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evaluated runoff variation and its causes within the Budyko framework across 224 catchments in
China, including the humid climate regions. Zhai and Tao [3] studied the contributions of climate
change and human activities to runoff change in seven typical catchments in China by using the
hydrological model. However, separating contributions of land-use change from human activity and
runoff attribution on multiple temporal scales still needs to be further studied.

In this study, the authors aim to quantitatively assess the contributions of climate variability,
land-use change, and human activity to runoff change in the Qingliu River on multiple (monthly,
seasonal, annual) scales over different periods (1985–2012, 1985–2000, and 2001–2012) by using a SWAT
model. The objectives are to answer the following questions: (1) What changes have occurred in the
runoff of the forest-dominated Qingliu River basin? (2) What are the dominant driving factors behind
runoff change in the Qingliu River: climate variability, human activity, or land-use/cover change?
(3) Will the dominant driving factor differ according to the different temporal scales and change over
different periods?

2. Study Area and Data Acquisition

2.1. Study Area

The Qingliu River, a secondary order tributary of the lower Yangtze River, originates from the
Huangfu and Mopan mountains, and flows southeast through Chuzhou city with a length of 84 km.
The Qingliu River basin (36◦21′–37◦19′ N, 108◦38′–110◦29′ E; Figure 1) covers a drainage area of
1070 km2. The basin was dominated by evergreen broad-leaved forest, but has experienced climate
variability, forest-cover change, and dam constructions in recent years [30–32]. The mean altitude of
the basin is 77 m, and the mean slope of river channel is 1.23‰ [33]. The study area belongs to a humid
subtropical climate zone that is hot and rainy in summer while mild and dry in winter. The mean
annual temperature ranges from 11.1 ◦C to 17.2 ◦C, and the mean annual precipitation was about 1053
mm between 1960 and 2012 [34]. Seven rain gauges and one hydrological station were set up in the
study area. The Shaheji reservoir and the Chengxi reservoir started operations since 1962 and 1965
with storage of 52.1 million m3 and 44 million m3, respectively [31].

 
Figure 1. Location of the Qingliu River basin, East China.

Chuzhou city experienced rapid socio-economic development between 1960 and 2012. Specifically,
statistical data indicate that the total population in Chuzhou has increased from 2.12 million in
1964 to 3.44 million in 1984 and 4.52 million in 2012 [35]. The mean annual growth rates of the
population over the periods of 1964–1984, 1984–2000, and 2000–2012 were 24.40‰, 13.36‰, and
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5.17‰, respectively. The gross domestic product (GDP) has grown from 2.45 billion CNY (China Yuan)
in 1978 to 97.07 billion CNY in 2012. The structure of the primary, secondary, and tertiary industries
has changed from 70.51:15.42:14.07 in 1974 to 19.8:52.3:27.9 in 2012 [35]. With the development of
society and the economy, land use also has undergone changes, mainly transferring from forest and
farmland to residential areas [32,36].

The basin also undergone extreme hydro-meteorological events such as floods in 1991, 2003,
and 2008, and droughts in 1967–1969 and 2017. According to the hydrological record [33], the flood
event from 2003 caused the flooding of an area of 2680 km2, and an economic loss of USD $0.65 billion.
Besides, 2.43 million people in 163 counties were affected, 79,000 houses collapsed, 139 embankments
were destroyed, and the Beijing–Shanghai railway was interrupted twice.

2.2. Data Acquisition

Climatic data of daily precipitation, temperature, wind speed, pan evaporation, and solar radiation
from 1960–2012 were collected by the China Meteorological Data Service Center (http://data.cma.cn).
Monthly runoff data of the Chuzhou hydrometric station were provided by the Anhui Hydrology
Bureau (http://www.ahsl.gov.cn). The digital elevation data (DEM) data with a spatial resolution
of 30 m were obtained from the Geospatial Data Cloud (http://www.gscloud.cn). Land-use maps
from 1981 and 2010 were interpreted from Landsat imagery downloaded from the United States
Geological Survey (USGS) (https://www.usgs.gov). Here, the land-use classification results in 1981
and 2010 were used to represent land-use status in the baseline period and the disturbed period,
respectively. Soil type data were collected from the Harmonized World Soil Database (HWSD) (https:
//daac.ornl.gov/SOILS/guides/HWSD.html). Necessary soil attributes (e.g., soil depth, soil texture,
and soil grain composition) were extracted from the Soil Topography of China. Sectional attributes
were calculated in the Soil–Plant–Atmosphere–Water Model (SPAW) according to organic matter,
soil texture, organic matter, and gravel content.

3. Methodology

3.1. Mann–Kendall Test for Trend Analysis

The non-parametric rank-based Mann–Kendall test [37], which has been recommended by the
World Meteorological Organization to identify trends in the hydrological and meteorological time
series [14], has been adopted for the purpose of this study. In the Mann–Kendall test, there is a null
hypothesis (H0) that no trend exists in the data. For a data series x = {x1, x2, . . . , xn} in which n > 10,
the standard normal statistic Z is estimated by following Equations (1) to (4)):

Z =

⎧⎪⎪⎨
⎪⎪⎩

S−1√
var(S)

S > 0

0 S = 0
S+1√
var(S)

S < 0
(1)

S =
n−1

∑
i=1

n

∑
j=i+1

sgn
(

xj − xi
)

(2)

var(S) =
n(n − 1)(2n + 5)

18
(3)

sgn
(
xj − xi

)
=

⎧⎪⎨
⎪⎩

+1 xj − xi > 0
0 xj − xi = 0
−1 xj − xi < 0

(4)

where n is the number of the data points. Given a certain level of confidence (α), the null hypothesis of
no trend is rejected if |Z| ≥ Z1−α/2. When the significance levels are set at 0.01, 0.05, and 0.1, the values

92



Forests 2019, 10, 184

of |Z1−α/2| are 2.58, 1.96, and 1.65, respectively. A positive value of Z denotes an increasing trend,
and the opposite corresponds to a decreasing one.

3.2. Mann–Kendall Method for Change Detection

A number of parametric and non-parametric methods have been widely used for abrupt change
detection in time series [38]. Most parametric methods (e.g., the moving t-test technique [14] and
Yamamoto method [39]) assume that the data series are independent and normally distributed.
However, unknown probability distribution is frequently encountered in hydrological and
meteorological records. Therefore, in this study, the authors selected the non-parametric Mann–Kendall
method to detect the abrupt change point of the runoff series.

The Mann–Kendall method is based on the Mann–Kendall test (see Section 3.1) statistic, but it is
calculated for sub-sets of the series. For the time series xi (1 ≤ i ≤ k), the numbers ai of elements xj
preceding it (j ≤ i) have been calculated (Equations (5) and (6)). Under the null hypothesis (i.e., no trend
assumed), the rank series Sk is normally distributed with mean and variance being E(Sk) (Equation (7))
and Var(Sk) (Equation (8)), respectively. Let UFk be the standard normal distribution (Equation (9)).

Sk =
k

∑
i=1

ai(k = 2, 3, 4, . . . , n) (5)

ai =

{
1 Xi ≥ Xj
0 Xi < Xj

; 1 ≤ j ≤ i (6)

E(Sk) =
k(k + 1)

4
(7)

Var(Sk) = k(k − 1)(2k + 5)/72 (8)

UFk =
[Sk − E(Sk)]√

Var(Sk)
(k = 1, 2, . . . , n) (9)

For a specific level of significance α, if UFk is greater than Uα/2 then the sequence has a significant
increasing or descending trend. UBk is the opposite of UFk; namely, UBk = −UFk and k = n + 1 − k (k =
1, 2, . . . , n). The intersection of the forward trend (UFk) and backward trend lines (UBk) within the
confidence interval indicates an abrupt change point in the runoff series.

3.3. SWAT Model Construction, Calibration, and Validation

The SWAT model construction, calibration, and validation were all implemented via a visual
user interface in the ArcSWAT version 2012. Firstly, the stream network was generated from the DEM
of the Qingliu River catchment. A total of 23 sub-basins and 109 hydrological response units (HRU)
were further created based on the land-use, soil, and slope layers. Afterwards, according to the abrupt
change point (1984) of runoff, the entire study period was divided into two phases: the baseline period
(natural phase, 1960–1984) without significant human activities, and the disturbed period (1985–2012)
associated with intensive human activities. Considering the availability of clear Landsat imagery
before 1984, the authors used a land-use map from 1981 to represent the land-use conditions over
the baseline period. Regarding the land-use status over the disturbed period, the authors selected
a land-use map in the almost middle year (2000) to represent. Subsequently, the SWAT model was
calibrated over the period 1960–1971 and validated over the years 1972–1984 with the first three years
(1957–1959) as the warm-up period. The partial parameters of the SWAT model that were determined
in this study are listed in Table 1. CN2, ESCO, and GWQMN are the most sensitive parameters for
runoff simulation. The SWAT model is configured to output monthly runoff.
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Table 1. Ranges and final values of parameters used in the SWAT model calibration.

Parameter Parameter Description Range of Values Value Used

CN2 SCS curve number for Moisture Condition II 35–98 75
ESCO Soil Evaporation Compensation Factor 0–1 0.142

GWQMN Threshold depth of water in the shallow aquifer
required for return flow to occur 0–5000 1.4

GW_REVAP Groundwater revap coefficient 0.02–0.2 0.16
ALPHA_BF Base flow alpha factor (days) 0–1 1
SOL_AWC Available water capacity of the soil layer (mm/mm soil) 0–1 0.2

RCHRG-DP Osmosis ratio in deep aquifer 0–1 0.28
USLE-P USLE equation support practice 0–1 0.52
SMTMP Snow melt base temperature −5–5 5
BIOMIX Biological mixing efficient 0–1 1

GW-DELAY Groundwater delay 0–500 75
CH-N2 Manning’s “n” value for the main channel −0.01–0.3 0.04

REVAPMN Threshold depth of water in the shallow aquifer for
“revap” or percolation to the deep aquifer to occur (mm) 0–500 0

Note: SWAT: Soil and Water Assessment Tool; SCS: Soil Conservation Service; USLE: universal soil loss equation.

To assess the performance of the SWAT model, the Nash–Sutcliffe coefficient (NSE) and the
relative error (RE) were selected as evaluation indicators. The calculation formulas (Equations (10) and
(11)) of NSE and RE are as follows.

NSE = 1 − ∑n
i=1(Qobs(i)− Qsim(i))

2

∑n
i=1

(
Qobs(i)− Qobs

)2 (10)

RE =
Qsim − Qobs

Qobs
× 100% (11)

where Qobs(i) is the observed runoff at time step i, Qsim(i) is the simulated runoff at time step i, Qobs is
the mean value of the observed runoff, Qsim is the mean value of the simulated runoff, and n is the
number of the data sequence.

3.4. Attribution Analysis

Based on the calibrated SWAT model, the authors run the SWAT model to simulate runoff under
three different scenarios. Specifically, Scenario 1 (S1) takes climatic data during 1960–1984 and the
land-use map for 1981. Scenario 2 (S2) uses climatic data during 1989–2012 and the land-use map for
1981. Scenario 3 (S3) is based on climatic data during 1960–1984 and the land-use map for 2000.

Comparing S1 and S2 with each other, the only difference is their climatic inputs. Thereby,
the simulated runoff under Scenario 2 can be regarded as the naturalized runoff in the disturbed
period, and its difference from the simulated runoff under S1 in the baseline period is primarily caused
by climate variability. In contrast to Scenario 1, the only discrepancy in Scenario 3 is the input of
land-use data. Hence, the difference of runoff simulation between Scenario 3 and Scenario 1 is induced
by land-use change.

Finally, runoff variations caused by climate variability, land-use change, and human activity are
quantified (as shown in Equations (12)–(15)), and their relative contributions to runoff changes relative
to the baseline period are formulated (as written in Equations (16)–(18)) as follows:

ΔQTotal = Qobs,d − Qobs,b (12)

ΔQClimate = QS2 − QS1 (13)

ΔQHaman activity = ΔQTotal − ΔQClimate (14)

ΔQLand use = QS3 − QS1 (15)
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CClimate =
ΔQClimate
ΔQTotal

× 100% (16)

CHuman activity =
ΔQHuman activity

ΔQTotal
× 100% (17)

CLand use =
ΔQLand use

ΔQTotal
× 100% (18)

where ΔQTotal is the total change of runoff; Qobs,b and Qobs,d represent the mean observed runoff over
the baseline period and the disturbed period, respectively; QS1, QS2, and QS3 are the mean simulated
runoff under three different scenarios; ΔQClimate, ΔQLand use and ΔQHuman activity mean the runoff change
induced by climate variability, land-use change and human activity, respectively; Page: 7 and CClimate,
CLand use, and CHuman activity indicate the contributions in percentage of climate variability, land-use
change, and human activity to runoff change, respectively.

4. Results and Discussion

4.1. Change Trend of Hydro-Meteorological Variables

The trends of precipitation, temperature, pan evaporation, wind speed, solar radiation, and runoff
depth over the period of 1960–2012 for the Qingliu River basin have been analyzed by using the simple
linear regression method and the Mann–Kendall test method. Figure 2 illustrates the inter-annual
change of these hydro-meteorological variables, and Table 2 shows the statistical information of the
trend analysis on the annual and seasonal scales.

Figure 2. The inter-annual change of hydro-meteorological variables ((a) precipitation, maximum daily
precipitation, and runoff depth; (b) temperature and pan evaporation; and (c) wind speed and solar
radiation) between 1960 and 2012 for the Qingliu River basin.
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Table 2. Statistical information of trend analysis for the hydro-meteorological variables on annual and
seasonal scales between 1960 and 2012 for the Qingliu River basin, East China.

Statistic
Annual Spring Summer Autumn Winter

Slope Z Slope Z Slope Z Slope Z Slope Z

Precipitation (mm) 1.68 0.71 −0.69 −0.69 1.74 1.00 −0.47 −0.39 1.19 * 3.21 *
Temperature (◦C) 0.02 * 3.63 * 0.04 * 3.86 * 0.01 0.72 0.02 * 3.51 * 0.03 * 3.06 *

Evp (mm) −2.01 * −2.79 * 0.22 0.25 −1.62 * −3.90 * −0.16 −0.52 −0.46 * −2.22 #
Runoff depth (mm) 0.72 0.48 0.06 0.58 0.09 0.59 0.17 1.64 0.37 * 2.75 *

D (P > 0 mm) 0.03 0.12 −0.16 * −2.51 # 0.06 1.08 −0.17 * −2.22 # 0.28 * 4.48 *
D (P > 25 mm) −0.002 −0.15 −0.02 −0.65 0.003 0.15 0.01 0.41 0.01 # 1.5
D (P > 50 mm) 0.001 0.18 0 0.71 0.01 0.48 −0.004 −0.57 0 0

Pmax 1.18 # 2.148 # 0.07 0.77 1.24 # 2.10 # −0.01 −0.23 0.13 # 1.77

Note: Z means the statistic value derived from the Mann–Kendall test method. * and # indicate that the variable has
a significant change at the significance level of 0.01 and 0.05, respectively. Evp: pan evaporation; D (P > 0 mm),
D (P > 25 mm), and D (P > 50 mm) represent the number of days with daily precipitation large than 0 mm, 25 mm,
and 50 mm, respectively; Pmax: maximum daily precipitation.

The results indicate that the mean annual runoff increased insignificantly, while the winter runoff
increased significantly with a magnitude of 0.37 mm/year (Figure 2a). The mean annual temperature
shows an upward trend during 1960–2012 with a rate of 0.02 ◦C/year (p < 0.01, Figure 2b). All of the
seasonal temperatures increased significantly (p < 0.01) except for the summer temperature. In contrast,
the average annual pan evaporation declined significantly with a magnitude of 2.01 mm/year (p < 0.01,
Figure 2b). It infers that there exists an evaporation paradox, which has been widely observed across
China [40,41]. The phenomenon of the evaporation paradox can be attributed to the significant decrease
of solar radiation and wind speed (Figure 2c) in the study area. The findings are consistent with the
results published by Han et al. [41,42].

The mean annual precipitation exhibited a weak increase trend (1.68 mm/year, p > 0.05) during
1960–2012, which was associated with insignificant decrease in spring and autumn, and a significant
increase in winter (1.19 mm/year, p < 0.01) (Table 2). Correspondingly, it can be noted that the number
of rainy days has decreased in the spring (p < 0.05) and autumn (p < 0.05), and increased in winter
(p < 0.01). The annual maximum daily precipitation indicated an increasing trend (p = 0.018) over
the study period. Similar trends can also be identified in the summer maximum daily precipitation
and winter maximum daily precipitation. The number of days with daily precipitation over 25 mm
increased significantly in winter. The results imply that: (1) the winter became wetter and warmer,
while the spring and autumn became drier and warmer; (2) the maximum daily precipitation intensity
on the annual, summer, and winter scales all tended to be higher; and (3) precipitation in winter
became more intensive.

4.2. Abrupt Change Detection of Runoff Series

Based on the Mann–Kendall method, an abrupt change of runoff in the Qingliu River basin was
detected in 1984 (as shown in Figure 3). The UF value for each year indicates the trend from the
starting year (1960) to that specific year. In addition, Figure 4 presents the double-mass curve of the
accumulated runoff depth and precipitation. It can be observed that since 1988, the curve started
to deviate from the original regression line, which implies that human activities had more intensive
impacts on runoff.
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Figure 3. Change detection of runoff during 1960–2012 for the Qingliu River basin, China. UF and UB
present the forward trend and backward trend line of the runoff series. UF >0 and UF <0 indicate the
increasing trend and decreasing trend, respectively.

Figure 4. Double-mass curve of the accumulated annual runoff depth and the accumulated
annual precipitation.

Furthermore, since 1984, the population has increased rapidly, with a mean annual growth rate of
13.36% during 1984–2000. Due to the reform of the economic system during 1978–1984, agriculture and
partial industry have developed dramatically since 1984 [43]. Compared with the GDP in 1978 being
4.2 times that in 1949, the GDP in 1986 doubled from 1980, indicating a more rapid development [43].
With the growths of the population, agriculture, and industry, transportation and urbanization have
developed, and water withdrawals have increased accordingly [43]. The Chengxi reservoir provided
irrigation for an area of 70 km2 during 1960–1980, and was mainly used for domestic and industrial
water supply since the mid-1980s.

According to the results of the Mann–Kendall method and the double-mass curve as well as
the socio-economic development, we selected 1984 as the abrupt change point of the runoff series,
and divided the study period into the baseline period (1960–1984) and the disturbed period (1985–2012).

To investigate the variations of hydro-meteorological data before and after the abrupt change point,
comparisons were made on the mean annual level and inner-annual level, respectively (illustrated in
Table 3 and Figure 5, correspondingly). Table 3 indicates that during 1985–2012, the temperature rose
by 0.67 ◦C, while precipitation, pan evaporation, and runoff changed by 4.65%, −6.67%, and 16.05%
relative to 1960–1984, respectively. However, the variations were uneven over the year (Figure 5).
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Table 3. Comparison of hydro-meteorological variables between the baseline period and the
disturbed period.

Baseline Period
(1960–1984)

Disturbed Period
(1985–2012)

Change Change (%)

Temperature (◦C) 15.25 15.92 0.67 /
Precipitation (mm) 957.83 1002.40 44.56 4.65

Pan evaporation (mm) 947.22 884.06 −63.16 −6.67
Runoff depth (mm) 236.67 274.65 37.98 16.05

Figure 5. Intra-annual variations of meteorological variables during the disturbed period (1985–2012)
relative to the baseline period (1960–1984) for the Qingliu River basin, East China.

In general, the variations in winter and early spring were much higher than those between April
and November. The larger the change magnitudes of precipitation and pan evaporation, the large
change in the runoff. Runoff increases were often associated with an increase of precipitation and
decline of pan evaporation. Specifically, the temperature rose in all the months except for August,
ranging from −0.28 ◦C to 1.39 ◦C, with the highest rise occurring in February. The mean precipitation
increased by 12.27%, with the largest increase (54.61%) in January and the largest reduction (−25.67%)
in September. Pan evaporation declined in all months except for April, May, and September, with the
highest decrease (−17.89%) occurring in January. As an integrated result, runoff increased in most
months (especially for January, February, March, and December), ranging from 0.69% to 301.20%.
Runoff increased the most in January, which is consistent with the change features of precipitation and
pan evaporation. The largest decrease (−9.73%) of runoff occurred in June. The variations in April,
May, and June imply that there should be some other factors affecting runoff.

4.3. Land-Use Change for the Qingliu River Basin

Based on the Landsat imagery and random forest classifier, land use was classified into five
categories, namely forest, farmland, residential area, water body, and barren land. Figure 6 shows
the land-use classification results for 1981 and 2000, respectively. It can be observed that the forest
dominates land use in the study area, and the residential area has expanded between 1981 and 2000.
Table 4 displays the transmission matrix for land-use changes from 1981 to 2000. The results indicate
that in total, 10.35% of the study area (110.79 km2) experienced land-use changes, which mainly refer
to transmission among the forest, farmland, and residential area. Specifically, the residential area
expanded from 52.40 km2 in 1981 to 73.64 km2 in 2000, increasing by 40.53% relative to 1981. However,
the total increase of residential area (21.24 km2) only accounts for 1.99% of the whole research area.
The forest decreased by 57.44 km2, while the farmland increased by 41.59 km2, accounting for 5.37%
and 3.89% of the study region, respectively.
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Figure 6. Land-use classification results in 1981 (a) and 2000 (b) for the Qinliu River basin, East China.

Table 4. Transition matrix of land-use changes from 1981 to 2000 for the Qingliu River basin (unit: km2).

1981
2000

Percentage (%)
Water Body Residential Area Forest Farmland Bare Land Total

Water body 39.96 1.06 2.68 1.18 0 44.88 4.19
Residential area 0.87 43.75 3.33 4.42 0.03 52.4 4.90

Forest 0.40 11.97 556.56 58.54 0.41 627.88 58.68
Farmland 0.44 16.04 6.6 312.43 0.02 335.53 31.36
Bare land 0.16 0.82 1.27 0.55 6.51 9.31 0.87

Total 41.83 73.64 570.44 377.12 6.97 1070
Percentage (%) 3.91 6.88 53.31 35.24 0.65

4.4. SWAT Model Calibration and Validation for Monthly Runoff Simulation

Taking the detected abrupt change in 1984 as a break point, the whole study period was divided
into the baseline period (1960–1984) and the disturbed period (1985–2012). The SWAT model was
calibrated and validated over the baseline period. Specifically, data during 1960–1971 were used for
model calibration, while data during 1972–1984 were applied for model validation.

Figure 7 illustrates the simulated and observed monthly runoff between 1960 and 1984.
The performance evaluation of the SWAT model is listed in Table 5. It indicates that on the monthly
scale, the Nash–Shutcliffe efficiency (NSE) were 0.76 and 0.81 for the calibration and validation periods,
respectively. The relative error values imply that the monthly runoff was underestimated in the
calibration period, and overestimated in the validation period.

Over the validated period (1972–1984), in contrast to performance of the monthly runoff
simulation, the SWAT model performed better on the annual runoff simulation (NSE = 0.83) and
runoff simulation in the wet season (NSE = 0.87). The relative error of runoff simulation in the dry
season (11.57%) was higher than that in wet season (−3.30%), which might be because the Qingliu
River almost dried up in dry seasons between 1976 and 1980, but the SWAT model overestimated
the runoff.
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Figure 7. Comparison of the observed and simulated runoff in the Qingliu River for the calibration
(1960–1971) and validation (1972–1984) periods (a), and the scatter plot of the observed versus simulated
runoff (b). Jan means January.

Table 5. Performance of the SWAT model for runoff simulation for the Qingliu River basin, East China.

Indicator
Calibration Period (1960–1971) Validation Period (1972–1984)

Monthly Monthly Annual Wet Season Dry Season

NSE 0.76 0.81 0.83 0.87 0.73
Relative error (%) −8.13 6.56 6.56 −3.30 11.57

Note: SWAT: Soil and Water Assessment Tool; NSE: Nash–Sutcliffe coefficient.

4.5. Attribution Analysis of Runoff Change for the Qingliu River Basin

Based on the runoff observations and runoff simulations derived from the SWAT model under
three scenarios (S1, S2, and S3), the contributions of individual factors (climate variability, land-use
change, and human activity) to runoff change in the Qingliu River were quantified at multiple scales
(annual, seasonal, and monthly) over three periods (1985–2012, 1985–2000, and 2001–2012). Specially,
the attribution to land-use change was only analyzed on the annual and seasonal scales over the
whole disturbed period (1985–2012). One reason is that the computation of land use-induced runoff
change (i.e., the discrepancies between runoff simulations under Scenario 3 and Scenario 1) requires
the comparison period having the same length as the baseline period. Furthermore, land-use change is
mostly characterized by annual and seasonal scale changes instead of at a monthly scale.

Table 6 presents the attribution analysis results for the Qingliu River on the annual scale.
It indicates that annual runoff during 1985–2012 increased by 38.05 mm in total relative to 1960–1984.
Climate variability, land-use change, and human activity contribute 95.36%, 4.64%, and 12.26% to
the total change of runoff, respectively. The results imply that climate variability dominates runoff
variation in the Qingliu River on the annual scale. Land-use changes (mainly for deforestation and
urbanization) resulted in a runoff increase, which may be derived from the reduction of evaporation
and interception, and the increase of impermeable area. Compared with land-use change, human
activity showed a smaller contribution to runoff change. It infers that some other human activities
caused runoff decrease such as water withdraw by irrigation due to the increase of farmland from 1981
to 2000 (41.59 km2).

