how climate change and
anthropogenic activities affect the hydrological complexity while at the same time distinguishing their
individual contributions are our ongoing research objectives.

5. Conclusions

Based on the long term observed daily streamflow and water level data of Poyang Lake,
the streamflow and water level complexity over various time-scales and its temporal changes
are investigated using the composite multiscale sample entropy and the Mann-Kendall algorithm.
The following conclusions can be drawn from the analysis:

(1) The streamflow and water level complexity increases when the time-scale increases. The sample
entropy of the streamflows increases when the time-scale increases from the daily to seasonal
scale. The sample entropy of the water levels increases when the time-scale increases from the
daily to monthly scale.

(2) The complexity of the outflows is greater than that of the inflows. It may be caused by the complex
river-lake interrelationships. The outflow processes of Poyang Lake are synthetically impacted
by the inflow processes, lake regulation, and the streamflow processes of the Yangtze River.
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(3) Significant upward trends can be detected in the sample entropy series, which are calculated using
the streamflow and water level data, for most time-scales between the daily to monthly scale.
The increased sample entropy indicates the enhanced streamflow and water level complexity,
which may be caused by both climate change and anthropogenic activities. The mechanisms of
the hydrological complexity changes will be studied in ongoing research.
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