Table 6. Results of attribution analysis for runoff change in the Qingliu River basin on annual scale.

Period
Observed

Runoff
(mm)

Simulated
Runoff—Land

Use in 1981 (mm)

Simulated
Runoff—Land

Use in 2000 (mm)

Total
Change

(mm)

Climate-Induced
Change

Human-Induced
Change

Land Use-Induced
Change

mm % mm % mm %

1960–1984 236.67 236.59 241.26 / / / / / / /
1985–2012 274.72 272.87 277.53 38.05 36.28 95.36 1.77 4.64 4.67 12.26
1985–2000 279.48 261.70 266.17 42.81 25.11 58.64 17.71 41.36
2001–2012 268.36 287.78 292.66 31.70 51.19 161.49 −19.49 −61.49
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It is worth noting that runoff change and its attribution vary over different periods. For instance,
the total increase of runoff during 1985–2000 (42.81 mm) was larger than that during 2001–2012
(31.70 mm). Over the periods of 1985–2000 and 2001–2012, climate variability and human activity
accounted for 58.64% and 41.36%, and 161.49% and −61.49% of runoff change, respectively.
The results imply that human activity after 2000 has become more intensive, and runoff subsequently
decreased. It may partially due to more water withdrawals for different sectors to support the
socio-economic development.

Here, considering the property of precipitation distribution, we divided the whole year into the
wet season (from May to September) and the dry season (from January to April, and from October
to December). Table 7 displays the results of attribution for runoff change in the Qingliu River on
a seasonal scale during 1985–2012. The results indicate the total change of runoff in the wet season
over the whole disturbed period increased by 6.26 mm relative to the baseline period. However,
the runoff increased by 27.42 mm, which was induced by climate variability, and declined by 21.15 mm,
which was induced by human activity, respectively. The finding implies that in the wet season,
climate variability and human activity both have a major impact on the runoff, and their influences
counteract with each other. In contrast, the total change of runoff in the dry season was 31.78 mm,
accounting for 61.12% of that in the baseline period. The contributions of climate variability, land-use
change, and human activity account for 27.89%, 0.18%, and 72.11% of runoff change in the dry season,
respectively. It indicates that human activity is the primary contributor to runoff increase in the dry
season, which might be because of the operations of reservoirs in the basin. However, due to the
relative error of runoff simulation (−3.30% for the wet season, 11.57% for the dry season), uncertainties
are associated with the attribution analysis results on the seasonal scale especially for the dry season.

Table 7. Results of attribution analysis for runoff change in the Qingliu River basin on a seasonal scale.

Period Season
Observed
Runoff
(mm)

Simulated
Runoff—Land

Use in 1981 (mm)

Simulated
Runoff—Land

Use in 2000 (mm)

Total
Change

(mm)

Climate-Induced
Change

Human-Induced
Change

Land Use-Induced
Change

mm % mm % mm %

1960–1984
Dry season 52.00 69.81 69.87 / / / / / / /
Wet season 184.67 166.78 171.39 / / / / / / /

1985–2012
Dry season 83.78 78.68 78.70 31.78 8.87 27.89 22.92 72.11 0.06 0.18
Wet season 190.94 194.19 198.83 6.26 27.42 437.68 −21.15 −337.68 4.61 73.60

Furthermore, Figure 8 shows the contributions of different drivers to runoff change in the dry
season and the wet season over three periods (1985–2012, 1985–2000, and 2001–2012). Similar to
1985–2012, during the two sub-periods, human activity dominated runoff change in the dry season,
while climate variability dominated runoff change in the wet season. In the dry season, both climate
variability and human activity increased runoff. The impact of climate variability on runoff during
1985–2000 (10.36%) became weaker than that during 2001–2012 (35.80%), while the impact of human
activity exhibited an opposite trend. Regarding the wet season, climate variability increased runoff,
while human activity decreased runoff, and their effects became stronger during 2001–2012 compared
with the period of 1985–2000. The impact of land use on runoff in the wet season was much higher
than that in the dry season.
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Figure 8. Contributions of climate variability, human activity, and land-use change to runoff variation
on the seasonal scale over three different periods (1985–2012, 1985–2000, and 2001–2012) for the Qingliu
River basin, East China.

Runoff change and its attribution in individual months for the Qingliu River are illustrated in
Figure 9. The results show that the impacts of driving factors (i.e., climate variability and human
activity) differ across different months and over different periods. During 1985–2012, the largest total
change (14.30 mm) appeared in March. The highest changes caused by climate variability and human
activity both occurred in August, where runoff increased by 19.64 mm due to climate variability and
decreased by 14.37 mm due to human activity. Human activity dominated runoff change in all months
except January, May, July, and August, most of which belong to the wet season.

Figure 9. Runoff change (mm) induced by climate variability and human activity on the monthly scale
over three different periods (1985–2012, 1985–2000, and 2001–2012) for the Qingliu River basin, East
China. J–D are the abbreviations of January to December.

In contrast, during 1985–2000, the largest total change was 18.50 mm in March. Climate variability
caused the largest increase in runoff in June (12.29 mm), while human activity mostly increased runoff
in March. Over the period of 2001–2012, the largest changes induced by climate and human activity
appeared in August as well, but with greater magnitudes. Compared with 1985–2000, human activity
had a more intensive impact on runoff decline during 2001–2012.

In combination with Table 8, it can be noted that the largest total change of runoff and the largest
runoff change induced by climate are highly related with the magnitude of precipitation change.
For all three periods, the largest increase of runoff induced by human activity occurred in March,
and the largest decrease of runoff induced by human activity occurred in August. The reason behind it
might be related to reservoir operations, which also reflects the roles that human beings play in water
resources management.
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Table 8. Changes of precipitation (in mm) during different periods relative to the baseline period
(1960–1984) for the Qingliu River basin, East China.

January February March April May June July August September October November December
1985–2000 11.40 8.64 29.14 −25.13 11.47 26.90 −31.80 24.12 −31.23 7.82 1.79 2.21
2001–2012 13.51 11.12 4.91 −8.96 −14.29 −27.98 31.14 57.76 −16.29 −13.39 1.10 18.26
1989–2012 12.30 9.70 18.75 −18.20 0.43 3.38 −4.83 38.54 −24.83 −1.27 1.49 9.09

Note: The bold numbers indicate the maximum values of runoff changes.

Comparing the findings on three different scales, people may find that attribution on finer
(seasonal and monthly) scales would reveal more detailed information for runoff attribution analysis,
which might be weakened or offset on a coarser (annual) scale. Investigating runoff change and its
causes over different time periods can also benefit attribution analysis. It can deliver how the dominant
drivers change along with time. Therefore, attributing runoff change to different driving forces on
multiple scales over different periods would provide more detailed support for decision and policy
makers on adaptive water resources management, sustainable utilization, and planning.

A previous study on runoff attribution in humid and semi-humid regions in southern China
indicated that climate change dominated runoff change and contributed to runoff increase [21]. In this
study, findings on the annual scale are consistent with the results in the previous work. Zhai et al. [3]
reported that in the 2000s, climate variability contributed to runoff decrease, and human activity
contributed more to runoff change than in the 1990s, and dominated runoff change in the Xixian basin
and Changle basin. In this study, human activity during 2001–2012 exerted more impact on runoff
change compared with that during 1985–2000, which is consistent with the findings in the literature
published by Zhai et al. [3]. However, differently, we found that climate variability caused an increase
in runoff and dominated runoff change in all periods.

4.6. Discussion on Uncertainty and Future Work

The attribution analysis in this study is based on comparison between the observed runoff and
the simulated runoff derived from the SWAT model. Although the hydrological model performed well,
there exist some differences between the simulations and the observations. Specifically, the relative
errors of runoff simulations on annual and monthly scales (6.56%) were relatively lower than those
in the dry season (11.57%) and higher than those in the wet season (−3.30%). Correspondingly,
uncertainties are associated in the attribution results of runoff change and differ from different temporal
scales. Briefly, attribution results of runoff variation in the wet season and on monthly and annual
scales have lower uncertainty than those in the dry season. However, the conclusions drawn regarding
the contributions trends of different driving factors (climate variability, land-use change, and human
activity) to runoff change are sound.

In this study, the impact of land-use change on run variation was quantified separately from
that of human activity. However, other human activities such as reservoir operations and water
withdrawals were not analyzed separately due to the lack of detailed data. Nevertheless, different
kinds of human activities may exert different impacts on runoff. Therefore, separation of the impacts
of different kinds of human activities on runoff variation can be further investigated in the future.

It has been well-documented that climate variability and human activities are two main
contributors to runoff changes. In this study, similar to many previous studies, the authors have
assumed that the impacts of climate variability and human activities are independent. In reality,
climate and human activities interact with each other, and it is difficult to separate their impacts on
runoff. Therefore, more detailed assessments could be made on how to integrate the relationships
among different driving factors into an attribution analysis of runoff change in future work.

Based on the Mann–Kendall test method, double-mass curve, and the facts of socio-economic
development, the study period was divided into the baseline period and the disturbed period (which
was further divided into two sub-periods), and the authors assumed that there was no human
intervention in the baseline period. However, human activity existed over the whole period and
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exerted different magnitudes of impacts on runoff over different periods. Therefore, more dynamic
attribution that considers changing attribution should be recommended in the future.

5. Conclusions

The mean annual runoff in the Qingliu River increased during 1960–2012 and changed abruptly
in 1984. Relative to 1960–1984, the temperature rose by 0.67 ◦C; summer and winter got wetter and
warmer, while spring and autumn became drier and warmer between 1985 and 2012. On the annual
scale, climate variability, human activity, and land-use change contributed 95.36%, 4.64%, and 12.23%
to runoff increase during 1985–2012, respectively. Impacts of climate variability and human activity
on runoff during 2001–2012 became stronger than those during 1985–2000. On the seasonal scale,
climate variability was the dominant contributor to runoff increase in the wet season, while human
activity was the primary driving force to runoff increase in the dry season. Climate variability and
human activity accounted for 27.89% and 72.11% of runoff change in the dry season during 1985–2012.
Land-use change had more impact on runoff in the wet season than in the dry season. Compared
with 1985–2000, the contribution of climate variability to runoff change decreased in the dry season
and increased in the wet season, while the contribution of human activity increased over the year
during 2001–2012. On the monthly scale, human activity was the dominant contributor to runoff
change in all of the months except for January, May, July, and August. It can be concluded that the
dominant driver of runoff change differs on different temporal scales and varies over different periods.
The results on different scales imply that attribution analysis on finer (seasonal and monthly) scales
would reveal more detailed information, which might be weakened or offset on a coarser (annual)
scale. Uncertainties are associated with the attribution results of runoff change, especially for those in
the dry season. The findings provide better understanding of runoff behavior in the Qingliu River and
provide scientific support for decision and policy makers on local water resources management.
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Abstract: Climatic variability and cumulative forest cover change are the two dominant factors
affecting hydrological variability in forested watersheds. Separating the relative effects of each
factor on streamflow is gaining increasing attention. This study adds to the body of literature by
quantifying the relative contributions of those two drivers to the changes in annual mean flow, low
flow, and high flow in a large forested snow dominated watershed, the Deadman River watershed
(878 km2) in the Southern Interior of British Columbia, Canada. Over the study period of 1962 to
2012, the cumulative effects of forest disturbance significantly affected the annual mean streamflow.
The effects became statistically significant in 1989 at the cumulative forest disturbance level of 12.4%
of the watershed area. The modified double mass curve and sensitivity-based methods consistently
revealed that forest disturbance and climate variability both increased annual mean streamflow during
the disturbance period (1989–2012), with an average increment of 14 mm and 6 mm, respectively.
The paired-year approach was used to further investigate the relative contributions to low and
high flows. Our analysis showed that low and high flow increased significantly by 19% and 58%,
respectively over the disturbance period (p < 0.05). We conclude that forest disturbance and climate
variability have significantly increased annual mean flow, low flow and high flow over the last
50 years in a cumulative and additive manner in the Deadman River watershed.

Keywords: cumulative effects; forest disturbance; climate change; annual streamflow; low flow;
high flow

1. Introduction

Forested watersheds are important sources of streamflow, water regulation and generation for
more than 30% of the world’s population [1,2]. Changes in forest cover have important effects on the
sustainability of water resources, aquatic habitat, and many other ecological functions. In forested
watersheds, forest cover change and climate variability are regarded as the two main drivers of
hydrological variation [3,4]. The compounding effects of climate variability and land cover change
(e.g., forest harvesting, land use conversion) have driven scientific research to focus on how these
drivers and their interactions affect the hydrological regime [5–9].

The effect of forest cover change on streamflow has been studied for many decades, with periodic
summaries consolidating key findings [4,9–11]. However, most research has been carried out using
paired watershed experiments (PWE) in small watersheds (<100 km2) since the 1910s with long
term land cover and streamflow data. The inability to simply extrapolate results from the PWE to
watersheds of different sizes, topography, climate and land cover types, suggests an important need to
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study hydrological responses to forest changes at other spatial scales. This gap is recently and clearly
recognized in a recent global assessment report on forests and water [12]. Additionally, advances have
been made in hydrological modeling (e.g., the Soil and Water Assessment Tool) and statistical methods
such as time-trend analysis, sensitivity-based method, double mass curves (DMC), and those based on
the Budyko theory [3,13]. These advances make it possible to evaluate the forest-water relationship in
large watersheds.

Numerous forest indicators have been used to characterise forest change through time in
hydrological studies including: percentage forested [14], the area disturbed, and remotely sensed
vegetation indices such as the Normalized Difference Vegetation Index (NDVI) [2,15], Leaf Area
Index (LAI) [16–18], and normalized burn ratio (NBR) [19]. Although these indices have been widely
implemented in assessing spatial and temporal dynamics of forest cover, they do not explicitly
account for hydrological recovery due to regeneration following forest disturbance, and consequently
cumulative effects on hydrology. Cumulative effects are defined as the combined results from
actions that are individually minor but collectively significant in the past, present, and foreseeable
future [20,21]. Therefore, a comprehensive index is required, which can account for spatial and
temporal cumulative forest cover change. ECA (equivalent clear-cut area) is calculated as the
cumulative area that is clear-cut with a reduction factor implemented over time to account for
hydrological recovery as the forest regenerates [22]. ECA has been widely used in scientific research
and operational practices in the Pacific Northwest for decades [23–27], and can therefore, be a good
indicator to quantify cumulative forest cover change in a watershed.

Previous studies generally conclude that deforestation increases annual mean flow (Qmean),while
reforestation decreases it across multiple spatial scales [4,11], with less consistent results in the literature
on low and high flows. For instance, it has been found that forest logging could increase the frequency
and magnitude of high flows but is unlikely to affect large flooding events [23,28]. In snow dominated
watersheds, the effect is less significant and forest disturbance has been found to advance the timing of
snow-melt generated high flows [29]. The effect on low flow is tightly coupled to soil disturbance, the
history of land use, and climatic regime [30,31]. Numerous studies have found that disturbance can
increase low flow, however some show inconsistent results with negative and insignificant changes in
low flows [26,31]. Our collective understanding of how forest cover change might affect streamflow
has progressed, however, there is an increasing demand for more case studies, shown by the limited
number of studies and lack of consistency or explanation of differences between results from various
regions characterised with different climate regimes, forest structure, soil property, and topography [9].

The Deadman River watershed (878 km2) is located in the Southern Interior of British Columbia,
Canada. It is characterised by a snow dominated hydrological regime and has experienced
dramatic forest disturbance from the mountain pine beetle (MPB) infestation and forest harvesting.
The significant level of forest disturbance in the watershed has raised serious concerns over alteration
of the hydrological regime. To address these hydrological concerns, this study answers two research
questions: 1) how have forest disturbance and climate cumulatively affected annual streamflow in
Deadman River watershed, and 2) how have forest disturbance and climate cumulatively affected high
and low flows?

2. Materials and Methods

2.1. Watershed Description

The Deadman River watershed is located in the Southern Interior of British Columbia, Canada.
(Figure 1). The drainage area is 878 km2 of which 91.3% is forested, with most of the remaining
area being grassland in the valley bottoms. Deadman River is an important Salmonoid-bearing
river that is a tributary of Thompson River. Communities and First Nations rely directly on the
water to drink, irrigate, and sustain a healthy fish population, ecological functioning and aquatic
resources. The elevation ranges from 527 m above sea level at the southern outlet and main branch
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of the Deadman River up to 1779 m in the upper reaches to the east and west of the watershed
(Figure 1). From 1962–2012, the mean daily temperature in the winter (December–February) was
−6 ◦C and 12.9 ◦C in the summer (June–August). Approximately 27% of the annual precipitation (P)
accumulates as snow in the winter, with the snow-melt event producing the spring freshet (Figure S1 in
the Supplementary Materials (SM)). Lower elevation slopes support Douglas-fir (Pseudotsuga menziesii
(Mirb.) Franco) and Lodgepole pine (Pinus contorta Douglas ex Loudon) dominated forests with smaller
amounts of Spruce (Picea glauca (Moench) Voss) and Balsam (Abies lasiocarpa (Hook.) Nutt.). A small
amount of agriculture and urban development dominate the valley bottom (around 1% of the total
watershed area), the total area of which has not changed over the course of this study; while forestry is
the main land use across the watershed [32]. The recent Province-wide mountain pine beetle (MPB)
epidemic [33] has brought widespread Lodgepole pine mortality and salvage harvesting throughout
the watershed (Figure 1).

Figure 1. The location of watershed boundary, hydrometric station, stream network, forest logging,
and mountain pine beetle (MPB) infestation of the Deadman River watershed, located in British
Columbia, Canada.

2.2. Watershed Data

The age, height, density, and species composition of the forest was sourced from the 2013
provincial vegetation resources inventory (VRI). Disturbance indicators were calculated using three
complementary spatial databases that are maintained by the BC Ministry of Forests, Lands and
Natural Resource Operations (FLNRO). The spatial and temporal location of historical harvesting was
accounted for using the FLNRO consolidated cutblocks layer (2013), wildfires from the BC wildfire
database, and mountain pine beetle (MPB) disturbance from the British Columbia Mountain Pine
Beetle (BCMPB) projections version 11 [33].

Daily discharge data (m3s−1) from 1960 to 2012 was acquired from Environment Canada (Station
ID: 08LF027), which was standardized to millimeters (mm year-1) using watershed area (Figure S2).
The watershed monthly P, mean, maximum, and minimum temperatures (Tmean, Tmax, Tmin) were
derived from the ClimateBC model at the spatial resolution of 500 × 500 m [34] (Figures S3 and S4 in
the SM). Elevation (m) for each VRI polygon was calculated from the FLNRO digital elevation model
at a spatial resolution of 30 meters.
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2.3. Cumulative Equivalent Clear-Cut Area

Forest logging, MPB infestation, and wildfire are the three major disturbance types and cumulate
over space and time in the study watershed (Figure 1). Cumulative equivalent clear-cut area (CECA)
was used to account for cumulative forest disturbance at the watershed level [22,35]. At the stand level,
equivalent clear-cut area (ECA) is defined as the area that has been clear-cut, killed by fire, or infested
by MPB, with a reduction factor to account for hydrological recovery as the forest regenerates. All forest
logging in the area is clear-cut. Following the watershed assessment procedure in British Columbia [27],
the ECA is set at 100% after harvesting, reflecting changes in hydrological processes such as infiltration,
evapotranspiration, and run-off. Stand height was used to represent the relationship between forest
growth and hydrological recovery [22,27] (Table 1). Hydrological recovery after wildfire was assumed
to follow the same relationship as harvesting [36]. The hydrological recovery of a forest stand is related
to its growth rate over time and is therefore determined by many factors including disturbance type,
climate, and tree species. Accounting for this, stand height is projected through time using standard
models that are calibrated in British Columbia. The Variable Density Yield Prediction model version
7 (VDYP7) is used for stands of natural origin (wildfire) and the Table Interpolation Program for
Stand Yields model version 4.3 (TIPSYv4.3) is used for stands that regenerate after harvesting. In MPB
affected forest, the ECA shown in Figure 2 [29,37] is applied to the affected portion of a stand. It follows
an asymmetrical bell-shaped curve through time as tree death and needle drop occur gradually over
years [38,39] and regeneration and hydrological recovery starts around 20 years. Stand-level ECA
values are summed annually to give the watershed–level CECA timeseries.

Table 1. Hydrological recovery and equivalent clear-cut area (ECA) for stands disturbed by wildfire or
harvesting according to height in meters (m) of the leading tree species.

Height (m) Hydrologic Recovery (%) ECA (%)

0 ≤ 3 0 100
3 ≤ 5 25 75
5 ≤ 7 50 50
7 ≤ 9 75 25

>9 90 10

 

Figure 2. Equivalent clear-cut area (ECA) (%) since year of disturbance by mountain pine beetle (MPB).

In 2012, the CECA was 41.3% of the watershed area (Figure 3). Logging was the dominant
disturbance type through the study period. The average annual harvest rate in the Deadman River
watershed was 4 km2 year−1 from 1960 till 1999. From the year 2000 onwards, this rate increased to an
average of 11 km2 year−1. In 2012, the CECA from logging was 27.2% of the watershed area. MPB
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affected a total of 370 km2 since 2000, a rate of 46 km2 year−1 (Figure 3). The CECA of MPB in 2012
was 13.6%. Wildfire is an insignificant disturbance agent during the study period with only 3 km2 in
total. The total CECA rose from 0% in 1960 to 41% in 2012. Overall, the Deadman River watershed has
experienced significant forest disturbance.

 
Figure 3. Annual area disturbed (km2) and Cumulative Equivalent clear-cut area (CECA) in percent (%
of watershed area) by disturbance type and total in the Deadman River watershed from 1960 to 2012.

2.4. Cross-Correlation Analysis

Cross-correlation analysis is an effective method to examine whether there are significant
relationships between two time series variables. The advantage of cross-correlation is that it can
remove autocorrelations existing in data series and identify lagged causality between them [29]. In this
study, cross-correlation tests were used to detect relationships and lagged effects between cumulative
forest change (CECA) and three flow variables, including: annual mean streamflow (Qmean), a low
flow parameter (Q95%) which is defined as the daily flow equalled or exceeded for 95% of days in a
year, and high flow parameter (Q5%) which is the daily flow equalled or exceeded 5% of days in year.

All variables were pre-whitened to remove autocorrelation by fitting Autoregressive Integrated
Moving Average (ARIMA) models in R software [40]. The ndiffs function from the forecast package [41]
was first used to find the level of differencing needed to achieve stationarity and then the ARIMA
model with the best performancewas selected for cross-correlation analysis [42]. Cross-correlation
analysis of ARIMA model residuals was carried out in R using the ccf function from the forecast
package [41]. The correlation coefficient and significant lags are used to assess if there is a correlation
between tested variables.

2.5. Quantifying the Effects of Forest Disturbance and Climate Variability on Streamflow Components

Three complementary statistical methods were used to make a robust assessment of the separate
effects of forest disturbance and climate variation on streamflow components. The modified double
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mass curve (MDMC) method and sensitivity-based method were applied to Qmean, while the
paired-year approach can be used for Qmean, Q5% and Q95%.

2.5.1. Timeseries Trend Analysis

As a first step, the Mann–Kendall test [43,44] was used to assess what trends exist in the
climatic and hydrological data over the study period, helping with the interpretation of results.
The Mann–Kendall non-parametric test is widely used in hydrology for the trend detection [23].
Prior to implementing the Mann–Kendall test, each timeseries was pre-whitened to remove the
influence of serial correlations [45], following the process recommended in Yue et al. [46]. However,
Razavi and Vogel [47] recently demonstrated how pre-whitening can underestimate extreme conditions
in hydrological timeseries analysis, leading to a potentially conservative correlation in this analysis.
All statistical tests are at a significance level of 5%.

2.5.2. Modified Double Mass Curve

A modified double mass curve (MDMC) is a graph of cumulative annual Qmean versus cumulative
effective precipitation (Pe) which is the difference between annual P and actual evapotranspiration
(AET) [3,22]. Annual potential evapotranspiration (PET) was estimated as the average of the
Priestley–Taylor [48] and Hamon method [49–51] and then AET was calculated as the average of
the Budyko [52] and Zhang’s [53] equations. The basic assumptions of the MDMC are 1) the linear
relationship holds between the Pe and Qmean; and 2) all climate variability is lumped into P and
ET [22,54]. In a period with no forest disturbance (reference period), the slope of the MDMC should
be straight, and a break point in this line suggests a regime shift in annual mean flow caused by
forest disturbance (disturbance period) [3]. The Pettitt break point test was introduced to detect the
statistically significant break point between the reference and disturbance periods [55]. Before carrying
out the Pettitt test, autocorrelations in the MDMC slope were removed following the methodology
found in Yue et al. [46]. To validate the statistical significance of the break point, the nonparametric
Mann–Whitney U test Z statistic was adopted [8,30,56]. The linear relationship in the reference period
was used to predict the cumulative annual streamflow for the disturbance period, with the difference
between this and the observed line regarded as the cumulative impact of forest change on streamflow
(ΔQf). The deviations caused by climate variability on each annual streamflow component can be
determined using Equation (1).

ΔQc = ΔQ − ΔQf (1)

where, ΔQ, ΔQf, and ΔQc are the deviations of each annual streamflow between disturbance and
reference periods, annual flow deviations caused by forest disturbance, and annual flow deviations
caused by climate variability, respectively. The relative contributions of forest disturbance and climate
variability to Qmean is calculated from their respective proportion of ΔQ [22].

2.5.3. Sensitivity-Based Method

The sensitivity-based approach assumes that the change in Qmean can be determined using
Equation (2) [57,58].

ΔQc = βΔP + γΔPET (2)

where, ΔP, ΔPET, and ΔQc are the difference in annual P, PET, and Q due to climate between reference
and disturbance periods, respectively. β and γ are the sensitivity coefficients of streamflow to P and
PET [36]. β and γ can be derived from Equations (3) and (4) below, where ω is assumed to be 2 for a
predominantly forested watershed.

β =
1 + 2PET

P + 3ω(PET
P )

2

[1 + PET
P +ω

(
PET

P

)2
]
2 (3)
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γ = − 1 + 2ω PET
P

[1 + PET
P +ω

(
PET

P

)2
]
2 (4)

As a result, the effects of forest change on Qmean can be derived using Equation (1).

2.5.4. Paired-Year Approach

Similar to the approaches for assessing the cumulative effects of forest disturbance on Qmean, the
effects of climate variability on Q5% and Q95% should be removed first. The paired-year approach has
been effectively used to quantify the cumulative effects of forest disturbance on flow regimes across
various climatic regions [35,42] and was selected for this study. The paired-year approach assumes that
flow changes are mainly attributed to cumulative forest disturbance when climate conditions between
the reference and disturbance year are similar. To identify climatic variables that can be used as proxies
for equivalent climate conditions, the following steps are used: (1) Kendall tau correlation analyses
are used to select the statistical relationship between flow (Q5% and Q95%) and seasonal or annual
climate variables, respectively (Table S1). (2) Once key climate variables were determined, several
combinations or sets of the selected climate variables were composed. (3) Each set of the climate
variables and the set of Q5% and Q95% serve as inputs for the canonical correlation analyses [35], the
approach used to examine correlations between two sets of variables. To ensure that all combinations
of climate variables were tested thoroughly, we also selected climate variables that were not statistically
related to the Q5% and Q95% for the canonical correlation analyses. A total of 30 sets were tested and
finally the Tmean, Tmax, minimum summer temperature, winter P of the antecedent year and spring P
in the current year, were determined as the controlling climate variables. To ensure a reliable pairing,
a threshold of 10% biases were allowed in each climatic variable (Table S2). (4) As a result, ten pairs of
years were chosen to compare Q5% and Q95% with similar climate (Table S3). The differences between
each pair of years are denoted as the effects of cumulative forest disturbances on Q5% and Q95%. (5) The
Mann–Whitney U test is further used to confirm whether Q5% and Q95% between the reference and
disturbance are statistically significant [35]. As such, the cumulative forest disturbance on Q5% and
Q95% were quantified.

3. Results

3.1. Time-Trend Analysis of the Hydrometeorological Variables

Mann–Kendall trend analysis was used to study the annual and seasonal trends in
hydrometeorological variables for the Deadman River watershed across the whole study period.
Table 2 presents the results of this analysis after pre-whitening following Yue et al. [46]. Although only
annual temperatures experienced significant upwards trends (at a significance level (p-value) < 0.05),
spring and summer Tmin were significant. Related to increasing Tmean, annual PET also exhibited a
significant upward trend. Spring P was the only season that showed a significant increasing trend for
P. For streamflow, only autumn Qmean and Q95% showed an increasing trend with no corresponding
significant climate trend. The increasing trends in temperatures and PET may, therefore, play a role
in reducing streamflow, while increased spring P may increase spring streamflow. While, time-trend
analysis is useful to help understand hydrologic behaviour, it does not have explanatory power on
its own. In addition, recent reviews by Razavi and Vogel [47] and Serinaldi et al. [59] have exposed
shortcomings when used in hydrological timeseries analysis. Therefore, we use the results from
time-trend analysis with caution and as one piece to inform the overall picture.
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Table 2. Time-trend analysis of hydro-meteorological variables in the Deadman River watershed from
1962 to 2012 (spring: March–May; summer: June–August; autumn: September–November; winter:
December–February; Tmax is maximum daily annual temperature (◦C); Tmin is minimum daily annual
temperature (◦C); Tmean is average daily annual temperature (◦C); P is annual precipitation (mm);
PET is potential evapotranspiration (mm); AET is actual evapotranspiration (mm); Qmean is annual
mean flow (mm); Q95% is the low flow parameter; Q5% is the high flow parameter; tau is the z-statistic
from the Mann–Kendall test indicating the direction of change of the variable; p-value is the level of
significance from the Mann–Kendall test; and bolded italics indicate significant trends at a significance
level of 0.05).

Season Tmax Tmin Tmean P PET AET Q5% Q95% Qmean

Annual tau 0.19 0.25 0.23 −0.02 0.25 0.06 –0.04 0.24 0.01
p-value 0.05 0.01 0.01 0.87 0.01 0.55 0.73 0.02 0.95

Spring tau 0.08 0.18 0.15 0.21 0.17 0.25 –0.01 0.05 –0.06
p-value 0.41 0.05 0.11 0.02 0.08 0.01 0.91 0.59 0.55

Summer tau 0.09 0.25 0.13 0.04 0.16 0.08 –0.08 0.11 –0.01
p-value 0.35 0.01 0.17 0.68 0.09 0.42 0.45 0.29 0.96

Autumn tau 0.16 0.04 0.06 0.05 0.10 0.05 0.06 0.26 0.23
p-value 0.08 0.71 0.50 0.60 0.27 0.57 0.54 0.01 0.02

Winter tau 0.13 0.15 0.12 –0.07 0.11 0.10 0.13 0.21 0.14
p-value 0.15 0.10 0.20 0.47 0.24 0.27 0.20 0.04 0.15

3.2. Cross-Correlation between Forest Disturbance and Streamflow Regime Components

Annual hydrological and CECA timeseries were first pre-whitened to remove serial correlations
using ARIMA models as listed in Table 3. The pre-whitened variables from this process were used in
the cross-correlation analysis. Cross-correlation analysis cannot prove causality but is used to calculate
the statistical relationship between two data series considering the displacement (“lag”) of one relative
to the other. Cross-correlation analysis revealed that CECA is significantly related to Qmean, Q5% and
Q95% as shown by significant correlation coefficients for all hydrologic variables. The lags indicate that
the response of hydrological variables are 8, 8, and 4 years after the change in CECA. The lag detected
by cross-correlation reflects that the observed response of streamflow to forest cover change only
occurs when disturbance accumulates to certain amount in a watershed. Additionally, changes caused
by MPB mortality such as the cessation of root functioning, needle drop and decomposition occur
gradually over a number of years [60]. The positive correlation coefficient implies that a higher level of
cumulative disturbance, approximated by CECA, likely results in higher annual mean, low flows, and
high flows (Table 3). The magnitude of the cross-correlation coefficient calculates the strength of the
statistical relationship, all coefficients are around 0.3, which is considered a weak relationship, albeit
statistically significant. Forest disturbance can explain some but not the majority of variation in the
hydrological variables, reflecting the direct influence of climate variability on streamflow.

Table 3. Cross-correlation results between the residuals of logged Autoregressive Integrated Moving
Average (ARIMA) time series models for cumulative equivalent clear-cut area (CECA) and annual
streamflow components in the Deadman River watershed from 1960 to 2012. The bold italicised
coefficient value indicates that the model is significant at p-value = 0.05. Streamflow components
include annual mean flow (Q), low flow (Q5%), and high flow (Q95%). The ARIMA model used is
denoted by ln(p,d,q), where ln represents that the log of the data was taken prior to running the ARIMA
model, p is the order of the auto-regressive model, d is the degree of differencing, and q is the order of
moving-average chosen for the ARIMA model.

Hydrological Variables
Cross-Correlation with CECA (Pre-Whitened Using ARIMA (2, 2, 1))

ARIMA Model Used to Pre-Whiten Coefficients Lag

Annual mean flow (Q) (1, 3, 0) 0.32 8
High flow (Q5%) (0, 1, 1) 0.33 8
Low flow (Q95%) (0, 1, 2) 0.32 4
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3.3. Separation of the Effects Of Forest Disturbance and Climate Variability on Annual Mean Flow

3.3.1. Modified Double Mass Curve

A breakpoint was identified on the MDMC, which plots cumulative effective precipitation (Pae)
versus cumulative annual mean flow (Qa) (Figure 4). The observed cumulative Qa is greater than
predicted after the break point, indicating that forest disturbance has led to an increase in Qa. The Pettitt
break point test indicates that there is a statically significant regime shift in 1989, leading to the pre- and
post-disturbance periods being defined as 1960 to 1989 and 1990 to 2012, respectively. Mann–Whitney
U tests confirmed that the slopes of MDMCs before and after the break point were statistically different
(p-value < 0.001). The break point coincides with the history of forest disturbance as at the end of 1989,
the cumulative area disturbed is 80.4 km2 and the CECA is 12.4% (Figure 3).

Further calculations on the difference between observed and predicted Qa in the post-disturbance
period show that forest change increased Q (ΔQf) by an average of 16.6 mm annually. In contrast,
climate variability played a more minor role in streamflow alteration, i.e. the Qmean change attributed
to climate (ΔQc) is 2.7 mm in the disturbance period (Table 4). As a result, the relative contribution
of forest change to the total change in Q (Rf) was 86.2% while the relative contribution of climate
variability (Rc) was 18.8%. As indicated, the breaking point was not determined visually from the
MDMC, but rather statistically using the Pettitt break point test. As a result, the calculated ΔQf and
ΔQc for an individual year fluctuates with large variations in climatic inputs (primarily P). There are
some dry years, when the observed line dips below the predicted in Figure 3 and the ΔQc is negative.
However, over the entire disturbance period, the calculated ΔQf and ΔQc are both positive.

Overall, the effects of climate variability on streamflow were much lower than those from forest
disturbance, indicating streamflow variations in the Deadman River watershed were mainly caused by
cumulative forest disturbance.

The disturbance period was further divided into five sub-periods to examine the temporal role
of forest disturbance and climate variability in streamflow. As shown in Table 4, the Rf and Rc to
streamflow showed temporal variations. For example, with less forest disturbance, the Rf was lower in
1995–1999 than in the other periods.

 
Figure 4. Modified Double Mass Curve (MDMC) of cumulative effective precipitation (Pae) versus
cumulative annual mean flow (Qa) in the Deadman River watershed from 1960 to 2012. The ‘Predicted’
line is from the linear equation shown on the graph. The breakpoint is in 1989.
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3.3.2. Sensitivity-Based Method

Similar to MDMC, results from the sensitivity-based method show an overall increase in Qmean

due to cumulative forest change. Here, the increases in Qmean attributed to cumulative forest
disturbance and climate variability in the period 1990–2012 were an average of 10.8 and 8.9 mm
respectively (Table 4). The Rf derived from the sensitivity-based method (86.2%) is lower than that
from the MDMC (54.7%). As with MDMC, the ΔQf and ΔQc for an individual year (or selected
period) will fluctuate depending on the climatic inputs for that time. For example, the MDMC method
calculated ΔQc −1.61 mm in the period 2000 – 2004, reflecting the lower than average P in four out of
five years in that period. The effect of forest disturbance is much more consistent with ΔQf greater than
zero in all selected periods. So although the results for an individual year may fluctuate, on average
across the whole disturbance period, the two methods clearly indicate that the cumulative forest
disturbance played a dominant role in Qmean variation.

Table 4. Results from Modified Double Mass Curve (MDMC) and sensitivity-based analyses. Where
ΔQ is the change in annual mean streamflow between the observed and predicted, ΔQf is the difference
in streamflow attributed to forest change, ΔQc is the difference in streamflow attributed to climate
variability, Rf and Rc are the relative contribution of forest change and climate variability to the total
change in Q in that period expressed as a percentage. CECA is the average cumulative equivalent
clear-cut area for the selected periods.

Method
Selected
Periods

ΔQ (mm) ΔQf (mm) ΔQc (mm) Rf (%) Rc (%) CECA (%)

MDMC

1990–1994 17.53 13.71 3.82 78.23 21.77 14.56
1995–1999 30.53 14.23 16.30 46.62 53.38 17.32
2000–2004 3.02 4.63 −1.61 74.18 25.82 18.21
2005–2009 21.57 19.71 1.85 91.40 8.60 32.43
2010–2012 27.12 34.20 −7.08 82.85 17.15 51.67
1990–2012 19.95 16.59 2.66 86.20 13.80 24.68

Sensitivity-based method 1990–2012 19.65 10.75 8.90 54.70 45.30 24.68

3.4. Separation of Effects Of Forest Disturbance and Climate Variability on High and Low Flows

The paired-year approach revealed that the cumulative forest disturbance consistently increased
Q5% and Q95%. The average high flow in the reference period (1962–1989) is 8.07 m3s−1 increasing
by 58% to 12.74 m3s−1 in the disturbance period (1990–2012) (Table 5), with a statistically significant
p-value. Similarly, the cumulative forest disturbance increased the average low flow by 19% from
0.26 to 0.31 m3s−1. These results are consistent with those from the cross-correlation analysis that also
showed a positive relationship between forest disturbance and high and low flows. So although there
is some uncertainty introduced in the paired-year approach by inexact matching of climate variables
in paired reference and disturbance years, the consistency with cross-correlation analysis strengthens
the result.

Table 5. Average high flow variable (Q5%) and low flow variable (Q95%) in the reference and disturbance
periods using the paired-year approach.

Flow (m3s−1) Q5% Q95%

Reference 8.07 0.26
Disturbance 12.74 0.31

Change (m3s−1) 4.67 0.05
Change (%) 58% 19%

p-value <0.001 <0.001
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4. Discussion

4.1. The Cumulative Effects of Forest Disturbance on Annual Mean Flow

In this study, cumulative forest disturbance has increased Qmean in the Deadman River watershed.
Both the MDMC and sensitivity-based methods derived similar results, giving a more robust answer
than one individual method. While the increase in Qmean is consistent with most other studies
in the region with a similar climate [22,36,61], some have found no significant change with forest
disturbance [23]. Zhang et al. [61] found no relationship between low CECA (<15%) and Qmean,
indicating that there may be no effect on Qmean with lower levels of disturbance. In two large
neighboring watersheds in British Columbia, Zhang and Wei [23] found contrasting responses after
high levels of forest disturbance, with the Willow watershed showing a significant increase in Qmean

while the Bowron did not. They attributed this to differences in topography, climate and the spatial
arrangement of harvesting. This variability highlights that the cumulative effects of forest disturbance
are likely watershed specific. Two recent global review papers investigated 162 large watersheds
(>1000 km2) [9] and 252 small (<1000 km2) [4] watersheds. These reviews identified that watershed
area, climate regime, and forest type are key factors that affect the hydrological response to cumulative
forest disturbance. As such, caution must be used when extrapolating results from one location to
another and from one time period to another.

4.2. Additive Effects of Cumulative Forest Disturbance and Climate Variability on Annual Mean Flow

Both cumulative forest disturbance and climate variability were found to increase Qmean in
the disturbance period, meaning that their effects are additive as opposed to offsetting. Here, the
term ‘additive’ signifies that both forest change and climate variability affect streamflow in the same
positive direction, it does not imply a simple additive relationship between the two drivers. Complex
interactions do exist as studies have shown the effect of disturbance on streamflow is less pronounced
at very high levels of rainfall [9,62]. In the Deadman River watershed since 1989, the combined
effect of cumulative forest disturbance and climate variability has increased Qmean by an average of
19.6 mm year−1. Of the other studies that have investigated the influence of both forest disturbance
and climate in this region, all have found that forest disturbance has increased Qmean while the climate
decreased Qmean [22,36,63,64]. For example, Wei and Zhang [22] found offsetting effect on Qmean

of climate and forest disturbance in the Willow River watershed, as did Li et al. [36] in the Upper
Similkameen River watershed. Zhang and Wei [65] found that forest disturbance increased Qmean by
48.4 mm year−1, while climatic variability offset this by decreasing Qmean by 35.5 mm year−1 in the
Baker Creek watershed. Zhang [63] found that the Willow, Baker, Moffat, and Tulameen watersheds
all had offsetting effects on Qmean of climate and forest disturbance.

This study is different, in that the MDMC and sensitivity analysis both found that climate has
increased Qmean, resulting in an additive rather than offsetting effect on Qmean. Although most studies
have found the climate in the interior of British Columbia to be getting drier, this depends on the period
chosen, as illustrated in Zhang and Wei [65] where the influence of the Pacific Decadal Oscillation
(PDO) affected the calculated climatic trend. Winkler et al. [8] found that the disturbance period in their
study of the Upper Penticton Creek was wetter and cooler than the calibration period, and attributed
this to the PDO. In the Deadman River watershed, time-trend analysis indicated that there was an
increasing trend in annual Tmean and PET, leading to the expectation that climate variability would
have decreased Qmean over the study period. Surprisingly, both the MDMC and sensitivity-based
method showed that climate variability increased Qmean over the disturbance period. The nearby
meteorological station ‘Kamloops A’ was used to confirm annual trends in P, Tmin, Tmax, and Tmean

derived from the ClimateBC data. Additionally, more detailed time-trend analyses were conducted
for the reference and disturbance periods separately (Figure S5). Results showed that Tmean increased
significantly over the entire study period, but in contrast, Tmean has a decreasing trend over the
disturbance period, with statistical insignificance. Unlike Tmean, P has an insignificant trend for all
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tested periods (Tables S4 and S5). Although the climate was getting drier over the entire period, there
was no significant trend during the disturbance period. As a result, climate variability may have
played a positive role in streamflow in the disturbance period. These findings also highlight the need
to understand the temporal climate variability in the specific study watershed.

4.3. The Cumulative Effects of Forest Disturbance on High and Low Flows

Cross-correlation analysis showed a positive relationship between disturbance and both low and
high flows. Similarly, the paired-year approach found that low and high flows increased significantly
by 20% and 58% respectively in the disturbance period. The positive relationship of low and high
flows to forest disturbance is consistent with most other studies of forest disturbance in neighboring
areas [29,35,36]. In the Upper Penticton watershed, Winkler et al. [8] found that while Qmean increased
by a small amount (5%) with disturbance, spring run-off (high flow) increased dramatically between
19% and29% and summer water yield (low flow) decreased by a similar magnitude. In a snow
dominated regime such as the Deadman River watershed, forest disturbance likely results in more
snow accumulation and earlier snow melt driven spring freshet [8,25], leading to an increase in high
flow [29,36]. Synchronisation of snow pack melt [23] or increased quick flow [66] may also contribute
to the increase in high flows. The increase in low flow with disturbance is likely due to a different
mechanism than high flow. Summer low flows may be increased by the reduced ET side of the water
balance equation, with lower growth removing less water from the soil, and consequently increasing
recharge [67]. Increased throughfall, infiltration and snowpack accumulation associated with canopy
removal can also increase soil moisture and recharge [68]. Winter harvesting practices in the area
reduce the soil compaction and associated loss of recharge, however diversion associated with roads
and skid trails can modify run-off pathways [26].

However, some studies in large watersheds show no or insignificant change to low flow with
forest disturbance. For example, Zhang and Wei [23] investigated low and high flows in two large
highly disturbed watersheds, finding that forest harvesting increased peak flows in one but not the
other and found no significant changes on low flow. A study in the Canadian Boreal forest found
that forest disturbance did not impact peak flow, but increased low flow [69]. Liu et al. [14] found
contrasting responses to reforestation in two large watersheds in China with one showing significant
and positive effects on low flows and the other not. Another study in subtropical China, found that
deforestation increased both low and high flows [42]. Wilk et al. [70] found no changes in hydrology
in the 12,100 km2 Nam Pong catchment in Thailand as forest cover was reduced from 80% to 27%.
The influence of forest change on low flow depends upon factors such as soils, previous land uses, and
climatic regime [30,31]. Soil properties such as porosity and organic matter content affect hydrological
processes such as infiltration, surface and subsurface run-off, and can amplify or mute the effects
of land use change [66]. For example, soils with a large holding capacity can dampen the effect of
vegetation removal, while soil compaction and degradation may limit hydrological recovery with
regeneration [31]. These contrary results highlight the watershed and region-specific nature of the
effect of forest disturbance on high and low flows.

4.4. Management Implications

Our results show that Q5% increases with greater CECA, implying that forest harvesting increases
high flows in this area. Consequently, if harvest rates are not limited, changes to the peak flow regime
could result in undesirable alterations to riparian ecosystems and aquatic habitat [29,71]. Much of the
BC interior is managed to a maximum logged CECA threshold of 20% to 30% [24] of the watershed
area, which is intended to serve as a coarse filter to identify watersheds that may have impacts from
harvesting [27]. Stednick [72] suggested that more than 20% of forest harvest in a watershed could
lead to significant annual streamflow change. However, in our study, the cumulative effects of forest
disturbance became apparent in the MDMC slope in 1989 at a CECA of 12.4%, indicating that the effects
of forest disturbance and climate may begin to affect some watersheds at a much lower CECA than is
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managed for currently in BC. Water use allocations, environmental flow needs, and forest management
all need to consider the long term trajectory of forest condition and climate, and their interactions.

5. Conclusions

This study assessed how two main drivers, cumulative forest cover change and climate variability,
have influenced streamflow in the Deadman River watershed. In the period 1990–2012, overall the
effects of cumulative forest disturbance and climate variability are additive, —both have increased
Qmean. Forest disturbance increased Qmean by an average of 14 mm and climate variability increased it
by 6 mm. Additionally, we found that forest disturbance increased low and high flows by 19% and
58% respectively. These insights provide an important contribution to the knowledge required for
effective forest and watershed management under a changing climate.
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Abstract: Water source is one of the most important concerns for regional society and economy
development, especially in the Weihe River basin which is located in the marginal zone of the
Asian summer monsoon. Due to the weakness of short instrumental records, the variations of
streamflow during the long-term natural background are difficult to access. Herein, the average
June–July streamflow variability in the middle reaches of the Weihe River was identified based on
tree-ring width indices of Chines pine (Pinus tabulaeformis Carr.) from the northern slope of the
Qinling Mountains in central China. Our model could explain the variance of 39.3% in the observed
streamflow period from 1940 to 1970 AD. There were 30 extremely low years and 26 high years which
occurred in our reconstruction for the effective span of 1820 to 2005. Several common dryness and
wetness periods appeared in this reconstructed streamflow, and other tree-ring precipitation series
suggested the coherence of hydroclimate fluctuation over the Weihe River basin. Some significant
peaks in cycles implied the linkages of natural forcing on the average June–July streamflow of
the Weihe River, such as the Pacific Decadal Oscillation (PDO) and El Niño-Southern Oscillation
(ENSO) activities. Spatial correlation results between streamflow and sea surface temperature in
the northern Pacific Ocean, as well as extremely low/high years responding to the El Niño/La
Nina events, supported the teleconnections. The current 186-year streamflow reconstruction placed
regional twentieth-century drought and moisture events in a long-term perspective in the Weihe River
basin, and provided useful information for regional water resource safety and forest management,
particularly under climate warming conditions.

Keywords: tree rings; Weihe River; streamflow variability; reconstruction

1. Introduction

Weihe River is the largest tributary of the Yellow River, China, with a basin area of 134,800 km2.
The length of the Weihe River is 818 km, crossing three provinces of Gansu, Ningxia, and Shaanxi
in the eastern part of the Northwest China [1,2]. The upper reaches locate in the semi-arid region of
eastern Gansu and southern Ningxia, and the middle and down reaches locate in the semi-humid
region of Shaanxi. Hydroclimate in the Weihe River basin is mainly influenced by the Asian summer
monsoon, and is sensitive to climate anomalies [3,4]. Total annual precipitation over the basin is about
573 mm, and most precipitation occurs in the summer rainy season. The mean natural discharge is
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10.4 × 109 m3, accounting for 17.3% of total annual runoff of the Yellow River. As the major water
source utilized for the middle and down reaches, the most important region of industrial–agricultural
production and ecosystem protection in Northwest China, the Weihe River plays an important role in
the sustainable development of Shaanxi province. The average water resources of the Weihe River
basin accounts for 17.4% of the total amount in Shaanxi, but it supports 63.6% of the population,
53% of the cultivated land area, 63.4% of the grain output and 64.8% of the gross domestic product
(GDP) of Shaanxi [5]. Compared to industrial water and domestic water consumption, the rate of
agricultural water is more than 60% of the total economic water consumption in the Weihe River in
Shaanxi Province based on the period of 1997 to 2013 [6]. However, due to the influences of human
activity and climate warming, water source availability has become a major limitation for regional
sustainability during the last decades [2]. The Weihe River runoff is mainly dominated by precipitation
which is strongly affected by the variations of the East Asian summer monsoon. The fluctuation
of runoff is consistent with variability in precipitation during dry and wet seasons on the annual
scale. Therefore, 415 reservoirs have been built in the middle and down reaches of the Weihe River
to effectively utilize water resources, with a total storage capacity of 2.202 × 109 m3 [7]. There are
274 irrigation divisions, including the areas of facilities irrigation and water-saving irrigation which
are 11.32 × 109 m2 and 71.95 × 109 m2, respectively [7]. In addition, previous study shows that the
synergistic effect of decreasing precipitation, increasing temperature, and increasing evaporation in
the Weihe River basin during the past decades has a negative influence on the runoff variations [8].
Therefore, human activities and climatic conditions mentioned above have significantly changed the
characteristics of runoff in the Weihe River.

Enhancing the understanding of regional hydroclimatical change mechanisms and runoff
evolution characteristics is an urgent requirement for assessing current water resources security
and future planning. However, relative shorter hydrological observations limit us in identifying
hydrological variability during long historical periods. Tree-rings have proved to be one of the
effective proxies for hydroclimatical changes study prior to the measured period, due to its wide
spatial distribution, high resolution with an exact calendar, and sensitivity to hydroclimate [9].

Several hydroclimatical studies based on tree rings have been performed in the Weihe River basin,
including seasonal precipitation reconstructions for the Huashan Mountain in the down reaches [10,11]
and Tianshui in the upper reaches of the river [3], as well as the drought variability estimation for the
Guiqing Mountain in Gansu province [12].

However, runoff or streamflow tree-ring reconstructions conducted in the Weihe River have not
been reported. In this research, the variations of streamflow in the middle reaches were studied using
tree-ring samples of Chinese pine collected from the Nanwutai area (NWT), northern slope of the
Qinling Mountains. The relationships between the radial growth of pines, streamflow, and climatic
factors are discussed. The driving mechanisms of hydroclimatical variability in the Weihe River basin
need to be explored in the context of climatic circulation systems on the regional or global scale.
Spatial correlation patterns between streamflow and sea surface temperature anomalies in key ocean
areas is an effective method to establish remote linkages. Knowledge of atmospheric–ocean–land
teleconnections could be of benefit in the assessment and prediction of hydrological and climate change
over the Weihe River basin. Therefore, the features of the extreme streamflow event and teleconnection
with remote climate forcing were also analyzed.

Our results provide the first hydrological reconstruction inferred from tree rings for the Weihe
River, which will be valuable for water resources management and planning in the future.

2. Materials and Methods

2.1. Tree-ring Data

Increment cores from Chinese pine (Pinus tabulaeformis) were collected at the Nanwutai area
(NWT) (33◦58′–34◦02′ N, 108◦57′–108◦59′ E, elevation 1500 m–1600 m), northern slope of the Qinling
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Mountains [13]. To reveal the representativeness of the tree growth–climate response, we collected
the cores at three sampling sites where old trees concentrated. A total of 94 samples were from
three groups, i.e., NWTa, NWTb, NWTc, 30 cores/17trees, 31 cores/18trees, and 33 cores/18trees,
respectively (Figure 1). All the samples were treated following the standard dendrochronological
procedures [14]. The ring-width was measured using the Lintab system with a precision of 0.01 mm
(www.rinntech.de), then each tree-ring series were given an accurate calendar year after cross-dating
process performed by the output of COFECHA software [15]. Then each dated ring-width series
was detrended and standardized to tree-ring width indices utilizing the ARSTAN software [16].
Negative exponential or linear regressions were applied to remove the age-related growth trends
for 91 cores, and 3 cores from two trees were treated by cubic smoothing splines. Standard tree-ring
width chronologies were established for NWTa, NWTb, NWTc and the variation and the sample depth
are shown in Figure 2. Similar variability features were displayed by three groups, and significant
correlation coefficients existed between three chronologies, i.e., 0.657 (p < 0.001, 1816–2005 for NWTa
and NWTb), 0.666 (p < 0.001, 1765–2005 for NWTa and NWTc) and 0.724 (p < 0.001, 1816–2005 for
NWTb and NWTc). Therefore, the regional standard chronology NWTabc were built based on 94 cores
from 53 trees for the study area (Figure 2). The full length of NWTabc covered the period of 1760 to
2005AD. The mean sensitivity and all series correlation were 0.193 and 0.448, respectively. Statistical
characteristics of the common span from 1880 to 2005 as follows, expressed population signal (EPS)
was 0.948, signal-to-noise ratio (SNR) was 18.146, and variance in the first eigenvector was 30.6%.
To make sure the reliability of the reconstruction, subsample signal strength (SSS) was used to identify
the adequacy of replication of NWTabc chronology [17]. We restricted the further analysis to the period
from 1820 to 2005 with the SSS value greater than 0.80, and the first year included 9 cores from 5 trees.

Figure 1. Map of the study area (black rectangle) and locations of the sample site (black tree) and
Xianyang hydrological station (black star).
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Figure 2. Single groups and composited regional tree-ring width standard chronologies (NWTa, NWTb,
NWTc, and NWTabc), and numbers of sample cores.

2.2. Climatic and Hydrological Data

Regional monthly average temperature and precipitation from CRU (Climate Reach Unit) TS4.01
grid data within the range of 34◦–35◦N and 107◦–109◦E [18], and monthly streamflow data of
the Xianyang hydrological station in the middle reaches of the Weihe River (108◦42′ E, 34◦19′ N,
with a catchment area 46,827 km2) provided by Hydrology Bureau of the Yellow River Conservancy
Commission were selected to explore the response relationships between trees’ radial growth and
climatic hydrological elements (Figure 1). The calculation results showed that the study area was cold
and dry in winter while hot and wet in summer, indicating East Asian monsoon climate characteristics
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(Figure 3). The average annual precipitation in the region was 642.59 mm, the maximum precipitation
121.97 mm occurred in July, and the minimum amount of precipitation in January was 4.25 mm
over the period 1940 to 2005. The annual average temperature was 11.63 ◦C, the highest and lowest
monthly average temperatures appeared in July (23.95 ◦C) and January (−1.38 ◦C), respectively.
Many water conservancy projects have been developed since the 1970s in the upper reaches of the
Weihe River, and natural runoff changes have been significantly affected by human activities [2,19].
Therefore, monthly streamflow during the period from 1940 to 1970 was selected for subsequent
analysis. The high-value period of the streamflow appeared from July to September during the
monsoon rain season (Figure 3). The maximum flow occurred in September, but not in July, indicated
that there was a lag effect in the river basin convergence process. It should be pointed out that the
streamflow in June was the smallest one during the growing period from May to October. The main
possible reason could be due to more evaporation loss relating to higher temperatures in June, resulting
in less runoff.

Figure 3. Monthly total precipitation (blue bar) and mean temperature (red circle) from CRU TS4.01
grid data within the range of 34◦–35◦N and 107◦–109◦E (1940–2005), and mean streamflow (green bar)
of Xianyang hydrological station (1940–1970).

2.3. Statistical Methods

The relationships between climate/streamflow factors and tree-ring width index were performed
using Pearson correlation analysis in this study [14]. Considering tree growth is affected by
environmental conditions in the present growing season, as well as by factors in the previous
year [14], previous October to current September data were selected for growth response analysis.
The linear regression model and split calibration–verification were employed to identify the reliability
of streamflow reconstruction [16]. Verification statistics of reduction of error (RE), coefficient of
efficiency (CE), and the sign test (ST) were given [16]. Positive values of RE and CE suggested the
regression model was valid and skillful for reconstruction. The ST demonstrated the numbers of
agreements and disagreements between the estimated and measured streamflow data [14]. All the
statistical results were performed using the software of Statistical Program for Social Sciences 19.
Cycles of the dominant oscillation signals in streamflow series were done by spectral analysis of the
multi-taper method (MTM) [20]. The MTM analysis could exactly reveal the signals of oscillation
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modes in reconstructed streamflow series based on a couple of tapers reducing the variance of spectral
estimates. Parameters including red noise background estimation with the resolution of 2 and taper
numbers of 3 were performed in this study [20]. To explore regional hydroclimatical variations and
teleconnections reflected by current streamflow reconstruction, spatial correlations of our reconstructed
streamflow with the gridded data including Standard precipitation evapotranspiration Index (SPEI)
on the four-month scale [21], self-calibrating Palmer Drought Severity Index (scPDSI) [22] and sea
surface temperature (SST) dataset of ERSST (Extended Reconstructed Sea Surface Temperature) v5 [23]
were conducted for the period 1901 to 2005 through the online tool of KNMI (The Royal Netherlands
Meteorological Institute) climate explorer (http://climexp.knmi.nl).

3. Results and Discussion

3.1. Climate/Streamflow-Growth Response

The responses of tree radial growth to climatic factors showed that the NWTabc chronology was
significantly positively correlated with precipitation in June (r = 0.572, n = 31, 1940–1970, p < 0.01),
significantly negatively correlated with temperature in June (r = −0.401, n = 31, 1940–1970, p < 0.05),
and not correlated with precipitation and temperature in July, indicating that the growth of Pinus
tabulaeformis was very sensitive to humidity conditions before the East Asian monsoon season started
in July. Due to the river basin convergence process which mainly includes precipitation, surface
infiltration, soil saturation, slope convergence, and river network convergence, a lag effect existed
in the response of river runoff forming to precipitation. Therefore, the regional tree-ring chronology
significantly correlated with the average June–July streamflow of the Weihe River, which inevitably
reflected the hysteresis effect. Significant correlations occurred between June–July streamflow, June
precipitation (r = 0.753, n = 31, p < 0.01) and June temperature (r = −0.568, n = 31, p < 0.05),
while no responses existed in July precipitation and temperature. Runoff reflected the combined
effects of climatic factors, such as temperature and precipitation, in the basin. Therefore, using the
tree-ring chronology to reconstruct the average June–July streamflow of the Weihe River had a reliable
physiological significance and physical basis (Figure 4).

3.2. Streamflow Reconstruction

Based on the analyses results mentioned above, the average June–July streamflow was
reconstructed following the transfer function: Qs = 309.208 × NWTabc − 140.02 (r = 0.627, n = 31,
F = 18.779, p < 0.0001), where Qs means the average June–July streamflow in the Weihe River.
The Durbin–Watson value 1.341 (p < 0.05) suggests no significant first-order autocorrelation in the
residuals of the regression model [14]. This function could explain the variance of 39.3% over
the observed streamflow period 1940 to 1970 (37.2% considering the loss of degrees of freedom).
The variations between reconstructed and observed streamflow agree quite well (Figure 5).

The reconstructed sequence reveals hydrological variability during the last 196 years in the Weihe
River. Reduction of error (RE) and Coefficient of efficiency (CE) were used to identify shared variance
between observation and reconstruction series, and both statistics had a theoretical range from −∞ to
+1. Positive RE and CE values demonstrated that the model was skillful and acceptable for streamflow
reconstruction. Statistics results indicate that RE (0.191, 0.271) and CE (0.142, 0.243) were positive in
both verification periods of 1960 to 1970 and 1940 to 1959, confirming our model is acceptable and
skillful for streamflow reconstruction (Table 1). The ST was applied to check the numbers of agreement
or disagreement signs between the paired observed and estimated departures from the series mean.
The ST in the calibration spans 1940 to 1959 (15+/5−), and 1960 to 1970 (9+/1−) were at the 0.05
significant level, and, particularly, the ST result (24+/7−) in the full span 1940 to 1970 was at the 0.01
significant level.
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Figure 4. Correlations of tree-ring standard chronology with monthly average streamflow (grey bar)
of Xianyang hydrological station (1940–1970) from the previous October (P10) to current September
(C9) at the 95% confidence level (triangle) and 99% confidence level (cross). P indicates previous year,
C indicates current year and C67 indicates the average June–July streamflow in the current year.

Table 1. Statistics of split calibration-verification for June–July streamflow reconstruction model.

Calibration Verification

Period r R2 ST Period r R2 RE CE ST

1940–1959 0.647 ** 0.419 15 * 1960–1970 0.672 * 0.451 0.191 0.142 9 *
1960–1970 0.672 * 0.451 9 * 1940–1959 0.647 ** 0.419 0.271 0.243 11
1940–1970 0.627 ** 0.393 24 **

* means p < 0.05, ** p < 0.01. RE means reduction of error; CE, coefficient of efficiency, and ST, sign test.
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Figure 5. Comparisons (a) between reconstructed (bold line) and observed (thin line) average June–July
streamflow during the period of 1940 to 1970, and (b) variations of the streamflow reconstruction
during the entire span of 1820 to 2005 for the middle reaches of the Weihe River (the bold line indicates
the 20-year low pass data, the horizontal line indicates the mean value and extremely high and low
values with one standard deviation).

3.3. Variation Features of Streamflow of the Weihe River

The estimated mean June–July streamflow was 168.01 m3/s, and the value of standard deviation
(SD) was 65.22 m3/s over the period of 1820 to 2005 AD. Extreme high and low years were determined
when the reconstructed values were higher or lower one SD than the long-term mean streamflow.
Based on these criteria, 30 extremely low years and 26 high years occurred in our reconstruction,
and they accounted for 16.13% and 13.98% of the entire period of the 186 years, respectively (Figure 5).
It should be noted that negative values were found in the two extremely lowest years of 1929
and 1998, suggesting the extremely dry conditions beyond the range of the calibration variations.
A similar situation occurred in the reconstruction of seasonal streamflow inferred from tree rings
in the Mongolian plateau [24]. We modified the negative values with zero in Table 2. The lowest
values appeared in eight years, including 1929 (<mean-2SD), 1998 (<2SD), 1835 (<2SD), 1996 (<2SD),
1997 (<2SD), 1926 (<2SD), 2000 (<2SD), and 1900 (<2SD). In particular, the highest year appeared
in 1946 with a value 372.65 m3/s (>mean+2SD), the other three higher years were 1953 (>2SD),
1956 (>2SD), and 1967 (>2SD). Low flow events lasting two-year or more occurred in 1834–1835,
1877–1878, 1900–1901,1926–1929, 1995–1998, 2000–2001, and 2003–2004, while high flow events
appeared in 1829–1831, 1843–1844, 1896–1897,1946–1948, 1953–1954, 1956–1967, 1964–1965, 1974–1975,
and 1983–1984. The low-frequency changes in reconstructed streamflow of the Weihe River showed
obvious fluctuations on the inter-annual to multi-decadal scales during the last two centuries (Figure 5).
Overall, the higher streamflow spans happened in the 1820s–1840s, 1890s, 1940s–1960s, and the lower
spans existed in 1860s–1870s, 1900s, 1920s–1930s, and 1990s–2000s. The significant magnitude of
streamflow variations presented from a moisture epoch in the 1950s to drought epoch in the 1990s.
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Table 2. Extreme events of reconstructed June–July streamflow of the Weihe River.

Year
Extreme Low
Value (m3/s)

Year
Extreme High Value

(m3/s)

1821 98.07 1829 265.97
1834 101.78 1830 268.13
1835 17.68 1831 233.50
1862 91.89 1843 264.11 b

1865 86.01a 1844 253.29
1867 67.46 1869 240.31
1877 55.40 a 1887 237.52 b

1878 64.68 a 1890 242.78 b

1891 96.21 a 1896 239.07 b

1900 29.12 a 1897 243.71
1901 63.44 a 1921 233.81 b

1908 61.89 1938 235.67
1912 98.38 a 1944 264.11
1926 22.00 a 1946 372.65 b

1927 96.83 1947 242.47
1928 65.91 1948 262.26
1929 0.00 1953 311.42 b

1960 78.59 1954 247.11
1966 100.85 a 1956 309.26 b

1979 77.04 a 1957 322.86 b

1988 76.43 1964 251.13
1992 95.29 a 1965 246.80
1995 58.49 1974 249.58 b

1996 18.91 1975 237.83 b

1997 19.22 a 1983 259.79
1998 0.00 1984 271.23 b

2000 28.19
2001 84.77
2003 69.00
2004 57.56

Note: a indicates the El Niño year; b indicates La Nina year.

Standard precipitation evapotranspiration Index (SPEI) and self-calibrating Palmer Drought
Severity Index (scPDSI) are widely used for dry and wet change studies in different regions and
time-scales around the world [25,26]. Considering the time lag effect of runoff to precipitation
and the multi-time scale properties of SPEI, four-month scale SPEI data were selected for analysis.
The spatial correlation results showed that the reconstructed June–July streamflow was significantly
positively correlated with both drought indices in the middle reaches of the Weihe River, indicating that
different indicators had a similar ability to capturing hydroclimatical variations (Figure 6). Therefore,
the reconstructed streamflow sequence could be proved to reflect regional hydrological variability in
the study area within the Weihe River basin. Less precipitation tended to result in lower streamflow.
Several extremely low values years (<1SD) were consistent with severe low precipitation events
occurring in the upper and down reaches of the Weihe River [3,10], including 1834, 1862, 1867, 1891,
1900, 1908, 1926, and 1928. The drought periods, such as 1851–1867, 1877–1883, 1899–1905, 1925–1941,
1995–2004, inferred from a tree-ring based April–July precipitation reconstruction for Tianshui,
the upper reaches of the Weihe River [3] almost coincided with the lower intervals 1860s–1870s,
1900s, 1920s–1930s, and 1990s–2000s existing in our June–July streamflow reconstruction. These results
supported the common hydroclimatical variations in the whole basin of the Weihe River.
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Figure 6. Spatial correlations between reconstructed average June–July streamflow (RECSTR67) for the
Weihe River and the drought indices of (a) scPDSI and (b) SPEI on the four-month scale during the
period 1901 to 2005 (p < 0.05). The sampling site marked by a green rectangle.

Previous studies had reported that the dryness and wetness conditions in northern China
including our Weihe River basin were related to the climate mode forcing, such as the Pacific
Decadal Oscillation (PDO) and El Niño-Southern Oscillation (ENSO) [27–30]. Spatial correlation of our
reconstructed streamflow with SST and MTM spectral analysis results demonstrated the connections
between June–July streamflow of the Weihe River and remote oceans (Figures 7 and 8).

 
Figure 7. Spatial correlations between reconstructed June–July streamflow for the Weihe River and the
average May–July sea surface temperature of NCDC ERSSTv5 during the period 1940 to 2005 (p < 0.1).
All trends in the data were removed. The sampling site marked by a green rectangle.

Significantly negative correlation areas occurred in the SST over the eastern Pacific Ocean along
the North America west coast. Meanwhile, positive correlation occurred in the central-north Pacific
Ocean (Figure 7) suggesting the streamflow variability may be modulated by the PDO. In the PDO
warm phase, negative precipitation abnormality causing more droughts occurred in North China due
to the weak summer monsoon and the strong subtropical high with its position locating far to the south
and west [31], whereas positive precipitation abnormality occurred in the middle and down reaches of
the Yangtze River and South China associating with more flood conditions [27,32,33]. During the cold
phase, the situations were opposite [34].
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Significant spectrum peaks of June–July streamflow at 78.74a (p < 0.1), 72.99a (p < 0.1), 68.49a
(p < 0.1), 64.10a (p < 0.1), 60.24a (p < 0.1), 35.34a (p < 0.1), 34.13a (p < 0.1), 27.70a (p < 0.1), 26.95a
(p < 0.1), 26.25a (p < 0.1), 25.58a (p < 0.1), falling in the range of 50 to 70a as well as 20 to 30a variability
of the PDO, supported the close linkages between of the Weihe River and north Pacific ocean on the
multi-decadal scales.

Figure 8. Cycles results of multi-taper spectrum (MTM) analyses for reconstructed June–July
streamflow for the period 1820 to 2005. The confidence interval at 99%, 95%, and 90% for peaks
in the power spectrum was indicated by the red, green, and blue lines.

Significant short cycles were also identified at 10.24a (p < 0.05), 10.14a (p < 0.05), ~8.98–9.66a
(p < 0.01), ~3.75a (p < 0.01), ~2.62 a (p < 0.01), and ~2.09a (p < 0.01). Particularly, the ~2–3a periods
suggested the strong teleconnections between streamflow variations in the Weihe River and ENSO.
The similar frequency cycles had been revealed in other precipitation reconstructions obtained from
tree rings in Tianshui [3] and Huashan [10], two studies conducted in the upper reaches and down
reaches of the Weihe River, respectively. The PDSI variations over central and southern parts of
Shaanxi province and the southeastern Gansu province, i.e., the Weihe River basin, showed an inverse
relationship with the Niño 3.4 index in the period 1960 to 2009 [35]. Reconstructed events of the El Niño
and La Nina for the period from 1525 to 2002AD provide another evidence that the extreme dryness
(lower streamflow value) or wetness (higher streamflow value) conditions reflected the positive or
negative phase of ENSO (Rable 2) [36]. Twelve El Niño and 12 La Nina events occurred in the estimated
June–July streamflow series, accounting for 40% of the extreme dryness years and 46.15% of the extreme
wetness years, respectively. Several lower streamflows in our reconstruction also were also consistent
with the El Niño events identified for eastern Northwest China based on the Niño 3.4 index mentioned
above, including 1966, 1992, 1997, and 2003. Two higher streamflow years coincided with the La Nina
events in 1974 and 1975 [35].

The close relationships between hydroclimatical fluctuations in proximity to the Weihe River
basin and remote oceans driving, such as the PDO and ENSO, have been demonstrated from several
dendrohydrologial studies in the main tributaries of the Jinghe River, i.e., Kongtong Moutain [37] and
Luohe River, i.e., Huanglong [38] within the Weihe River basin.
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4. Conclusions

A robust regional tree-ring width chronology with the period from 1760 to 2005 AD was developed
based on three groups samples of Chinese pine for the middle reaches of the Weihe River, in Central
China. The highest significant correlation existed between regional chronology and average June–July
streamflow. Therefore, a simple regression model was designed, and 39.3% of the actual variance
for the calibration 1940 to 1970 AD was explained. Verification statistics proved the regression
model was reliable and skillful to hydrology study for the confidence span from 1820 to 2005 AD.
During the past 186 years, extremely low and high flow events occurred in 30 years and 26 years,
respectively. The higher streamflow periods of 1820s–1840s, 1890s, 1940s–1960s, and the lower periods
of 1860s–1870s, 1900s, 1920s–1930s, 1990s–2000s were identified. The significant decreasing trend
occurred in the form moisture epoch in 1950s to the drought epoch in 1990s during the second half
of the 20th century. Commonly, regional drought and moisture intervals captured in our streamflow
reconstruction suggested it is representative of regional hydroclimate conditions over the Weihe
River basin area. Significant spectral peaks were found on the multi-decadal and inter-annual scales,
in the range of the bandwidths for natural climate oscillations, such as the PDO and ENSO. Spatial
correlation patterns between streamflow and northern Pacific sea surface temperature, in addition to
extreme streamflow events coinciding with the phase of ENSO activity, demonstrated the opposite
relationships of regional streamflow variability with large-scale circulation systems mentioned above.
This is the first hydrological reconstruction obtained from tree rings for the Weihe River. Our results
demonstrate that there is great potential for recovering the characteristics and mechanisms of long-term
hydrological changes in the Weihe River basin based on the relationships between the radial growth
of trees and hydrological climatic factors. The reconstructed June–July streamflow results provide a
new perspective for regional water resource assessment and forest protection in the Weihe River basin,
which is useful to improve the adverse impacts of regional water cycles caused by global warming.
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Abstract: Fruit tree planting is a common practice for alleviating poverty and restoring degraded
environment in developing countries. Yet, its environmental effects are rarely assessed. The Jiujushui
watershed (261.4 km2), located in the subtropical Jiangxi Province of China, was selected to
assess responses of several flow regime components on both reforestation and fruit tree planting.
Three periods of forest changes, including a reference (1961 to 1985), reforestation (1986 to 2000)
and fruit tree planting (2001 to 2016) were identified for assessment. Results suggest that the
reforestation significantly decreased the average magnitude of high flow by 8.78%, and shortened
high flow duration by 2.2 days compared with the reference. In contrast, fruit tree planting
significantly increased the average magnitude of high flow by 27.43%. For low flows, reforestation
significantly increased the average magnitude by 46.38%, and shortened low flow duration by
8.8 days, while the fruit tree planting had no significant impact on any flow regime components of
low flows. We conclude that reforestation had positive impacts on high and low flows, while to our
surprise, fruit tree planting had negative effects on high flows, suggesting that large areas of fruit tree
planting may potentially become an important driver for some negative hydrological effects in our
study area.

Keywords: reforestation; fruit tree planting; flow regimes; high flows; low flows

1. Introduction

The relationship between forest cover changes and streamflow has long been a heated topic in
forested regions [1–3]. Over the past decades, numerous reviews have been made on the effects of
forest change on annual mean flow [4–9]. However, research on the impacts of forest change on flow
regimes is rather limited [10–13]. Flow regime is composed of five elements: magnitude, duration,
timing, variability and frequency [11,14], and the alteration of any element can affect aquatic habitat
and biodiversity, as well as ecosystem integrity [15–17]. For example, changes in magnitude and
frequency are likely to affect the transport of organic matter and sediments, while changes in flow
timing and duration could lead to interference of salmon spawning, and consequently salmon life
cycle [11,18]. Therefore, there is a critical need to study how forest cover changes may affect flow
regime components where large forest cover change occurs.

Forests 2019, 10, 212; doi:10.3390/f10030212 www.mdpi.com/journal/forests137



Forests 2019, 10, 212

Reforestation or afforestation is considered as one of the effective measures to address
environmental degradation and climate change impact [19]. To alleviate poverty and environmental
degradation, many rural communities in China, particularly in southern China, often grow fruit trees
to increase short-term economic benefits and prevent soil erosion. However, forest structures and
management strategies resulting from fruit trees and nature forest stands are different. It is still not
clear whether fruit tree stands have as similar hydrological functions as natural forests do. Due to
more frequent floods and drought events occurring in reforested regions [20], there is a growing
concern over the possible negative effects of large-scale fruit tree planting on hydrological functioning.
As such, understanding this research topic can support watershed management decisions regarding
the relationships between reforestation and water resources.

High and low flows play an important role in the structural composition and function
maintenance of riverine aquatic ecosystems by shaping the geomorphologic features of channels
and floodplains [10,11,17]. High flow is an indicator of the intensity of floods, and of great significance
for public safety. Similarly, low flow regimes are closely related to the functions and structures of
riparian plant species [21,22]. Assessing the effectiveness of different forest restoration strategies such
as reforestation and fruit trees planting on high and low flows can provide important insights into
understanding hydrological processes in forested watersheds.

Jiujushui watershed (261.4 km2) is located in the subtropical region of China. Over the past
decades, it has experienced dramatic changes in forest cover, including a forest degradation period in
1960s, reforestation from 1986 to 2000, and fruit tree planting since 2001. In particular, the area of fruit
tree planting has been greatly increased over the past 10 years. Such a dramatic forest cover change in
the watershed provides a unique opportunity for studying the effects of various reforestation strategies
on hydrology. Therefore, the main objective of this study was to the examine whether reforestation
and fruit tree planting have led to significant changes in high and low flow regimes in the Jiujushui
watershed, and if so, how big the changes have been.

2. Materials and Methods

2.1. Study Area

The Jiujushui watershed, located in the upper reach of Fu River, is one of the main tributaries of
the Poyang Lake basin of Jiangxi Province in the southeast of China (Figure 1). The watershed has
a drainage area of 261.4 km2 with the range of slope from 0◦ to 50◦, a main channel drainage length
of 41.8 km and an average elevation of 231 m (Figure A1a,b). Red soil, yellow-red soil and mountain
yellow soil are the main soil types. Red soil is normally distributed in hilly areas with elevations as low
as 500 m below sea level, while yellow-red soil is distributed in areas with an altitude of 500 to 800 m
and mountain yellow soil is located in areas with an altitude of more than 800 m. Furthermore, red
soil varies with soil depth: A horizon, B horizon and C horizon (Csv). Within the humid subtropical
monsoon zone, Jiujushui watershed received an average annual precipitation of 1780 mm between
1961 and 2016, with 855 mm (48.0%) in the wet season from April to June and 225 mm (12.6%) in
the dry season from September to November. Annual mean, maximum and minimum temperatures
are 18.4 ◦C, 34.8 ◦C (in July) and 2.8 ◦C (in January), respectively (Figure 2). The major land cover
types include forest land, farmland and urban. Based on historical land use data, the changes in
farmland and urban only accounted for <3.5% (1962–2006) and 0.2% (1996–2005) of the watershed
area, respectively, while forest cover change occurred from 36.4% to 77.1% between 1985 and 2016
(reforestation and fruit tree planting).
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Figure 1. Location of the Jiujushui watershed.

Figure 2. Average monthly precipitation and streamflow from 1961 to 2016, with maximum and
minimum temperatures from 1961 to 2011 in the Jiujushui watershed.

2.2. Data Collection

Stream flow data (1961–2016) used in this study were collected from Shuangtian hydrometric
station (Station ID: 62406200) as part of the Chinese National Hydrological Network. Maximum and
minimum daily flows were 396 m3s−1 (2002) and 0.16 m3s−1 (1963), respectively. The annual streamflow
varied from 414.2 mm in 1963 to 1820.5 mm in 2016, with an annual mean discharge of 1080.2 mm
from 1961 to 2016 (Figure A2). Historical climate data from 1961 to 2011, including daily precipitation
and daily maximum, mean and minimum temperatures, were obtained from the Climate Center of
Jiangxi Province.

Forest data (forest coverage data and area of fruit tree planting) were obtained from historical
forest resources inventory in Nanfeng County. The major forest types included protection forest,
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timber forest and economic forest, among which Pinus massoniana, Cunninghamia lanceolata, citrus
and Phyllostachys heterocycla (Carr.) Mitford cv. pubescens were dominant species in plantation forests.
The typical planting density for fruit trees (citrus) in the study watershed is 3.5 m × 4.5 m.

2.3. Defining the Periods of Forest Changes

The watershed experienced two distinct forest cover changes over the period of 1961 to 2016.
From 1961 to 1985, forest coverage in Jiujushui watershed declined by only 6.3%. Thereafter,
a sharp increase of 40.7% from 1986 to 2016 attributed to the Sloping Land Conversion and
Mountain-River-Lake Ecological programs in Jiangxi Province, during which fruit tree planting
exponentially expanded after 2000 (Figure 3). Therefore, the whole research period was divided
into three sub-periods—forest degradation (or the reference period from 1961 to 1985), reforestation
(1986–2000) and fruit tree planting (2001–2016)—based on the historical forest changes. It should be
noted that the forest degradation period includes 6.3% of forest cover change. Stednick [2] stated that
at least of 10~20% change in the watershed area is needed to produce significant hydrological changes.
In addition, such a minor change occurred over the 20 years, without significant hydrological effects,
that the forest degradation period (1961 to 1985) was treated as the reference or baseline period.

Figure 3. Forest changes (forest coverage and fruit tree planting) in the Jiujushui watershed.

2.4. Defining High and Low Flow Regimes

In this study, high and low flows are defined as the flows that are equal or more than Q5%, or equal
or less than Q95%, in a given year, respectively, through flow duration curves, which represent the
relationship between discharges and percentages of discharges below or exceed certain levels for a
given time period [10,23,24].

The flow regime includes five elements, which are magnitude, timing, duration, variability and
frequency [11]. In this study, magnitude refers to the total amount of water moving through the outlet of
the watershed in a given time. The time interval between rainfall peaking and flow peaking represents
the timing of high flow, while timing for low flow refers to the average date of low flow occurrence in
a year using the paired-wise approach (see the next section) [20]. Duration is defined as the number of
days in which daily flow exceeded or was below a given magnitude: high flows refers to the number of
days when daily flow exceeded or equaled median value in a given year, while duration of low flows
refers to the number of days with daily flow below or equal to median value in a given year. Variability
is denoted by the coefficient of variation (CV). Frequency represents how often flow exceeded or was
below a given magnitude or return period of high and low flows. Using flood frequency analysis
combined with Log-Pearson Type III for analyzing return periods [20,25,26], we divided the return
periods of high and low flows into four types: Tr ≤ 1, 1 < Tr ≤ 2, 2 < Tr ≤ 5 and 5 < Tr ≤ 10 according
to the data, where Tr represents the return period.
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2.5. Elimination the Effect of Climate Factors on High and Low Flows with The Paired-Year Approach

To minimize the effects of climate variability on high and low flows, the paired-wise approach was
used [10,23,24,27], which compares the flow regimes in forest change periods against the reference period
under similar climate conditions. As such, the differences between two periods are mainly attributed
to forest cover change. In this study, seasonal (wet = April–June, and dry = December–February) and
annual precipitation, mean, maximum and minimum temperatures and wind speed were selected as
proxies to represent climate conditions over these periods. Firstly, Kendall’s Tau and Spearman’s Rank
were conducted to examine statistical relationships between seasonal and annual climate variables,
as well as hydrological variables. As shown in Table A1, annual precipitation (P) and wet-season
precipitation (Pw), as well as maximum (Tmaxw) and average temperature (Tavew) in the wet season were
significantly correlated with high flows, while P, Pw, Tmaxw and Tmax were significantly correlated with
low flows, where subscript w denotes wet season. Secondly, canonical correlation analysis was used
to examine the correlations between two sets of variables, and was elected to determine the highest
correlations between sets of climate variables and sets of high and low flows [24]. As a result, Pw, Tmax,
Tmaxw and Tavew were eventually determined as proxies for similar climate conditions between the
reference and reforestation periods during low and high flows (Table A2). Finally, climate variables
between the reference and reforestation periods, and between the reference and fruit tree planation
periods, were selected (Table A3). It should be noted that high flows are normally associated with storm
events. Therefore, the different timings of high flows were selected based on the similarity of storm
events in the forest cover change periods (Table A4).

3. Results

3.1. Responses of High Flows to Reforestation and Fruit Tree Planting

3.1.1. Magnitude

The average magnitude of high flows in the reference period (1961–1985) and reforestation
period (1986–2000) was 44.76 m3s−1 and 40.83 m3s−1, respectively. High flows were significantly
reduced by 8.78% (p = 0.018) when compared to the reference period (Figure 4a). Conversely, the
average magnitude of high flows in the fruit tree planting period (2001–2016) was increased by 27.43%
(p = 0.044) in comparison with the reference period (Figure 4b).

Figure 4. Comparison of the magnitudes of high flows (a) between the reference and reforestation
periods, and (b) between the reference and the fruit tree planting periods.
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3.1.2. Timing

Rainfall events from 25 to 75 mm were selected to find the time intervals between rainfall peaking
and flow peaking (Table A4). No statistically significant relationships were detected between forest
changes and average timing of high flows in the reforestation period (p = 0.136) and the fruit tree
planting periods (no delay), respectively.

3.1.3. Duration

The analysis from all paired years revealed that the average duration of high flows in the
reforestation period was significantly shortened by 2.2 days (p = 0.033) than that in the reference
period (Figure 5). In contrast, the average duration of high flows was not statistically altered in the
fruit tree planting period (p = 0.235), but varied with events.

Figure 5. Reference period vs. reforestation period: comparison of the duration of high flows.

3.1.4. Frequency

Compared with the reference period, the reforestation and fruit tree planting periods had no
significant effects on the return periods of Tr ≤ 1, 1 < Tr ≤ 2, 2 ≤Tr ≤ 5 and 5 ≤Tr ≤ 10 of high flows,
respectively (p = 0.260 and p = 0.155, respectively).

3.1.5. Variability

The reforestation and fruit tree planting periods had no statistically significant impacts on the
average CV of high flows (p = 0.911 and p = 0.326, respectively).

3.2. Responses of Low Flows to Reforestation and Fruit Tree Planting

3.2.1. Magnitude

The average magnitude of low flows in the reforestation period was 46.38% (p = 0.026) higher than
that in the reference period (Figure 6). In contrast, the magnitude of low flows was not significantly
altered in the fruit tree planting period (p = 0.234).

142



Forests 2019, 10, 212

Figure 6. Reference period vs. reforestation period: comparison of the average magnitude of low flows.

3.2.2. Timing

Reforestation and fruit tree planting had no statistically significant impact on the average timing
of low flows (p = 0.975 and p = 0.108, respectively).

3.2.3. Duration

The average duration of low flows in the reforestation period was significantly longer (p = 0.007)
than that in the reference period. On the contrary, the average duration of low flows was insignificantly
related to fruit tree planting (p = 0.085). As an example, for the paired years of 1968 and 1994, the daily
flows (below or at 1.93 m3s−1) in 1968 (reference year) and in 1994 (reforestation year) were 18 and
0 days, respectively (Figure 7).

Figure 7. Comparison of the duration of low flows between a reference year (1968) and reforestation
year (1994) (please refer to the definition of flow duration in the text for further clarification).

3.2.4. Frequency

Reforestation and fruit tree planting had insignificant impacts on the return periods (1 < Tr ≤ 2,
2 < Tr ≤ 5, 5 < Tr ≤ 10) of low flows (p = 0.231 and p = 0.111, respectively).

3.2.5. Variability

The CV of low flows was not significantly related to either reforestation or fruit tree planting,
indicating that those two forest practices had similar impacts on the CV of low flows (p = 0.499 and
p = 0.689, respectively).
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4. Discussion

4.1. Effects of Reforestation on High and Low Flows

In the study watershed, reforestation significantly decreased the magnitude and duration of high
flows, which is consistent with the general conclusion from other studies [23,28–30]. The reduction
of high flows means lower probability of flood occurrence. Reforestation increases leaf area,
evapotranspiration and canopy interception of rainfall, and consequently results in reduction of
high flows and surface runoff [31]. On the other hand, reforestation enriches the vertical spatial
structure of forest ecosystems, abundant understory vegetation and litter layers that can effectively
absorb and store water, reducing peak flows [32,33].

Our results also indicated that reforestation had significantly reduced the magnitude and
duration of low flows, which are similar to the findings reported in other studies [34–36].
Reforestation can restore the infiltration capacity and water retention ability of soil [23,37,38], increase
soil moisture content and groundwater recharge and consequently enhance low flows [39,40]. However,
the significant changes in the other flow regime components of low flows were not detected in the
reforestation period. This may have been due to the slow forest recovery of soils after severe soil
erosion occurred in the reference or forest degradation periods [20].

4.2. Effects of Fruit Tree Planting on High and Low Flows

To our surprise, our results indicated that fruit tree planting significantly increased the magnitude
of high flows in comparison with the baseline, suggesting that fruit tree planting had negative effects
on high flows as the increased high flows produce a higher chance of flooding. Unlike reforestation,
fruit tree planting is a distinct planting activity. Fruit tree planting often disturbs the ground surface
and reduces surface roughness through intensive land management measures such as soil preparation
and removal of understory vegetation and litter layers. As a result, the water-holding capacity of
understory vegetation is impaired, which could lead to increased surface runoff [41–44]. Furthermore,
removal of weeds and litter can damage the ground surface structure and consequently reduce rainfall
infiltration and increase soil and water loss [45].

Our study showed that fruit tree planting had no significant impact on all flow regime components
as compared with the reference period. This demonstrates that fruit tree planting did not significantly
improve low flows. This is contrary to our expectation, as fruit tree planting is normally expected to
play a positive role in soil and water conservation due to the increasing of forest cover. This finding
is likely due to intensive land management and resultant reduction of soil infiltration capacity.
For instance, some studies demonstrated that the intensive land management in the process of
vegetation planting may degrade soil and alter soil infiltration capacity [46], making it impossible for
rainfall to infiltrate, and leading to a decrease of soil moisture and groundwater recharge [47].

4.3. Contrasted Differences

Both reforestation and fruit tree planting can greatly improve forest coverage. However, their role
in flow regimes of high and low flows are different. Our study showed that reforestation had significant
and positive effects on the restoration of hydrological processes, while fruit tree planting significantly
increased the magnitude of high flows and chance of flooding. Thus, fruit tree planting mainly showed
negative effects on flow regimes (Table 1), which is contrary to what we previously anticipated.

The contrasted difference in the responses of flow regimes between the reforestation and the fruit
tree planting periods in our study was mainly due to vegetation types and associated management
practices [48]. In the study watershed, forest types for reforestation were mainly arbor, while fruit tree
species is similar to shrubs due to their similar heights and leaf areas. Lu et al. [49] demonstrated that
the runoff magnitude of shrubs was higher, and runoff generation time of shrubs significantly earlier,
than arbor. Furthermore, forest stands through reforestation often have well-established understory
vegetation and litter layers, while fruit tree planting allows limited understory vegetation and litterfall
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due to control of weeds from intensive management. Our finding is consistent with Huang et al. [45],
who suggested that single-type citrus orchards and farming can significantly increase surface runoff
compared with natural vegetation restoration. Thus, vegetation types and associated management
practices are critical to flow regimes

Table 1. The effects of forest changes on flow regimes in the Jiujushui watershed.

Flow Regime Components

Period Magnitude Timing Duration Frequency Variability

Reference period vs.
reforestation period

High flows ↓ * - ↓ * - -
Low flows ↑ * - ↓ ** - -

Reference period vs. fruit
tree planting period

High flows ↑ * - - - -
Low flows - - - - -

* p ≤ 0. 05, ** p ≤ 0.01.

4.4. Uncertainty Analysis

There are several uncertainties in this study. Firstly, the paired-wise method has its own strengths
and limitations. The current literature indicates that the paired-wise approach is an effective assessment
technique for large watersheds (>100 km2). However, its accuracy is largely dependent on the data used
to select suitable and comparable pairs. In this study, the combination of Kendall’s Tau, Spearman’s
Rank and canonical correlation over the different seasons ensured that our selected climatic variable
was significantly related to both high and low flows. Although annual and seasonal climatic variable
were considered, more climate variables in shorter time intervals could be included for better selection
in this approach. Secondly, the effects of forest cover change on hydrology are cumulative, which mean
that such effects can be prolonged over a long period of time. In this study, averaged hydrological
effects between the reference and reforestation or fruit tree planting periods were assessed, which did
not differentiate the dynamic and cumulative nature of hydrological effects over the study period.
Finally, our study detected significantly negative effect on high flows. This might be related to several
mechanisms including site preparation, control of weeds or other human activities. Further studies are
needed to understand their relative effects so that the negative hydrological effects caused by fruit tree
planting can be minimized. Despite the negative effects on high flow, its effects on the other studied
hydrological variables were insignificant in this study, suggesting that the hydrological effects of fruit
tree planting may be more complicated than we previously thought, which need more attention.

5. Conclusions

Our results show that reforestation has positive effects on high and low flow regimes, while fruit
tree planting has negative effects on high flows in our studied watershed. The negative hydrological
effects from fruit tree planting suggest that fruit tree planting may not always provide environmental
benefits as previously expected, even though it increases forest coverage. To restore soil and water
functions in the degradated areas of subtropical regions, caution must be exercised when selecting
vegetation types and management practices. It also highlights future studies are needed to fully assess
possible contributing mechnisms to increasing of high flows caused by fruit tree planting.
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Appendix A

Table A1. Correlation analysis between hydrological variables and climate factors.

Annual P Tmax Tmin Tave Wind Speed

M-K S M-K S M-K S M-K S M-K S
High flow 0.558 ** 0.767 ** −0.173 −0.267 0.074 0.12 −0.081 −0.119 0.048 0.07
Low flow 0.516 ** 0.704 ** −0.202 * −0.282 * 0.103 0.148 −0.105 −0.148 0.04 0.027

Wet seasons Pw Tmaxw Tminw Tavew Ww

M-K S M-K S M-K S M-K S M-K S

High flow 0.640 ** 0.831 ** −0.282 ** −0.352
** −0.040 −0.059 −0.193

* −0.246 −0.051 −0.054

Low flow 0.551 ** 0.739 ** −0.230 * −0.287 * 0.010 0.030 −0.143 −0.173 −0.041 −0.054

Dry season Pd Tmaxd Tmind Taved Wd

M-K S M-K S M-K S M-K S M-K S
High flow 0.009 0.017 0.052 0.081 −0.021 −0.030 −0.016 −0.008 0.011 0.017
Low flow −0.092 −0.142 −0.040 −0.068 −0.117 −0.170 −0.092 −0.118 0.057 0.081

Note: P, Tmax, Tave and Tmin are annual mean precipitation, maximum, average, minimum, respectively; Pw and
Pd are wet season precipitation (April–June) and dry season precipitation (December–February). M-K and S refer to
the methods of Mann–Kendall and Spearman correlation. Significance level set at 0.05, * p ≤ 0.05, ** p ≤ 0.01.

Table A2. Canonical correlation analysis between hydrological variables and climate factors.

Canonical R
Hydrological Variable Set

(High and Low Flows)

Climate variables sets

Set 1 (P, Tmax,) 0.774 **
Set 2 (P, Tmaxw, ) 0.774 **
Set 3 (P, Tavew) 0.774 **

Set 4 (P, Tmax, Tavew) 0.774 **
Set 5 (P, Tmaxw, Tavew) 0.793 **
Set 6 ((P, Tmax, Tmaxw) 0.778 **

Set 7 (P, Tmax, Tmaxw, Tavew) 0.795 **
Set 8 (Pw, Tmax) 0.842 **

Set 9 (Pw, Tmaxw) 0.842 **
Set 10 (Pw, Tavew) 0.841 **

Set 11 (Pw, Tmax, Tavew) 0.846 **
Set 12 (Pw, Tmaxd, Tavew) 0.844 **
Set 13 ((P, Tmax, Tmaxw) 0.845 **

Set 14 (Pw, Tmaxw, Tmaxw, Tavew) 0.847 **

* p ≤ 0.05, ** p ≤ 0.01.

Table A3. Climate and flow variables of paired years in the Jiujushui watershed.

Selected Year Paired Year Pw/mm Qw/mm Tmax/◦C Tmaxw/◦C Tavew/◦C

Reference period vs.
reforestation period

1968 1994 1083.1 1072.4 469.6 650.3 24.1 23.6 27.2 28.5 21.8 23.4
1979 1990 609.1 614.9 278.1 284.7 24.2 23.5 26.8 27.3 21.9 22.1
1964 1986 668.3 650.8 387.8 335.4 23.7 24.0 27.7 28.2 23.1 23.1
1979 1987 609.1 635.3 278.1 250.7 24.2 24.1 26.8 27.3 21.9 22.1
1968 1998 1083.1 1105.1 469.6 611.8 24.1 24.6 27.2 29.3 21.8 23.9
1974 2000 722.2 721.6 230.7 351.7 23.6 23.3 28.5 28.0 23.0 22.8
1965 1993 865.6 790.4 349.2 344.1 23.6 23.6 26.4 26.9 21.4 22.1
1966 1996 874.3 852.8 512.5 416.8 24.3 23.6 27.0 26.8 21.8 21.7
1982 1994 978.3 1072.4 669.0 650.3 23.3 23.6 26.8 28.5 21.6 23.4
1981 1995 857.9 849.0 653.3 431.4 23.3 23.5 27.2 27.2 22.1 22.3
1972 1993 819.9 790.4 283.8 344.1 23.3 23.6 26.9 26.9 21.9 22.1
1978 1987 689.4 635.3 347.9 250.7 24.2 24.1 27.1 27.3 21.9 22.1
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Table A3. Cont.

Selected Year Paired Year Pw/mm Qw/mm Tmax/◦C Tmaxw/◦C Tavew/◦C

Reference period vs.
fruit tree planting period

1975 2001 1090.4 1071.2 690.4 745.3 23.1 24.0 26.6 27.2 21.8 22.3
1963 2007 539.6 550.6 122.4 273.7 24.9 24.8 29.0 28.5 23.3 22.2
1980 2012 1038.3 1029.0 662.8 591.2 23.2 27.5 22.2
1980 2002 1038.3 1012.8 662.8 668.6 23.2 24.4 27.5 28.8 22.2 23.2
1964 2003 668.3 643.0 387.8 371.6 23.7 25.3 27.7 28.4 23.1 23.0
1966 2006 874.3 894.6 512.5 584.4 24.3 24.2 27.0 27.7 21.8 22.2
1982 2005 978.3 984.3 669.0 651.0 23.3 23.7 26.8 29.2 21.6 23.9
1976 2015 852.1 816.0 543.7 348.5 22.9 26.3 21.6
1969 2002 1025.1 1012.8 359.1 668.6 23.3 24.4 28.2 28.8 22.8 23.2
1973 2005 991.1 984.3 760.3 651.0 23.5 23.7 26.9 29.2 22.4 23.9
1969 2012 1025.1 1029.0 359.1 591.2 23.3 28.2 22.8
1985 2009 485.6 461.3 245.8 134.3 23.1 25.0 28.3 29.1 22.9 23.3

Pw and Qw refer to precipitation and streamflow in the wet season, respectively.

Table A4. The pairs of rainfall events in the Jiujushui watershed.

Period
Selected Rainfall

Events
Paired Rainfall

Events
Peak Rainfall

Antecedent Rainfall
(3-Day Average)/mm

Time
Interval/Day

Reference period vs.
reforestation period

1976 20 Apr–26 Apr 1986 24 Mar–29 Mar 26.4 26.3 0 0.9 0 1
1964 16 May–22 May 1987 8 Sep–14 Sep 33.9 33.4 0.8 1.3 0 0

1964 10 Jan–15 Jan 1990 19 Feb–25 Feb 45 45.1 0.2 1.8 1 1
1967 18 May–23 May 1991 18 Mar–23 Mar 52.5 51.6 0.1 0.4 0 1
1962 14 Apr–20 Apr 1992 27 May–2 Jun 34.7 35 0.2 1.6 0 2
1976 10 Oct–16 Oct 1993 11 May–17 May 32.6 32.9 0.2 0 1 0

1976 12 May–18 May 1994 7 May–13 May 29.1 29 0.8 0 1 1
1961 17 Nov–23 Nov 1996 16 Apr–22 Apr 41 40.7 0.1 0 0 0
1972 30 Oct–5 Nov 1996 19 Jul–25 Jul 25.6 25.7 0.3 0.4 0 0
1974 28 Oct–3 Nov 1996 19 Jul–25 Jul 25.6 25.7 0.3 0.4 0 0
1968 6 Jun–12 Jun 1997 28 Apr–4 May 70.8 73.7 2.5 2.2 0 1

1964 16 May–22 May 1998 29 Oct–4 Nov 33.9 33.5 0.8 0.1 0 1
1965 2 Aug–7 Aug 1997 11 Oct–17 Oct 41.2 41.7 0 1.2 1 1
1976 27 Sep–3 Oct 1987 22 Sep–28 Sep 39.6 38.7 0.5 0.2 0 1

1984 11 Nov–17 Nov 1990 30 Oct–5 Nov 44.9 44.7 1.7 0 1 0

Reference period vs. fruit
tree planting period 1983 20 Aug–26 Aug 2002 11 May–16 May 25.7 26.1 1.3 1 2 1

Reference period vs. fruit
tree planting period

1976 20 Apr–26 Apr 2014 1 May–7 May 26.4 26.5 0 0 0 1
1964 16 May–22 May 2010 11 Feb−17 Feb 33.9 33.4 0.8 1.2 0 1
1964 11 Oct–17 Oct 2016 12 May−18 May 44.4 44 0.2 0 0 0
1966 1 Apr–7 Apr 2004 9 Apr−14 Apr 39.7 39.3 2.0 0 0 0

1967 18 May–23 May 2016 7 Sep−13 Sep 52.5 52 0.1 0 0 1
1968 6 Jun–12 Jun 2001 28 Aug−3 Sep 70.8 68.7 2.5 2.8 0 0

1978 25 Aug–31 Aug 2005 20 Apr−26 Apr 30.1 30.1 0 0 1 0
1962 14 Apr–20 Apr 2006 28 Apr−4 May 34.7 34.6 0.2 0.7 0 1
1976 10 Oct–16 Oct 2007 1 Aug−7 Aug 32.6 32.2 0.2 1.5 1 1
1977 24 Feb–1 Mar 2006 19 May−25 May 40.2 40.7 0 0 0 0
1975 3 Jul– 10 Jul 2005 20 Apr−26 Apr 30.3 30.1 0.2 0 1 0

1972 26 Apr–2 May 2002 27 May−2 Jun 26.6 26.6 0.7 0 1 1
1961 17 Nov–23 Nov 2006 19 May−25 May 41 40.7 0.1 0 0 0

1965 2 Aug–7 Aug 2016 14 Mar−19 Mar 41.2 42 0 0 2 1

Time interval: time between rainfall peaking and flow peaking during a rainfall event.
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a b 

Figure A1. Watershed characteristics: (a) watershed elevation, and (b) watershed slope.

Figure A2. Annual precipitation and streamflow from 1961 to 2016 in the Jiujushui watershed (different
colors represent three periods: reference, reforestation and fruit tree planting).
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Abstract: The Chu River is one of the most important rivers in arid Central Asia. Its discharge is
affected by climate change. Here, we establish a tree-ring chronology for the upper Chu River Basin
and analyze the relationships between radial growth, climate, and discharge. The results show that
the radial growth of Schrenk spruce (Picea schrenkiana Fisch. et Mey.) is controlled by moisture.
We also reconstruct a 175-year standardized precipitation-evapotranspiration index (SPEI) for the
Chu River Basin. A comparison of the reconstructed and observed indices reveal that 39.5% of the
variance occurred during the calibration period of 1952–2014. The SPEI reconstruction and discharge
variability of the Chu River show consistent long-term change. They also show that the Chu River
Basin became increasingly dry between the 1840s and the 1960s, with a significant drought during
the 1970s. A long and rapid wetting period occurred between the 1970s and the 2000s, and was
followed by increasing drought since 2004. The change in the SPEI in the Chu River Basin is consistent
with records of long-term precipitation, SPEI and Palmer Drought Severity Indices (PDSI) in other
proximate regions of the western Tianshan Mountains. The hydroclimatic change of the Chu River
Basin may be associated with westerly wind. This study is helpful for disaster prevention and water
resource management in arid central Asia.

Keywords: tree rings; Schrenk spruce (Picea schrenkiana Fisch. et Mey.); hydroclimatology; Chu River;
Tianshan Mountains; climate change; Central Asia

1. Introduction

It is widely recognized that global warming has occurred since the mid-19th century [1]. However,
corresponding hydroclimatic changes demonstrate significant regional variations [2]. Arid Central
Asia (ACA) covers 5 × 106 km2, and includes Kazakhstan, Kyrgyzstan, Tajikistan, Turkmenistan,
Uzbekistan, and Xinjiang in northwest China. Drought is a major climate disaster in ACA and the
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cause of considerable agricultural, economic and environmental damage. The Tianshan Mountains,
which extend across the region, are known as the “water towers” of Central Asia, and are the largest
and most important mountain system in ACA. The region is especially sensitive to climate change [3,4].
Obvious warming in the Tianshan Mountains has been detected at a rate of 0.3 ◦C/10 years [5], and
persistent warming is exacerbating droughts and water shortages. The Chu River, which originates in
the Tianshan Mountains, is one of the longest rivers in ACA. Its river basin is shared by Kyrgyzstan
(where the river originates) and Kazakhstan, and its waters feed millions of people and support the
social development and economic prosperity of both countries. Hence, it is particularly important
to understand long-term hydroclimatic changes in the Chu River Basin. However, the sparse and
unevenly distributed meteorological and hydrological stations in the region provide limited data for
understanding the region’s climate and water resource variations [6]. As proxy data is also limited,
long-term climate change research for the region is lacking. However, Schrenk spruce (Picea schrenkiana
Fisch. et Mey.) is distributed throughout the Tianshan Mountains, and its radial growth is an ideal
proxy for past climate change [7].

Tree-ring proxies are an important source of high-resolution, absolutely dated information about
the hydroclimate of the Common Era (C.E.). They are widespread and well replicated, and they can be
statistically calibrated against overlapping instrumental records to produce validated reconstructions
and associated estimates of uncertainty in past climate variability at an annual resolution [8]. Recent
studies have increasingly shed light on the historical moisture variability of arid Central Asia [7,9,10].
However, because moisture availability is especially variable in mountains, localized hydroclimatic
reconstructions are needed. The history of hydroclimatic change in the Chu River Basin is still unclear,
despite the river’s importance.

In this study, we established a tree-ring-width chronology using tree-ring samples collected in the
Chu River Basin in 2014. We analyzed the radial growth of Schrenk spruce and its response to climate,
and reconstructed the standardized precipitation-evapotranspiration index (SPEI) to understand past
changes in moisture availability. We also examined the relationship between the hydroclimatic changes
over the last 175 years and large-scale oscillations in the climate system.

2. Data and Methods

2.1. Study Area

The Chu River is one of the longest rivers in Central Asia (73◦24′–77◦04′ E, 41◦45′–43◦11′ N), with
a length of approximately 1067 km and a drainage area of 62,500 km2 (Figure 1). The river starts in
Kyrgyzstan and runs through the country for 115 km before becoming the border between Kyrgyzstan
and Kazakhstan for 221 km. The last 731 km are in Kazakhstan. It is one of the longest rivers in
both Kyrgyzstan and in Kazakhstan, and is fed mainly by glaciers and melting snow; rainfall is of
secondary importance.

Like most rivers in arid regions, the Chu River is an inland river, originating in the middle ranges
of the Tianshan Mountains and disappearing in the desert. After passing through the narrow Boom
Gorge, the river enters the comparatively flat Chu Valley, within which the Kyrgyz capital of Bishkek
and the Kazakh city of Chu are located. Much of the Chu’s water is diverted into a network of canals
to irrigate the fertile black soils of the Chu Valley for farming, both on the Kyrgyzstan and Kazakhstan
sides of the river. Finally, the Chu River disappears in the Moyynqunm Desert. The study area is
located in the headwater region of Chu River Basin [11].
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Figure 1. Map of tree-ring sample sites information. (A) Map of arid Central Asia; (B) Sketch map of
tree-ring sampling site, meteorological station and SPEI grid.

2.2. Tree-Ring Data

We collected tree-ring samples on the southwestern Zailiy Alatau Range in northern Kyrgyzstan.
The sampling site was located near the Chong Kemin River (76◦23′ E, 42◦48′ N, elevation 2400 m,
designated the “CKM” group). Forty-one increment cores were collected from 21 trees in virgin forest.
The pure Schrenk spruce forests distributed in the shady slopes of mountains. We chose trees with
larger slopes, thinner soil layers, less competition and less interference, which radial growth is limited
by the climate. The trees with no injury and disease were sampled in order to minimize the signal of
non-climatic effects on tree growth.

Following standard dendrochronological methods, all tree-ring cores were brought to the Key
Laboratory of Tree-ring Physical and Chemical Research of China Meteorological Administration,
dried naturally, mounted, and sanded with progressively finer grains sizes until the ring structures
were clear. The samples were then cross-dated with skeleton plots and measured with 0.001 mm
precision using a Velmex measuring system [12]. The quality of the cross-dating was checked with the
COFECHA program [13] to ensure exact dating. We developed a site chronology using established
standardisation techniques with the program ARSTAN [14]. We chose the negative exponential curve
(NEC) method to de-trend the growth trend. We used a subsample signal strength (SSS) of 0.85 as
an appropriate cut-off criterion for climate reconstructions [15] (Figure 2). The SSS is a measure of
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decreasing predictive power of transfer functions due to reductions in the sample size of underlying
tree-ring series back in time [16].

Figure 2. Tree-ring-width chronology (STD) in the Chu River Basin.

2.3. Meteorological and Hydrological Data

We collected the monthly mean temperature (1896–1988) and precipitation (1895–2004) data from
the Frunze meteorological station (43.82 N, 74.58 E, 756.0 m) as a climate background analysis, because
it is located in the Chu River Basin. We also used standardized precipitation-evapotranspiration
index (SPEI) data (1901–2014) from the nearest grid (42.75◦ N, 76.25◦ E). The SPEI is based on
monthly precipitation and potential evapotranspiration data from the Climatic Research Unit of
the University of East Anglia and can represent drought intensity. The Global SPEI database offers
long-term, robust information about drought conditions at the global scale, and has a 0.5 degree
spatial resolution. The main advantage of the SPEI Global Drought Monitor is thus its near real-time
character, a characteristic best suited for drought monitoring and early warning purposes [17]. The
average annual total discharge of the Chu River is derived primarily from runoff from the Chu Valley
(not including the Cochkor Valleys). We used the average annual total discharge from 1970–1999 [18].

The mean temperature from 1925 to 1988 and the total precipitation from 1950 to 2000 were
analyzed because the meteorological data were discontinuous. The mean temperature was 10.3 ◦C and
average annual precipitation was 429.0 mm over their respective periods. An analysis of the climate
data indicates that both the temperature and the precipitation of the Chu River Basin have increased
(Figure 3A). The amplitudes are 0.1 ◦C/10a and 6 mm/10a, respectively. Monthly mean temperature
peaks in summer, whereas the average monthly precipitation of the Chu River Basin is bimodal and
peaks in spring (March to May) and winter (October to December) (Figure 3B).

°

Figure 3. Annual (A) and monthly (B) changes in mean temperature (1925–1988) and total precipitation
(1950–2000) at the Frunze meteorological station.

2.4. Methods

We used the Pearson correlation coefficient to analyze the relationship between the tree-ring
chronologies and SPEI, and a linear regression model to perform the reconstruction [19]. The SPEI
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reconstruction was conducted on the basis of a split calibration-verification procedure that was
designed to test the reliability of the model [20]. The length of the final reconstruction equals the
longest nested regression model that still has good calibration and verification results. Spectral
properties of both reconstructions were investigated using a multi-taper method (MTM), a powerful
tool in spectral estimation that is particularly effective for short time series [21].

3. Results

3.1. Tree-Ring Response to Climate and the Reconstructed SPEI

Correlation and response analysis revealed significant correlations between the SPEI and tree
growth during both the previous and current growing seasons. The greatest single correlation between
the CKM tree-ring-width standard chronology (Figure 2) and SPEI from the previous July to current
June was 0.629 (n = 64, p < 0.001). Moisture from the previous July to current June was the dominant
climatic factor for tree growth in the Chu River Basin.

Based on the results of the correlation analysis, we reconstructed SPEI from the previous July to
current June for the Chu River Basin. The transfer function was

SPEIp7c6 = 0.911 × CKM − 0.753 (1)

where SPEIp7c6 is the SPEI from the previous July to current June, and CKM is the Chro-Kemin
chronology detrended by the negative exponential curve fitting with and without application of
an adaptive power transformation. For function (1) during the calibration period (1951–2014), the
reconstruction explained 39.5% of the variance (38.6% after adjustment for loss of degrees of freedom)
in the SPEI data, with n = 64, r = 0.629, F1, 62 = 40.53, and p < 0.0001 (Figure 4).

 

 

Figure 4. Reconstructed SPEI variability of the Chu River Basin. (A) Comparison of the reconstructed
SPEI (blue line) and the SPEI recorded in grid from CRU (black line) during the common period
1951–2014. (B) Comparison of the first differences (year-to-year changes) between the reconstruction
(blue line) and the SPEI grid (black line). (C) Reconstructed SPEI from the previous July to the current
June for the Chu River Basin since 1840 C.E. (gray line). The bold black line shows the data smoothed
with a 20-years low-pass filter to emphasize the long-term fluctuations. The solid horizontal line
represents the long-term mean for the period 1840–2014; the dashed horizontal lines represent the
mean value ± 1σ and the dotted horizontal lines represent the mean value ± 2σ.
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A leave-one-out cross-validation test indicated that the regression model passed all verification
tests (Table 1). We also verified the reliability and stability of the model using split-sample
calibration-verification tests. The explained variances are relatively high during the two calibration
periods. All of the correlation coefficient (r), first order difference correlation (rd), explained variance
(R2), F-test (F), product mean test (t), sign test (ST) and first order difference sign test (ST1) achieved
or surpassed the 95% significance level. The reduction of error (RE) and coefficient of efficiency (CE)
which are particularly rigorous indicators of reconstructed reliability, were both positive, suggest that
the linear regression equation was statistically validated. Finally, we compared the first differences
with the SPEI grid and obtained a correlation coefficient of 0.514 (p < 0.001, n = 63) (Figure 4B). This
indicates that there is good consistency in the high frequency changes between the reconstruction and
the observed. Equation (1) was therefore used successfully to reconstruct SPEI from the previous July
to current June in the Chu River Basin for the period 1840–2014 (Figure 4C).

Table 1. Statistics of the leave-one-out cross-validation and the split-sample calibration-verification test
model for the SPEI reconstruction.

Leave-one-out Cross-validation Test

r rd ST ST1 t RE
SPEI 0.599 ** 0.470 ** 47+/17− ** 42+/21− * 4.803 ** 0.357

Split-sample Calibration-verification Test

Calibration Verification

Period r R2 F Period r RE CE ST ST1
1951–1982 0.653 0.426 22.33 1983–2014 0.594 0.409 0.263 22+/10− 22+/9− *
1983–2014 0.594 0.353 16.33 1951–1982 0.653 0.494 0.235 25+/7− ** 19+/12−
1951–2014 0.629 0.395 40.53

* indicate significance at the 95% level of confidence. ** indicate significance at the 99% level of confidence.

3.2. Changes in Moisture over the Past 175 Years

As shown in Figure 4C, the number of drought years and wet years are consistent: 15% (27a) of
the years exceeded the mean + 1σ (standard deviation), and 16% (28a) were lower than the mean—1σ.
Extreme drought years occurred in 1974 and 1984, when the SPEI was lower than the mean—2σ.
Conversely, 1999 and 2003 were extremely moist years with SPEI exceeding the mean + 2σ.

The reconstruction was subjected to 20-year low-pass filtering in order to further understand the
low-frequency change in SPEI over the past 175-years (Figure 4C). The results revealed five drying
periods and four wetting periods. The drying periods occurred in 1840–1873, 1904–1917, 1934–1945,
1956–1974, and 2004–2014; wetting prevailed in 1874–1903, 1918–1833, 1946–1955, and 1975–2003.
Notably, the climate in the Chu river basin over the past 175-years presents a slow process of drought
from the 1840s to the 1960s, and a significant drought in the 1970s. Then, the SPEI change exhibited
a long period of rapid wetting from the 1970s to 2000s. Since 2004, however, there has again been a
strong drying trend, even dropping lower than the average value in the last 3 years.

4. Discussion

Many previous studies have confirmed that the radial growth of Schrenk spruce growing at
lower elevations is limited by moisture conditions prior to the growing season [7,9,10,22–25]. Zhang et
al. [26] analyzed intra-annual radial growth based on data from continuously monitored dendrometers
and suggested that moisture between late May to late June is a limiting factor for the radial growth of
Schrenk spruce in the Tianshan Mountains. Studies of tree-ring widths and their relation to climate for
conifers in arid and semiarid sites iteratively demonstrate that ring-width growth is influenced not
only by the climate during the growing season, but also by climatic conditions in the autumn, winter,
and spring prior to the growing season [12].

Changes in the SPEI in the Chu River Basin over the past 175-years are consistent with the
dry/wet changes in the western Tianshan Mountains (Figure 5). Numerous studies have shown a
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trend of increasing precipitation from the 1980s [27]. Shi et al. [28] further suggested that the climate in
Xinjiang shifted from warm-dry to warm-wet in the 1980s. Several recent studies have also shown that
precipitation and the PDSI have decreased since 2004 [9,10]. This study further confirms the moisture
fluctuation phenomenon in recent years.

We compared the consistency of the SPEI reconstruction with other studies in the western Tianshan
Mountains (Figure 5) and found that past moisture changes in the region are very consistent. The
correlation coefficient between the SPEI reconstruction and southern Kazakhstan [9], Dzungarian
Alatau [10], and Issyk Lake [7] are 0.596 (Pearson, n = 175, p < 0.0001), 0.482 (Pearson, n = 175, p <
0.0001), and 0.399 (Pearson, n = 131, p < 0.0001), respectively. These strong correlations confirm that
the SPEI reconstruction is reliable. To determine the spatial representation of the SPEI reconstruction,
we analyzed its spatial correlation with the precipitation, SPEI, and scPDSI data from the CRU-TS
grid datasets. The results showed that the SPEI reconstruction successfully represents the changes in
climate over the whole of Central Asia during the past century, especially in Kyrgyzstan and southeast
Kazakhstan (Figure 6).

Figure 5. Comparison of SPEI reconstruction from this study and other studies in the western Tianshan
Mountains. (A) Reconstructed SPEI in Chu River Basin (this study); (B) Reconstructed precipitation
in southern Kazakhstan [9]; (C) Reconstructed PDSI in Dzungarian Alatau [10]; (D) Reconstructed
precipitation in Issyk-Kul, Kyrgyzstan [7].

  

Figure 6. Cont.
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Figure 6. Spatial correlation between the reconstruction and previous July to current June grid data
(1951–2012). (A) Precipitation data from the CRU-TS 3.22; (B) Precipitation data from the Global
Precipitation Climatology Centre (GPCC) V7; (C) SPEI; (D) scPDSI.

A comparison of the SPEI reconstruction and discharge variability of the Chu River indicates
consistent long-term change (Figure 7). The correlation coefficient between the reconstruction and
discharge is 0.540 (n = 30, p < 0.01) from 1970 to 1999. Discharge out of the Tianshan Mountains
is strongly influenced by climate change because moisture mainly is supplied by atmospheric
precipitation and snow melt. The SPEI reconstruction is therefore representative of the long-term trend
in discharge.

Strong inter-annual SPEI change was identified using the multi-taper method (MTM) [29]. There
are significant 2.0-year, 2.6-year, 2.8–2.9-year and 4.4-year periods in the Chu River Basin (Figure 8).
These periods suggest that the moisture of the Chu River Basin originates from the westerly circulation.
In particular, a study suggested the 2–3-year period is linked to variations in the westerly circulation in
the mid troposphere [30]. Other studies have found that the 2–3-year period characterizes precipitation
or drought change in arid Central Asia [31–33], and suggest that the periodicity may be related to the
tropospheric biennial oscillation (TBO) [34]. Because the upper stream westerly plays an important
role in moisture variations in arid Central Asia by influencing the transport of water, the TBO signal is
likely related to variations of the westerly.

We also compared the correlation between change in the SPEI and sea surface temperatures
(HadISST1). Our results indicate that the SPEI has a significant positive correlation with North Atlantic
SSTs (Figure 9). The correlation is strong for both the past 30 years and the past century. These periods
have frequently been noted in other dendroclimatology and dendrohydrology studies of the Tianshan
Mountains [7,9,10,35] and of other arid and semiarid regions in northern China [36,37]. We therefore
posit that changes in the SPEI in the Chu River Basin may be related to westerly circulation.

Figure 7. Comparison of the SPEI reconstruction and discharge of the Chu River.
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Figure 8. Multi-Taper Power spectra for the reconstructed SPEI (AD 1840–2014). 95% SL represents the
95% significance level.

 

Figure 9. Correlation between the SPEI and sea surface temperature (HadISST1). (A) Relationship
between the reconstruction and July-June HadlSST1(1870–2013) p < 10%; (B) Relationship between the
reconstruction and July-June HadlSST1(1981–2010) p < 10%.

5. Conclusions

In previous dendroclimatological studies in the Tianshan Mountains, we found that long-term
changes in moisture have a strong local character [7,9,10,26,38,39]. The consistency of the change
decreases rapidly with increasing distance. It is therefore important to develop a more robust network
of reconstruction if we are to fully understand the hydroclimatic changes in the Tianshan Mountains.
To this end, we developed the first tree-ring chronology for the Chu River Basin, one of the most
important basins in Central Asia. Climate-growth response results suggest that moisture before and
early in the growing season is the dominant factor controlling the radial growth of Schrenk spruce in
the Chu River Basin. Although moisture varies considerably in mountain areas, our research indicates
that the radial growth of Schrenk spruce has a stable response to moisture in the Tianshan mountains.

We also developed a reliable 175-year SPEI reconstruction for the Chu River Basin. We found that
past moisture changes in the western Tianshan Mountains are very consistent. Our reconstruction
showed a slow, long-term process of drought from the 1840s to the 1960s, followed by a long and rapid
wetting from the 1970s to the 2000s. Our reconstruction also provides further evidence for a drought
trend since 2004. We posit that long-term changes in the SPEI in the Chu River Basin may be related to
large-scale oscillations in the climate system. This study further advances dendroclimatology in the
Tianshan Mountains, and is helpful for disaster prevention and water resource management in arid
Central Asia.
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Abstract: Trace metals can enter natural regions with low human disturbance through atmospheric
circulation; however, little information is available regarding the filtering efficiency of trace metals
by forest canopies. In this study, a representative subalpine spruce plantation was selected to
investigate the net throughfall fluxes of eight trace metals (Fe, Mn, Cu, Zn, Al, Pb, Cd and Cr)
under a closed canopy and gap-edge canopy from August 2015 to July 2016. Over the one-year
observation, the annual fluxes of Al, Zn, Fe, Mn, Cu, Cd, Cr and Pb in the deposited precipitation
were 7.29 kg·ha−1, 2.30 kg·ha−1, 7.02 kg·ha−1, 0.16 kg·ha−1, 0.19 kg·ha−1, 0.06 kg·ha−1, 0.56 kg·ha−1

and 0.24 kg·ha−1, respectively. The annual net throughfall fluxes of these trace metals were
−1.73 kg·ha−1, −0.90 kg·ha−1, −1.68 kg·ha−1, 0.03 kg·ha−1, −0.03 kg·ha−1, −0.02 kg·ha−1,
−0.09 kg·ha−1 and −0.08 kg·ha−1, respectively, under the gap-edge canopy and 1.59 kg·ha−1,
−1.13 kg·ha−1, −1.65 kg·ha−1, 0.10 kg·ha−1, −0.04 kg·ha−1, −0.03 kg·ha−1, −0.26 kg·ha−1 and
−0.15 kg·ha−1, respectively, under the closed canopy. The closed canopy displayed a greater filtering
effect of the trace metals from precipitation than the gap-edge canopy in this subalpine forest. In the
rainy season, the net filtering ratio of trace metals ranged from −66.01% to 89.05% for the closed
canopy and from −52.32% to 33.09% for the gap-edge canopy. In contrast, the net filtering ratio of all
trace metals exceeded 50.00% for the closed canopy in the snowy season. The results suggest that most
of the trace metals moving through the forest canopy are filtered by canopy in the subalpine forest.

Keywords: canopy filtering; closed canopy; forest hydrology; gap-edge canopy; throughfall;
trace metal

1. Introduction

Trace metals in the environment originate mainly from metal refining, fossil fuel combustion,
automotive exhaust emission and other human activities [1]. An increasing number of studies
have demonstrated that trace metals mainly exist as particles in the atmosphere and can enter
in natural regions with low human disturbance through atmospheric circulation [1,2]. The input
of trace metals via atmospheric deposition is a large source of contamination for plants, soil and
water, and continuous trace metal input has lasting negative impacts on biogeochemical cycling in
ecosystems [3]. Forest ecosystems have often been considered as ecological filters that can efficiently
decrease atmospheric pollutants and improve air quality [4,5], but the filtering efficiency of a forest
ecosystem is often controlled by precipitation and canopy characteristics.

Forests 2019, 10, 318; doi:10.3390/f10040318 www.mdpi.com/journal/forests163
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The term “trace element” is used loosely in the current literature to refer to elements that occur
in small concentrations in natural biological systems [6]. Trace metals are introduced into terrestrial
ecosystems via two pathways: dissolution in rain and snow (i.e., wet deposition) and direct particulate
deposition (i.e., dry deposition) [7]. When precipitation passes through the forest canopy, the deposition
precipitation is altered by the wash-off of some particles in the canopy that were deposited in dry
periods or by ion exchange, i.e., uptake or leaching [8]. Some trace elements (e.g., Pb and Zn) [9,10]
are taken up by the canopy. Lead, Cd and Cr are classified as nonessential trace elements; however,
these elements can be highly toxic and can inhibit growth, even cause organismal death [11]. Iron,
Mn, Cu, Zn and Al are essential trace elements that participate in plant physiological and biochemical
processes, but excessive amounts of these elements can be toxic to plants [6].

In forest ecosystems, canopy gaps are created by dead and fallen trees and by intermediate
cuttings, which are the primary modes of forest disturbance and regeneration [12,13]. A gap-edge
canopy differs substantially from interior forest zones. Gap-edge and closed canopies represent two
different forest canopy conditions, and the coverage of the gap-edge canopy area is less than that of the
closed canopy area. The degree of precipitation interception will influence the accumulation of trace
metals from precipitation. In addition, the structure of the canopy influences the ability of the canopy
to capture suspended particles, and more trace metals may be intercepted by certain canopy structures.
Due to the obstruction of the wind profile, which causes local advection and turbulent exchanges,
an edge canopy can receive more atmospheric deposition than a closed canopy [9]. Several studies
have focused on the effects of closed vs. open canopies on the canopy levels of trace metals received
through atmospheric deposition [4,14]. However, no studies have addressed trace metal fluxes or
filtration in gap-edge canopy layers [15]. Here, we hypothesized that the fluxes of trace metals are
higher in a gap-edge canopy than in a closed canopy, and that the filtration of trace metals is lower in
a gap-edge canopy than in a closed canopy.

As important freshwater conservation areas in the Yangtze River basin, subalpine forests in
Southwest China play important roles in not only regulating the regional climate and biodiversity but
also storing freshwater and conserving water and soil [16]. Since the 1950s, more than 400,000 hectares
of pure dragon spruce (Picea asperata Mast.) plantations have replaced natural coniferous forests
on the Eastern Tibetan Plateau. These plantations are harvested by large-scale industrial logging
operations. The forest canopy of these plantations consists of a single canopy level rather than complex,
multiple canopy levels as in natural forests. Therefore, these spruce plantations are likely ineffective in
intercepting trace metals introduced via direct (dry) deposition.

The migration and transformation of trace metals in forest ecosystems occur through the two
external inputs of wet and dry deposition. These processes affect trace metal pollution in various parts
of the ecosystem. In spruce plantation ecosystems, certain trace metals play important biogeochemical
roles, either as essential trace metals, such as Cu and Zn, or as nonessential trace metals (e.g., Pb,
Cd and Cr) [9]. Therefore, quantification of these metals is important. Before precipitation reaches
the soil surface, its chemical composition can be modified by contact with vegetation. Throughfall
is commonly measured to quantify the load of atmospheric pollutants in forest ecosystems [17,18],
where the contents of pollutants in throughfall differ from those in atmospheric precipitation [9]. In the
present study, we measured the trace metals in throughfall in an area of an alpine spruce plantation to
(1) observe patterns in annual trace metal concentrations and fluxes from the deposited precipitation
and (2) compare the trace-metal filtering ability of a gap-edge canopy and a closed canopy in the
subalpine spruce plantation. An understanding of these processes can increase our knowledge of the
filtering effect of the forest canopy with respect to trace metals, and the main processes that control
metal behavior after interaction with the forest canopy. The results of this study would provide insight
into the filtration of trace metals deposited through precipitation in different canopy types and provide
necessary information on water quality conservation in the upper reaches of the Yangtze River.
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2. Materials and Methods

2.1. Site Description

The experimental site is located at the Long-term Research Station of Alpine Forest Ecosystems,
Bipenggou Nature Reserve (102◦53′–102◦57′ E, 31◦14′–31◦19′ N; 2458–4619 m a.s.l.), Li County, Sichuan,
Southwest China. The site is situated on the eastern edge of the Tibetan Plateau along the upper Yangtze
River [19]. The mean annual air temperature is 2~4 ◦C, and the maximum and minimum temperatures
are 23.7 ◦C and −18.1 ◦C, respectively. The mean annual precipitation ranges from 801 mm to 850 mm,
with most rainfall occurring between May and August. Snowfall mainly occurs from October to
April of the following year. The amount of snowfall is approximately 138.56 mm. The canopy forest
vegetation is dominated by Picea asperata Mast with some understory shrubs (e.g., Berberis diaphana
Maxin. and Sorbus rufopilosa Schneid) and grasses (e.g., Deyeuxia scabrescens (Griseb.) Munro ex
Duthie). The expanded gap (the canopy gap plus the area that extends to the bases of the surrounding
canopy trees) covers 23% of the experimental site [20].

2.2. Experimental Design

Three plots with similar topographical and environmental features were selected in a typical
spruce forest gap (area: 100 m2) along a gradient from the gap-edge to the closed canopy (closed canopy
area: 20 × 20 m) at 3000 m a.s.l. The mean tree age was approximately 60 a. The average diameter at
breast height (DBH) and the average tree height in the experimental plots were 19.53 ± 1.99 cm and
7.63 ± 0.45 m, respectively. We selected an open area (20 × 20 m) approximately 50 m from the edge of
the spruce plantation forest as the nonforested site to collect precipitation.

2.3. Precipitation Observations and Water Sampling

Precipitation: Rainfall was sampled in the nonforested site using 5 custom-made continuous rain
gauges (each with a surface collection area of 0.64 m2).

Snowfall: Five cone-shaped collectors (top diameter of 100 cm, bottom diameter of approximately
20 cm) made of PVC and gridding cloth were used to observe and sample snowfall in the open site.
Each collector was established 1 m above the ground surface. Each collector drained into a polyethylene
(PE) bucket. As the snowfall fell directly into the polyethylene bucket, there was minimal exposure to
external conditions and minimal snowfall evaporation.

Throughfall in the rainy season: Throughfall was recorded using 5 PVC rectangular gutters
(each with a surface collection area of 400 × 16 cm) that were arranged beneath the closed canopy and
gap-edge canopy in each plot. The gutters were established 1 m above the floor to avoid ground-splash
effects and at a 5◦ horizontal angle to promote drainage. The lower end of each gutter was equipped
with a plastic bucket.

Throughfall in the snowy season: Five cone-shaped collectors similar to the snowfall collectors
were distributed beneath the closed canopy and the gap-edge canopy in each plot, and each collector
drained into a PE bucket.

2.4. Chemical Analysis

Water samples were collected immediately after each rainfall event during the rainy season from
August 2015 to July 2016. Due to the heavy snowfall and cruel natural conditions in winter, snow
samples were collected once each month from November 2015 to April 2016. The samples were
placed in clean polyethylene bottles. Upon collection, the water was poured from the polyethylene
bucket into a graduated cylinder to measure the water volume. Then, the samples were rapidly
transported to the laboratory where they were filtered using qualitative filter paper with a diameter of
12.5 cm. The filtered samples were adjusted to a pH of 1~2 with high-purity grade (GR) nitric acid.
The concentrations of trace metals (i.e., Fe, Mn, Cu, Zn, Al, Pb, Cd and Cr) were determined using
an inductively coupled plasma optical emission spectrometry system (Agilent 7900, US).
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2.5. Calculations

The throughfall was calculated as follows (Formula (1)):

Vj =
V′

i
S

× 10, (1)

where Vj is the throughfall (mm), V′
i is the volume of water (mL), S is the surface area of collection,

and 10 is the unit conversion factor.
The fluxes of trace metals in precipitation and throughfall were calculated using Formula (2) as

follows [21]:

Fluxj =
VWMj × Vj

100
, (2)

where Fluxj (kg ha−1) is the deposition flux of solute j in different forms of water, VWMj is the
weighted concentration (mg L−1) of solute j in different forms of water, Vj is the water of different
forms (mm), and 100 is the unit conversion factor.

The net throughfall fluxes (NTFs) and net throughfall ratios (NTRs) were calculated with
Equations (3) and (4), respectively [22]:

NTF = TF − BP, (3)

NTR = NTF/BP, (4)

where BP and TF represent the bulk precipitation flux (kg ha−1) and the throughfall flux
(kg ha−1), respectively. (Negative and positive N.TFs (NTRs) values represent filtered and leached
amounts, respectively.)

2.6. Statistical Analysis

All statistical analyses were carried out using IBM SPSS version 20. 0 statistics software (IBM SPSS
Statistics Inc, Chicago, IL, USA), Univariate analysis was used to compare the concentrations, fluxes
and net throughfall fluxes of trace metals among different canopy types and seasons. The statistical
tests were considered significant at the p < 0.05 level.

3. Results

3.1. Annual Variations of Trace Metal Concentrations in Precipitation and Throughfall

After precipitation passed through the canopy, the concentrations of trace metals increased or
decreased to different extents between the closed canopy and the gap-edge canopy. In the rainy season,
the throughfall concentrations of the essential trace metals Fe, Mn and Cu were higher than those in
the precipitation for both the closed canopy and the gap-edge canopy (Figure 1). The concentrations of
Mn were 2.63-fold and 1.68-fold higher under the closed canopy and gap-edge canopy, respectively,
than in the precipitation. In addition, the concentrations of Fe, Mn and Cu under the closed canopy
were higher than those under the gap-edge canopy. Among the nonessential trace metals, only Cr
showed a difference between throughfall and precipitation, with a higher gap-edge canopy value than
that measured in precipitation (Figure 2). In the snowy season, the throughfall concentrations of all
trace metals under the closed canopy and gap-edge canopy were lower than those in the precipitation.
The concentrations of trace metals under the closed canopy were higher than those under the gap-edge
canopy (except for Al and Pb). In addition, insignificant differences in trace metal concentrations were
detected between the gap-edge canopy and the closed canopy, although there were significant seasonal
effects on trace metal concentrations, as shown in Table 1 (p < 0.05).
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Figure 1. Concentrations of essential trace metals in bulk precipitation and throughfall. BP: bulk
precipitation, GE: gap-edge canopy, CC: closed canopy. The bars and error bars are the means and 95%
confidence intervals, respectively.

3.2. Annual Variations of Trace Metal Fluxes in Precipitation and Throughfall

The annual fluxes of Al, Zn, Fe, Mn, Cu, Cd, Cr and Pb were 7.29 kg·ha−1, 2.30 kg·ha−1,
7.02 kg·ha−1, 0.16 kg·ha−1, 0.19 kg·ha−1, 0.06 kg·ha−1, 0.56 kg·ha−1 and 0.24 kg·ha−1, respectively.
The values in the rainy season were higher than those in the snowy season (Figures 3 and 4). The input
of all trace metals from the precipitation, gap-edge canopy and closed canopy was 1.15 kg·ha−1,
0.29 kg·ha−1 and 0.30 kg·ha−1, respectively, in the snowy season and 16.68 kg·ha−1, 13.02 kg·ha−1

and 15.96 kg·ha−1, respectively, in the rainy season. Among the trace metal fluxes, the maximum
values in the precipitation and under the closed canopy and gap-edge canopy were observed for Fe
and Al in both seasons. In the snowy season, the throughfall fluxes of all trace metals under the closed
canopy and gap-edge canopy were lower than those in the precipitation. Furthermore, there were
no significant differences in trace metal fluxes between the gap-edge canopy and the closed canopy,
but seasons had significant effects on the trace metal fluxes, as shown in Table 1 (p < 0.05).
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Figure 2. Concentrations of nonessential trace metals in bulk precipitation and throughfall. BP: bulk
precipitation, GE: gap-edge canopy, CC: closed canopy. The bars and error bars are the means and 95%
confidence intervals, respectively.

Figure 3. The fluxes of essential trace metals in bulk precipitation and throughfall. BP: bulk precipitation,
GE: gap-edge canopy, CC: closed canopy. The bars and error bars are the means and 95% confidence
intervals, respectively.
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Figure 4. The fluxes of essential nonessential trace metals in bulk precipitation and throughfall. BP:
bulk precipitation, GE: gap-edge canopy, CC: closed canopy. The bars and error bars are the means and
95% confidence intervals, respectively.

Table 1. Univariate analysis results (F values) regarding the effects of canopy and season on the
concentrations and fluxes of trace metals in throughfall.

Item Al Zn Fe Mn Cu Pb Cd Cr

Concentration
Canopy 0.22 0.22 1.64 1.25 0.13 0.88 0.72 1.43
Season 7.70 ** 31.83 ** 44.60 ** 12.24 ** 6.89 ** 11.18 37.28 ** 39.94 **

Fluxes
Canopy 0.78 0.38 0.10 0.24 0.49 1.316 0.83 2.28
Season 27.96 ** 21.93 ** 52.23 ** 8.89 ** 23.58 ** 9.32 ** 24.77 ** 39.59 **

NTF
Canopy 0.60 1.02 0.005 5.06 * 0.57 5.57 * 1.32 10.59 **
Season 0.54 0.32 0.004 0.48 0.24 0.57 0.26 4.74 *

*: p < 0.05; **: p < 0.01.

3.3. Variations of Net Throughfall Fluxes of Trace Metals Under the Closed Canopy and Gap-Edge Canopy

The net throughfall fluxes (NTFs) and net throughfall ratios (NTRs) of Al, Zn, Fe, Mn, Cu,
Cd, Cr and Pb are shown in Table 2. The annual NTFs of these respective trace metals under the
gap-edge canopy were −1.41 kg·ha−1, −0.76 kg·ha−1, −1.35 kg·ha−1, 0.04 kg·ha−1, −0.02 kg·ha−1,
−0.02 kg·ha−1, −0.08 kg·ha−1 and −0.04 kg·ha−1 during the rainy season, and −0.32 kg·ha−1,
−0.14 kg·ha−1, −0.33 kg·ha−1, −0.01 kg·ha−1, −0.01 kg·ha−1, −0.00 kg·ha−1, −0.01 kg·ha−1 and
−0.04 kg·ha−1 during the snowy season. The NTFs of these respective trace metals under the closed
canopy were 1.93 kg·ha−1, −0.99 kg·ha−1, −1.35 kg·ha−1, 0.11 kg·ha−1, −0.03 kg·ha−1, −0.03 kg·ha−1,
−0.25 kg·ha−1 and −0.10 kg·ha−1 during the rainy season, and −0.26 kg·ha−1, −0.14 kg·ha−1,
−0.30 kg·ha−1, −0.01 kg·ha−1, −0.01 kg·ha−1, −0.00 kg·ha−1, −0.01 kg·ha−1 and −0.04 kg·ha−1

during the snowy season. The NTRs of Mn was 33.09% and 89.05% in the rainy season under the two
canopies, revealing greater leaching of this trace metal than that of the other trace metals.
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4. Discussion

Before reaching the soil surface, the chemical composition of precipitation can be modified by
contact with vegetation [22]. In a forest canopy, interactions between precipitation and the canopy lead
to ion exchange and changes in element concentrations [23]. In the present study, the concentration
differences between the snowy season and rainy season indicated seasonal variation (Figures 1 and 2).
Freezing and thawing can damage the cell membranes of plant leaves, and the resulting change in the
water content in plant tissues affects the exchange between cells and ions [24–26]. In the present study,
seasons had significant effects on the trace metal measurements (Table 1). The extent of enrichment is
affected by the solute characteristics [21]. Trace metals with higher concentrations of precipitation are
mainly from terrigenous particles, such as Al and Fe, and the Sonja, which supports our findings [27].
Thus, in the present study, the higher concentrations of Al and Fe than of the other trace metals resulted
in high fluxes in precipitation. The Al concentration was lower under both the gap-edge canopy and
the closed canopy than in the nonforested site during both rainy and snowy seasons, whereas the Fe
concentration was higher under both the gap-edge canopy and closed canopy than in the nonforested
site in the rainy season. The Al and Fe concentrations accounted for 42.50% and 40.8%, respectively,
of the nonforest input in the rainy season and 37.6% and 38.0%, respectively, of the nonforest input in
the snowy season.

The brief interactions between vegetation and precipitation create high spatial variability of metal
deposition from throughfall, which is very important for elemental cycling in forest ecosystems [28,29].
The concentrations of trace metals in precipitation were higher than those in throughfall in the
winter. Snow evaporation and sublimation from the snow sampler during the winter may cause
underestimation of total snowfall and overestimation of trace metal concentrations during winter.
As such, the trace metal concentration values during winter should be treated with some caution.
The annual trace metal fluxes should not be affected for the following two reasons: (1) total
amount of trace metals in snow collector would not be affected by snow sublimation or evaporation.
(2) concentrations of trace metals in precipitation and throughfall were much lower in snow than
in rain, and total fluxes only account for less than 7% of total annual fluxes. Therefore, the fluxes
did not differ between precipitation and throughfall in the winter. Consistent with our hypothesis,
the results indicated that the annual fluxes of most trace metals (e.g., Zn, Cd, Cr, Cu and Pb) under
the gap-edge canopy were higher than those under the closed canopy. Under the gap-edge canopy,
the edge affects the wind speed and increases air turbulence, increasing the dry deposition velocities
via inflow and advection processes. In addition, the surface of coniferous leaves has a strong capacity
to trap dry-deposited particulates [30,31]. As a result, precipitation can wash off more metal particles
from a gap-edge canopy than from a closed canopy. In the present study, the throughfall deposition of
Zn, Cd, Cr, Cu and Pb under the gap-edge canopy was significantly enhanced relative to that under the
closed canopy. The throughfall deposition of Zn, Cd, Cr, Cu and Pb under the gap-edge canopy was
1.20-, 0.14-, 1.57-, 1.05- and 2.68-fold higher, respectively, than that under the closed canopy. Canopy
gaps have higher air temperatures and higher levels of solar radiation than do closed forest areas,
and evaporation from leaves is another important factor contributing to increased metal concentrations
in throughfall [32,33]. Accordingly, the concentrations of Cd, Cr and Pb under the gap-edge canopy
were 1.31-, 1.43- and 1.43-fold higher, respectively, than those under the closed canopy.

The net throughfall input is the combined result of leaching and uptake by the canopy [10].
These processes are affected by vegetation type. For example, in pine-oak and oak forests, the elements
Fe and Mn in throughfall were primarily derived from leaching. However, in our study, filtering was
often the result of trace-metal leaching (except in the case of Mn). This result indicated that the trace
metals were filtered (e.g., adsorbed or retained) by the canopy. The concentration of Mn under the
closed canopy was 1.11- and 2.38-fold higher than that reported under a pine-oak forest and an oak
forest, respectively [34]. In addition, Zn, Fe, Cu, Cd, Cr and Pb were filtered by the gap-edge canopy
and the closed canopy, and the net filtering ratios of these metals were higher for the closed canopy
than for the gap-edge canopy. In two evergreen oak stands in Spain, the net filtering ratio of Zn was
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30.25% and 25.00% lower than that in our study [9]. In addition, the net filtering ratio of Al was
36.09% for the gap-edge canopy, and 49.70% of the Al was leached from the closed canopy during
the rainy season. However, in the snowy season, the net filtering ratios of all trace metals exceeded
50%. There are two mechanisms by which foliar structures filter metals: (1) through the absorption
and internalization through the cuticle and (2) through the penetration of metals through the stomatal
pores [35]. Stomatal openings and cuticle expansion allow high levels of metal penetration from
the atmosphere [36]. Canopy retention of Zn and Cd has been reported in previous studies [37,38],
and some studies have reported canopy uptake of Zn, Cd, Cu and Pb [39]. Nonessential trace metals,
such as Pb [40,41], Cd [42] and Cr [43], can also enter plant leaves via foliar transfer. These metals can
penetrate cuticles and accumulate in leaf tissues. In a mid-subtropical forest, the filtration ratios of
Pb and Cd by the canopy exceeded 80%, which is higher than that observed in the present study for
the gap-edge canopy and closed canopy [44]. Among the essential trace metals, Mn presented the
highest levels of leaching for both canopies in the rainy season, and this pattern, observed elsewhere,
has been widely attributed to canopy leaching [10,37,45–49]. Additionally, the enrichment factor
of Mn demonstrated high Mn enrichment in throughfall. A similar phenomenon was observed by
Gandois [50], who attributed the results to internal cycling [37].

5. Conclusions

The forest canopy can be regarded as a self-regulating system that filters certain trace metals in
deposited precipitation. The annual flux of trace metals in precipitation was 17.83 kg·ha−1, and the flux
in the rainy season accounted for 93.55% of the total. The trace metals in precipitation were filtered by
the closed canopy and gap-edge canopy, with filtration percentages of 4.30% and 21.94%, respectively.
Snowfall in the snowy season accounted for 6.45% of the precipitation, and 73.95% and 75.11% of the
trace metals in precipitation were filtered by the closed canopy and gap-edge canopy, respectively.
Regarding essential trace metals, the closed canopy filtered 49.23%, 23.47%, 24.22%, 60.33%, 53.50%
and 46.81% of the Zn, Fe, Cu, Pb, Cd and Cr, respectively, whereas the gap-edge canopy leached 19.75%
of the Mn, and it filtered 23.75%, 39.20%, −23.93%, 20.62%, 35.95%, 32.58% and 26.70% of the Al, Zn,
Fe, Cu, Pb, Cd and Cr, respectively. However, all of the trace metals demonstrated high net filtering
ratios for both the gap-edge canopy and closed canopy in the snowy season. These results provide
new insight into the filtration effects of subalpine forest on trace metals deposited via precipitation,
and they can inform efforts to protect water quality in the upper reaches of the Yangtze River.
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Abstract: Headwater streams have low productivity and are closely linked to forest ecosystems,
which input a large amount of plant litter into streams. Most current studies have focused on the
decomposition process of plant litter in streams, and the effects of non-woody and woody litter on
metal transfer, accumulation, and storage in streams are poorly understood. Here, we addressed how
non-woody and woody litter affect metals in headwater streams in an alpine forest on the Eastern
Tibetan Plateau. This area is the source of many rivers and plays an important regulatory role in
the regional climate and water conservation. Through comparisons of five metal concentrations,
exports and storage in headwater streams with different input conditions of plant litter, our results
showed that the input of woody litter could significantly increase flow discharge and increase the
metal export ratio in the water. Similarly, the input of non-woody litter could reduce the metal
concentration in the water and facilitate the stable storage of metals in the sediment in the headwater
streams. Therefore, allochthonous non-woody and woody litter can affect the concentration of metals
in water and sediment, and the transfer and accumulation of metals from upstream to downstream in
headwater streams. This study provides basic data and new findings for understanding the effects of
allochthonous plant litter on the accumulation and storage of metals in headwater forest streams
and may provide new ideas for assessing and managing water quality in headwater streams in
alpine forests.

Keywords: headwater stream; metals; non-woody litter; woody litter

1. Introduction

Metals are a critical and complex problem in ecosystems. Metals such as potassium (K), sodium
(Na), calcium (Ca), and magnesium (Mg) are essential elements for living organisms, but they pose
a threat to organisms when their concentrations are too high [1,2]. The concentrations of some trace
metals in headwater streams require close monitoring, such as Fe, Mn, and Cr, because of their
toxicity, persistence, tendency to bio-accumulate, and widespread presence in the environment [3].
Riparian vegetation, precipitation, and biogeochemical processes affect stream metal concentrations [4].
In the dry season, riparian plants can influence water quality by intercepting and absorbing nutrients
and pollutants [5,6], thereby influencing the dynamics of element concentrations in sediments and
streams [7]. Because headwater streams are relatively closely coupled to adjacent forests, they could
receive large amounts of organic matter from riparian plants [8]. The forms of organic matter supplied
by these riparian forests are divided into non-woody litter (fine litter, e.g., leaves, fruit, small bark
fragments, twigs, and flowers) and woody litter (coarse woody≥ 10 cm and fine woody 1 cm≤ diameter
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≤ 10 cm, e.g., wood, branches, and roots) according to their ecological functions and diameters [9].
Previous studies have demonstrated that leaf and wood inputs are important material for forest stream
food webs [10], and contribute to the retention of dissolved nutrients [11]. However, the effects of
non-woody and woody litter inputs on the metals in streams are not clear, although studies have
suggested that litter decomposition in streams is also an important metal cycling pathway [12].

Seventy-five percent of the global stream length is composed of headwater streams, and forest
streams dominate watersheds worldwide [13,14]. Allochthonous plant litter not only represents
an important terrestrial subsidy for these aquatic ecosystems, but also plays an essential role in
supporting detritus-based food webs in headwater streams [15]. Once allothchonous plant litter is
imported into a stream, it is either transported downstream by flow or retained on the streambed,
where it is colonized by microorganisms and fragmented by invertebrates, broken down, decomposed,
and converted into fine particulate organic matter [16]. Studies have shown that the decomposition
rate of leaves in streams is faster than that on the forest floor [17], and broad, soft or senescence
leaves can quickly release elements by enhancing microbial activity, thus significantly influencing the
water quality in headwater streams [18]. Previous studies have shown that woody litter can affect
the morphology and biological functioning of streams by creating new instream habitats [19], and
reducing the energy of water during high discharge events [20]. These studies have shown that the
input of non-woody and woody litter has an important influence on headwater streams and deserves
further study. Moreover, woody litter can intercept and store organic matter and sediments [21], and
most metals are transported in association with suspended sediment because of the affinity of metals
for the common components of suspended particles [22,23]. Here, we address a hypothesis that there
are differences in the contribution of woody litter input and non-woody litter input on the metal
concentration and export in the headwater streams of alpine forests.

To test this hypothesis, we conducted a field control experiment by controlling the presence or
absence of non-woody or woody litter inputs in headwater streams in an alpine coniferous forest.
We compared the variations in the metal concentrations and exports in the headwater streams by
removing the inputs of non-woody litter or woody litter in an alpine forest on the Eastern Tibetan
Plateau. The objectives were: (1) To evaluate the effects of non-woody and woody litter on the metal
concentrations and exports in the headwater streams of an alpine forest and (2) to determine whether
non-woody and woody litter are key to controlling the metal concentrations in water and the storage
in sediment.

2. Material and Methods

2.1. Study Site and Experimental Design

The study was conducted at the Long-term Research Station of Alpine Forest Ecosystems, Miyaluo
Nature Reserve (102◦53′–102◦57′ E, 31◦14”-31◦19′ N, 2458–4169 m a.s.l. (above sea level)), which is
located in Li County, Sichuan, southwestern China. This region is in a transitional zone between the
Tibetan Plateau, the Sichuan Basin and the upper Yangtze River. The mean annual air temperature ranges
from 2 ◦C to 4 ◦C, and the maximum and minimum temperatures are 23 ◦C and −18 ◦C, respectively.
The mean annual precipitation is approximately 850 mm [24]. Meanwhile, the amount of water in
the stream is greater in summer, and smaller or even dry in winter, which is characteristic of a typical
seasonal forest stream. The study site is an alpine coniferous forest, and the dominant tree species
are Abies faxoniana Rehd. and Picea likiangensis (Franch) Pritz var. balfouriana (Rehd·et Wils) Hillier ex
Slavin, and associated species include Cerasus duclouxii (Koehne) Yu et Li, Sabina saltuaria (Rehd. et Wils.)
Cheng et W.T. Wang, and Betula albosinensis Burk., interspersed with shrubs are composed of Salix
paraplesia Schneid., Rosa omeiensis Rolfe, and Rhododendron moupinense Franch. [25].

To compare the effects of the inputs of non-woody litter and woody litter on streams, it was
necessary to ensure that the characteristic conditions of the control streams were consistent and to
eliminate the effects of heterogeneity. A common persistent stream that is representative of a typical
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stream in the alpine coniferous forest was selected, and 6 straight streams with the similar characteristics
were artificially excavated near this stream (3 replicates × (1 litter exclusion stream + 1 litter input
stream), Figure 1). Water in the selected persistent natural stream was then introduced into the 6
streams. These 6 artificially excavated streams had the same length (50 m), width (0.5 m), and depth
(0.15 m), and the streams were at a minimum 2 m apart. In addition, the slope, altitude (3600 m),
substrate (mixing of clay, fine sand and gravel), and riparian vegetation of each artificial stream were
similar to the original stream.

Figure 1. Schematic diagram showing the location and experimental design of our study in the
alpine forest.

These artificially excavated streams were divided into two sections (25 m in each section). Woody
litter was added artificially in the lower part of each stream, and this section of the stream was used as
the woody litter input section. The artificially added woody litter consisted of large dead branches
from nearby riparian vegetation. The woody litter was equally distributed into each stream to ensure
the same control conditions.

Three of these artificial streams were selected as plant litter exclusion streams. A canopy of 1 mm
mesh netting that did not affect light transmission was placed above these exclusion streams. This
canopy covered the entirety of the exclusion streams and extended over both sides of the stream bank to
exclude falling leaves and wood as well as lateral litter input. Meanwhile, interceptors with apertures
of 1 mm and 5 mm were erectly installed at the inlet of the exclusion streams. These interceptors
were installed to exclude plant litter inputs from the upper stream section, and two apertures were
designed to prevent excessive litter that could affect the water flow characteristics from clogging the
intercepting net.

After the above treatments, these streams could be divided into four treatments: (1) a stream with
only non-woody litter input (the upper half of the reference stream); (2) a stream with non-woody and
woody litter inputs (the lower half of the reference stream); (3) a stream with plant litter exclusion
(the upper half of the exclusion stream); and (4) a stream with only woody litter input (the lower half
of the exclusion stream). These 4 streams with different plant litter input conditions were regarded as
downstream streams, and the original streams leading out of these streams were regarded as upstream
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streams. By comparing the difference in the metal concentration and export between the upstream and
downstream, we could determine the influence of the woody litter and non-woody litter inputs on the
metals in the forested headwater streams.

2.2. Sample Collection and Statistical Analyses

According to previous research and phenological observations, the growing season in this region
is from May to October [26]. After entering the snow period, restricted flow and less fallen litter will
affect stream characteristics and plant litter inputs. Therefore, the sampling time was chosen from June
to October 2017, once a month. Accumulated non-woody and woody litter were removed from the net
before each sampling event. The water samples were collected randomly at approximately 1/2 depth
of the stream using the pre-cleaned polyethylene bottles, and was carefully taken to avoid disturbing
the bottom sediments and collecting surface floats. 2 L water samples were collected at each sample
point, and then taken back to the laboratory within 24 hours and stored at 4 ◦C for chemical analysis.
The surface sediments were collected using the pre-cleaned polyethylene bottles at each sample point
by a five-point sampling method (use a random number table and tape measure to choose 5 points
along the stream reach at random) [27]. After collection, the samples were returned to the laboratory
and determined the concentrations of potassium (K), magnesium (Mg), iron (Fe), manganese (Mn),
and chromium (Cr), digested using CEM-MARS 5, then tested using inductively coupled plasma
spectroscopy (ICP-MS, IRIS Advantage 1000; Thermo Elemental, Waltham, MA, USA) [28].

At each sampling event, the metal exports per unit area of water were calculated as:

E = c× F (1)

where E is the metals exports of water in the stream (mg·day−1), and c is the metals concentration in
the water in the stream (μg·L−1), F is the flux of the stream (m3·day−1).

The metals storage per unit area of sediment was calculated as:

M =
c×m

S
(2)

where M is the metals storage of sediment in the stream (g m−2), c is the metals concentration in the
sediment in the stream (g kg−1), m is the amount of sediment in the stream (kg), and S is the surface
area of the sample at each stream (m2).

The amount of sediment in the stream was calculated as:

m = ρs × l × w × hs (3)

where m is the amount of sediment in the stream (g), ρs is the density of sediment (g m−3), l is the
length of stream (m), w is the width of stream (m), and hs is the depth of sediment in the stream (m).

The density of sediment was calculated as:

ρs =
m0

(1−mc) ×V
(4)

where ρs is the density of sediment (g m−3), m0 is the drying weight of sediment (g), mc is the water
content of sediment (%), and V is the volume of sediment (m3). The sediments used to calculate density
were collected in a volume of 25 cm3 polyethylene bottles at each point.

The cumulative exports rate of metals in the water was calculated as:

r =
Ei − Eo

Eo
× 100% (5)
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where r is the cumulative exports rate of metal in the water (%), Ei is the metals exports from streams
with different plant litter input conditions during the study period (g day−1), Eo is the metals exports
from the origin of streams during the study period (g day−1).

Analysis of variance (ANOVA) was used to test the effects of litter input conditions on water
characteristics of the study streams. Repeated-measure ANOVA with Tukey’s HSD was performed to
test the effects of time and litter input conditions on metal concentrations and exports in the water, and
metal concentrations and storages in the sediment. Spearman’s correlation was selected for test the
correlation coefficients between the environmental factors and metal concentrations and exports in
the water, and metal concentrations and storages in the sediment [29,30]. All statistical analyses were
performed using SPSS 22.0 (IBM SPSS Statistics Inc., Chicago, IL, USA). The water characteristics of the
study streams were shown as the average (±SE, n = 15) during the study period (Table 1).

Table 1. Water characteristics of the study streams (average values during the study period, mean ± SE,
n = 15).

Streams
Temperature

(◦C)
Dissolved Oxygen

(mg/L)
Conductivity

(μs/cm)
pH

Illumination
(lx)

Discharge
(L/s)

origin 6.87 ± 1.20 a 7.60 ± 0.23 a 23.62 ± 5.13 a 6.42 ± 0.22 a 12,256 ± 11,061 a 6.09 ± 0.95 c
non-woody litter 6.87 ± 1.20 a 7.60 ± 0.23 a 23.62 ± 5.13 a 6.42 ± 0.22 a 13,422 ± 14,124 a 6.43 ± 1.46 c

non-woody and woody litter 6.71 ± 0.65 a 7.62 ± 0.27 a 23.85 ± 4.07 a 6.54 ± 0.21 a 7981 ± 6294 b 9.28 ± 1.79 a
litter exclusion 6.65 ± 0.64 a 7.51 ± 0.24 a 24.87 ± 6.37 a 6.44 ± 0.21 a 12,405 ± 14,637 a 6.91 ± 1.83 bc

woody litter 6.71 ± 0.68 a 7.57 ± 0.28 a 24.69 ± 3.81 a 6.40 ± 0.28 a 8077 ± 5343 b 8.53 ± 1.81 ab

Different lowercase letters in the same column denote significant (p < 0.05) differences among different litter input
conditions based on one-way ANOVA followed by multiple comparisons.

3. Results

3.1. Dynamics of Metal Concentrations in Water

The order of the concentrations of the metals in the water was K >Mg > Fe > Cr >Mn (Figure 2).
Results of the repeated-measures ANOVA showed that time had significant impacts on all metals,
while the different plant litter input conditions had significant impacts on K, Mn and Cr concentration
(Table 2). While time had a significant effect on the concentrations of the metals in water, the influence
pattern of time on the concentrations of these metals was different. Moreover, the concentrations of
these metals in the water also had different responses to the input of different plant litter conditions.
The exclusion of non-woody litter increased the K concentration in the water downstream. The Mn
concentration was reduced in water downstream when woody litter was added to the streams together
with non-woody litter. The Mg and Fe concentration of the water was relatively stable, and the
allochthonous plant litter input had little effect on the concentration. However the Mg concentration in
the water gradually increased during the study period, and the Fe concentration in the water decreased
in September and October during the stream with exclusion of non-woody litter. The K concentration
was positively correlated with the temperature and dissolved oxygen; the Mg concentration was
negatively correlated with the dissolved oxygen and pH; and the Fe concentration was positively
correlated with the temperature and conductivity (Table 3).
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Figure 2. The K, Mg, Fe, Mn and Cr concentration of the water in the stream with different plant litter
input conditions.
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Table 2. Effects of time, debris input and their interaction on metals concentration of water tested by
repeated-measure ANOVA analyses.

Factor df K Mg Fe Mn Cr

F-Value p-Value F-Value p-Value F-Value p-Value F-Value p-Value F-Value p-Value

Time 4 26.743 <0.001 717.856 <0.001 18.730 <0.001 25.690 <0.001 27.040 <0.001
Input 4 5.042 <0.05 3.186 0.062 0.740 0.586 21.203 <0.001 3.778 <0.05
Time × Input 16 0.194 1.000 0.829 0.647 6.582 <0.001 1.194 0.314 2.268 <0.05

origin 556.67 b 255.84 a 79.96 a 2.17 a 7.11 ab
non-woody litter 594.20 ab 248.72 a 77.77 a 1.70 bc 7.33 ab
non-woody and woody
litter 589.41 ab 247.57 a 79.80 a 1.47 c 7.62 ab

litter exclusion 617.30 a 265.26 a 79.58 a 1.89 b 6.78 b
woody litter 609.62 a 263.37 a 80.63 a 1.90 b 7.81 a

Different lowercase letters in the same column denote significant (p < 0.05) differences among different litter input
conditions based on repeated-measure ANOVA followed by multiple comparisons.

Table 3. Correlation coefficients (r) between the environmental factors and the concentrations and
exports of metals in the water.

Factor
K Mg Fe Mn Cr

Concentration Export Concentration Export Concentration Export Concentration Export Concentration Export

Temperature 0.297 ** 0.183 −0.028 0.092 0.426 ** 0.291 * −0.054 0.041 0.136 0.159
Dissolved Oxygen 0.355 ** 0.400 ** −0.483 ** −0.260 * 0.054 0.281 * −0.065 0.237 * 0.034 0.258 *

Conductivity 0.187 0.139 −0.223 −0.150 0.252 * 0.208 0.188 0.226 −0.199 0.016
pH −0.036 −0.102 −0.307 ** −0.229 * −0.113 −0.128 0.078 −0.021 −0.112 −0.079

Illumination −0.104 −0.264 * 0.174 0.011 0.144 −0.147 0.173 −0.135 −0.150 −0.257 *

*, p < 0.05; **, p < 0.01, n = 75.

3.2. Dynamics of Metal Export in Water

The order of the metal export in the water was consistent with the concentration: K >Mg > Fe
> Cr >Mn (Figure 3). Results of the repeated-measures ANOVA showed that time had significant
impacts on Mg, Fe, Mn and Cr, while the input of non-woody and woody litter had no significant
impacts on all metals export (Table 4). Nevertheless, we found that the metal export in the stream
with added woody litter was greater than other streams (Figure 4), and the ratio of the export from
the treated streams to that from origin stream indicated that woody litter can increase the K, Mg, Fe,
Mn and Cr export in the water (Table 5). The K export was positively correlated with dissolved oxygen
and negatively correlated with the illumination; the Mg export was negatively correlated with the
dissolved oxygen and the pH; the Fe concentration was positively correlated with the temperature and
the dissolved oxygen, and the Mn and Cr concentrations were positively correlated with the dissolved
oxygen (Table 3).
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Figure 3. The K, Mg, Fe, Mn and Cr export of the water in the stream with different plant litter
input conditions.
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Table 4. Effects of time, debris input and their interaction on metals export of water tested by
repeated-measure ANOVA analyses.

Factor df K Mg Fe Mn Cr

F-Value p-Value F-Value p-Value F-Value p-Value F-Value p-Value F-Value p-Value

Time 4 1.439 0.239 90.525 <0.001 5.602 <0.05 14.116 <0.001 8.592 <0.001
Input 4 3.098 0.067 2.070 0.160 3.024 0.071 1.646 0.238 3.284 0.058
Time × Input 16 1.516 0.142 1.229 0.324 3.189 <0.05 2.077 <0.05 1.520 0.140

origin 292.28 a 136.82 a 42.13 a 1.13 a 3.74 a
non-woody litter 327.04 a 138.41 a 42.81 a 0.95 a 4.05 a
non-woody and woody litter 472.06 a 199.19 a 63.44 a 1.19 a 6.11 a
litter exclusion 367.12 a 159.86 a 47.46 a 1.12 a 4.08 a
woody litter 448.14 a 197.68 a 59.23 a 1.38 a 5.77 a

Different lowercase letters in the same column denote significant (p < 0.05) differences among different litter input
conditions based on repeated-measure ANOVA followed by multiple comparisons.

Figure 4. Export ratios of the metals (K, Mg, Fe, Mn, Cr) from the origin stream compared to those from
the treatment stream (4 input conditions). The lines are the k-value trend lines of the treatment/origin
streams, and the blue dotted line is the trend line with k-value of 1.

Table 5. Export ratios of the metals from the origin stream compared to the treatment stream with 4
litter input conditions.

K Mg Fe Mn Cr

origin 1.00 c 1.00 b 1.00 b 1.00 b 1.00 b
non-woody litter 1.12b c 1.04 b 1.03 b 0.84 b 1.09 b

non-woody and woody litter 1.63 a 1.50 a 1.53a 1.05 a 1.65 a
litter exclusion 1.27 b 1.21 b 1.13 b 0.99 b 1.10 b

woody litter 1.55 a 1.47 a 1.43 a 1.24 a 1.56 a

Different lowercase letters in the same column denote significant (p < 0.05) differences among different litter input
conditions based on one-way ANOVA followed by multiple comparisons.

3.3. Dynamics of Metals Concentration in Sediment

The order of the concentrations of the metals in the sediment was K > Fe > Mg > Mn > Cr
(Figure 5). Results of the repeated-measures ANOVA showed that time had significant impacts on all
metals concentration of sediment, and different litter input conditions had significant impacts on Mg,
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Fe, Mn and Cr (Table 6). Throughout the study period, the metals concentration of the sediment in the
streams gradually decreased from June to October. The input of woody litter increased the Mg, Fe and
Mn concentration of the sediment downstream. The variation of Cr concentration was obviously
different from that of other metals. Compared with the origin stream, the exclusion of plant litter had
no significant effect on the Cr concentration, and the stream with only non-woody litter had a greater
concentration than others. The K and Fe concentration of the sediment was positively correlated with
the conductivity; the Mg and Fe concentration of the sediment was positively correlated with the
dissolved oxygen; and the Mn and Cr concentration of the sediment was positively correlated with the
pH (Table 7).

Figure 5. The K, Mg, Fe, Mn and Cr concentration of the sediment in the stream with different plant
litter input conditions.
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Table 6. Effects of time, debris input and their interaction on metals concentration of sediment tested
by repeated-measure ANOVA analyses.

Factor df K Mg Fe Mn Cr

F-Value p-Value F-Value p-Value F-Value p-Value F-Value p-Value F-Value p-Value

Time 4 45.982 <0.001 133.525 <0.001 487.003 <0.001 34.831 <0.001 110.740 <0.001
Input 4 1.541 0.264 10.342 <0.001 27.993 <0.001 5.577 <0.05 9.888 <0.01
Time × Input 16 3.334 <0.001 9.657 <0.001 3.968 <0.001 0.993 0.483 0.118 1.000

origin 59.08 a 3.80 b 4.37 c 0.46 b 0.10 b
non-woody litter 56.71 a 4.62 ab 4.61 c 0.55 ab 0.13 a
non-woody and woody litter 57.10 a 4.98 a 5.11 b 0.58 ab 0.11 b
litter exclusion 55.49 a 4.83 a 5.31 ab 0.50 ab 0.10 b
woody litter 53.78 a 5.40 a 5.67 a 0.63 a 0.90 b

Different lowercase letters in the same column denote significant (p < 0.05) differences among different litter input
conditions based on repeated-measure ANOVA followed by multiple comparisons.

Table 7. Correlation coefficients (r) between the environmental factors and the concentrations and
storages of metals in the sediment.

Factor
K Mg Fe Mn Cr

Content Storage Content Storage Content Storage Content Storage Content Storage

Temperature −0.153 0.410 ** −0.079 0.399 ** 0.035 0.363 ** −0.157 0.472 ** −0.022 0.498 **
Dissolved Oxygen 0.207 0.161 0.233 ** 0.255 * 0.274 * 0.289 * −0.018 0.082 0.195 0.192

Conductivity 0.350 ** 0.286 * 0.089 0.235 * 0.276 * 0.354 ** 0.095 0.226 0.197 0.273 *
pH −0.025 −0.256 * 0.110 −0.189 0.072 −0.150 0.228 * −0.186 0.275 * −0.128

Illumination −0.049 0.398 ** −0.192 0.284 * −0.017 0.334 ** −0.138 0.414 ** 0.009 0.440 **

*, p < 0.05; **, p < 0.01, n = 75.

3.4. Dynamics of Metals Storage in Sediment

The order of the storage of the metals in the sediment was K > Fe >Mg >Mn > Cr (Figure 6).
Results of the repeated-measures ANOVA showed that time had significant impacts on all metals
storage, but different litter input conditions had no significant impacts on all metals storage (Table 8).
The amount of metal storage in the sediment was not completely dependent on the metal concentration,
as the element concentration in June were the highest during the study period, but their storage were
not so. For K, Mn and Cr, the storage in July, August and September was greater than that in June and
October. Regarding the time scale, the variation in the metal storage in the sediments after non-woody
litter exclusion was greater than that in the streams without non-woody litter exclusion (Figure 6).
Temperature and illumination were the dominant environmental factors affecting all metal storage in
the sediment in the streams. The K, Mg, Fe, and Cr storage was positively correlated with conductivity;
the Mg and Fe storage was positively correlated with dissolved oxygen; and the K storage in the
sediment was negatively correlated with pH in the streams (Table 7).
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Figure 6. The K, Mg, Fe, Mn and Cr storage of the sediment in the stream with different plant litter
input conditions.
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Table 8. Effects of time, debris input and their interaction on metals storage of sediment tested by
repeated-measure ANOVA analyses.

Factor df K Mg Fe Mn Cr

F-Value p-Value F-Value p-Value F-Value p-Value F-Value p-Value F-Value p-Value

Time 4 10.331 <0.001 11.465 <0.001 20.406 <0.001 12.174 <0.001 16.291 <0.001
Input 4 0.099 0.980 0.236 0.912 0.184 0.942 0.309 0.866 0.561 0.697
Time × Input 16 0.785 0.692 1.503 0.219 1.046 0.434 0.235 0.999 0.400 0.975

origin 4385.02 a 278.54 a 306.11 a 33.12 a 7.22 a
non-woody litter 3981.85 a 316.76 a 310.69 a 38.00 a 8.63 a
non-woody and woody litter 3945.64 a 339.82 a 344.26 a 39.80 a 7.24 a
litter exclusion 3944.64 a 329.85 a 367.09 a 34.39 a 6.97 a
woody litter 3624.27 a 353.65 a 375.75 a 41.70 a 6.06 a

Different lowercase letters in the same column denote significant (p < 0.05) differences among different litter input
conditions based on repeated-measure ANOVA followed by multiple comparisons.

4. Discussion

4.1. Concentration and Export of Metals in Water

Through comparisons of the concentrations and exports of K, Mg, Fe, Mn, and Cr in headwater
streams with different input conditions of plant litter in an alpine forest, we assessed the dynamics of
these metals and the effects of non-woody litter and woody litter. In accordance with our hypothesis,
our results showed that non-wood debris and wood debris have different contributions to metal in
streams. Although there was no significant difference in metal export among streams with different litter
input conditions, the input of woody litter significantly increased the metal export ratio in the water.
Woody litter formed a major biological pathway for the transfer of elements from riparian vegetation
to streams [31], and the woody litter input may affect the export of metals in water by affecting
the behavioral factors of metals in headwater streams, such as the hydrology, flow characteristics
and properties of the metals themselves [32]. The litter input can change the ionic strength, thus
altering metal solubility and mobility [33]. Researchers have stressed the role of woody litter in
retaining sediments and organic matter, increasing habitat diversity and providing refuge for aquatic
organisms [34], as woody litter decompose more slowly in water than in terrestrial ecosystems. Thus,
it is difficult to increase the concentration and export of metals in water by decomposition itself, and
to alter metal mobility by changing the water characteristics [12]. The study results showed that the
input of woody litter significantly increased the water discharge in the headwater stream (Table 1), and
this may be the main reason for the increase in the metal export in the water, because woody litter
changed the original flow characteristic of the streams and formed a step [35]. Moreover, our results
also showed that there was a significant correlated relationship between the metal export of water and
dissolved oxygen. Because of the step formed by the input of woody litter, the process of water flow
descending was accompanied by intense water-air exchange, which increases the dissolved oxygen in
the downstream, thus affecting ecosystem metabolism and respiration [36].

Many previous experiments on litter decomposition in streams have shown that leaves can
decompose rapidly and release elements [18] because submerged leaves experience microbial
colonization, are shredded by invertebrates, and are physically abraded [37,38]; thus, non-woody litter
may increase the concentration of metals in headwater streams. However, our results showed that the
input of non-woody litter reduced the metal concentration in the water, and the streams with plant litter
exclusion had higher metal export ratio than the streams with only non-woody litter, which indicates
that non-woody litter can reduce the metal export, absorb metals from water and contribute to the
self-purification capacity of headwater streams [12]. Direct fresh non-woody litter that falls typically
has a lower density than water and moves downstream on the water surface until obstacles protruding
above the water surface trap it [39,40]. This litter then becomes waterlogged, sinks, and accumulates
on the stream bottom [41,42], and non-woody litter may intercept and absorb the metals from surface
runoff during floating. While the input of non-woody litter reduced the metals concentration in the
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water, the contribution of woody litter input was greater than that of non-woody litter input on the
metal export.

4.2. Concentration and Storage of Metals in Sediment

By comparing the K, Mg, Fe, Mn, and Cr concentrations and storage of sediment in the headwater
streams with different plant litter input conditions, we assessed the effects of non-woody litter and
woody litter input for these metals in sediments. The results showed that although non-woody litter
and woody litter could affect the metal concentration in the surface sediment, they had no significant
effect on the storage of metals in the surface sediment. Compared with the streams with non-woody
litter input exclusion, the variation in the metals in the sediment of the streams with non-woody litter
input was more stable. Sediment dynamics include the entrainment, transport, deposition, and storage
of particulate matter, which includes mineral sediment and particulate organic matter in this study [43].
Allochthonous non-woody and woody litter could influence the sediment dynamics in headwater
streams. After non-woody litter is supplied to headwater streams by forest ecosystems, it is initially
exposed to the water surface, passively adsorbing and actively taking up suspended sediments in the
water [16]. Then, a substantial portion of the non-woody litter entering running waters is buried in
the streambed after becoming submerged [44], because of relatively high sediment yields and flow
velocities [45]. The input of non-woody litter can reduce the mobility and erodibility of sediments
in headwater streams [46], and thus, the variation in the metal storage in the sediment downstream
is more stable and is not significantly different from that in the sediment upstream. The exclusion
of non-woody litter could cause sediment to move downstream, and thus, non-woody litter could
have difficultly contributing to the metal storage in the sediment in headwater streams. The input of
woody litter increased the Mg, Fe and Mn concentration and storage in the sediment. As a harmful
heavy metal, Cr showed an immobilization pattern in the early stage of litter decomposition [47], and
therefore, the concentration and storage of Cr in the sediment increased in the streams with non-woody
litter input.

The results showed that the storage of all the metals in the sediment was significantly correlated
with temperature and illumination (p < 0.05). The addition of woody litter could reduce the water
temperature and illumination in the headwater stream. Plant litter input drives ecosystem functioning
by promoting periods of intense respiratory activity [48]. High-quality plant litter is preferred by
aquatic fungi, bacteria and plankton, but it can be affected when light and temperature are limited [16].
Illumination is a direct mediating factor on ecosystem metabolism [36], and temperature can influence
organisms such as bacteria, fungi and microalgae in streams to respond quickly to environmental
changes, thus driving a large portion of material cycles [49]. These factors play an important role in
regulating primary productivity, decomposition, and disturbance. These factors are also influenced
by the input of plant litter, and the exclusion of plant litter could reduce the water temperature in
this study, thus affecting the transport, accumulation, and storage of metals in the sediment in the
headwater streams.

5. Conclusions

Assessing the effects of non-woody litter and woody litter inputs on metals through comparisons
of the concentrations, exports and storage of the metals in headwater streams with different plant litter
input conditions in an alpine forest is critical to understanding the process controlling the metals in
water and sediments by allochthonous plant litter. Through this method of control and comparison,
it was found that the input of woody litter can significantly increase the metal export ratio in water.
Meanwhile, the input of non-woody litter can reduce the metal concentration in water and facilitate
the stable storage of metals in the sediment in the headwater streams. Although the input of woody
and non-woody litter had different effects on metal concentration in sediments, they had no significant
effect on metal storage in sediments. The dynamics of only five metals in the headwater streams with
different input conditions of plant litter were measured in this study, but these metals are representative
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and contain macroelement, microelement and heavy metal. The input of non-woody and woody
litter had contrary effects on the storage of heavy metal Cr in the sediment from other elements.
Nevertheless, the study results still showed the responses of the metals to the input of allochthonous
organic litter. Knowing this response is critical for understanding the processes controlling the metal
concentrations in water and sediments and for assessing and managing the water quality of headwater
streams in the alpine forest.
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