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The middle and down streams of Han River are complex river systems inﬂuenced by hydrologic variations,
population distributions, and the engineering projects. The Middle Route of China’s South-to-North Water
Transfer (MSNW) project planned to transfer 95 billion m3 annually from Han River to north China. The operation of the MSNW project may alter the ﬂow rate and further inﬂuence the water quality of Han River. This
study used min/max autocorrelation factor analysis (MAFA) and dynamic factor analysis (DFA) to analyze
spatio-temporal variations of the water quality variables in three typical tributary-mainstream intersection zones
in Han River from June 2014 to April 2017. MAFA results showed that chlorophyll-a (Chl-a), chemical oxygen
demand (COD), suspend solid (SS) and phosphate (PO43−) (represented as trophic dynamics) are main concerned water quality variables in densely populated zones (Zones 1 and 3), and total nitrogen (TN), nitrate
nitrogen (NO3−), COD, and PO43− (regarded as nutrient formations dynamics) represent the underlying water
quality variations in agricultural cultivation zone (Zone 2). DFA results indicated that domestic and municipal
eﬄuent pollutants inﬂuence the organic concentrations and nutrient formations in the mainstream in Zones 1
and 2. The non-point source nitrogen and phosphorus discharged from the tributaries Tangbai and Hanbei Rivers
elevate the nutrient concentrations and increase Chl-a concentration (i.e. promote the algal growth) in densely
populated zones. In addition, controlling the ﬂow rates in low and middle ﬂow rate conditions can avoid degrading water quality. The ﬂow rate should be elevated to more than 700 cm (cubic meters per second) in the
middle stream and to more than 800 cm in the downstream of Han River for preventing water quality deterioration from high loadings of organic pollutants and nutrients. The integrated MAFA and DFA method establishes an eﬃcient analysis distinguishing spatio-temporal variation of water quality variables and provides
useful site-speciﬁc management to control water quality in various ﬂow conditions.
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1. Introduction
The ongoing urbanization and the augment of fertilizer application
substantially increase the loadings of nutrients (including nitrogen and
phosphorus) and organic matters into river streams, thereby deteriorating water quality. In big cities (more than 1 million population), the
discharge of industrial and domestic wastewaters containing high organic content may adversely aﬀect the aquatic life, drinking water
quality, and agricultural activities (Kambole, 2003; Pekey et al., 2004).
Runoﬀ volume carries agricultural pollutants (nitrogen and phosphorus) from farming lands into rivers in high precipitation period (Wei
et al., 2009). Municipal pollution and agricultural non-point source

pollution are two main sources providing organic pollutants and nutrients which may also inﬂuence the algal growth (Li et al., 2008).
Therefore, a better understanding of water quality variations and their
driving factors is critical for river water quality management.
Flow rate is considered as the key factor inﬂuencing the self-puriﬁcation and interactions among water quality variables in river ecosystems (Junk, 1989; Bunn and Arthington 2002). The ﬂow rate can be
altered by precipitation and runoﬀ volumes from various land uses for
agriculturalization or urbanization in a watershed (Vega et al., 1998;
Ahearn et al., 2005; Lin et al., 2013). In addition, the operation of
engineering projects may reduce the ﬂow rate and consequently cause
eutrophic states in a river system (Huang et al., 2009; Poﬀ et al., 2007;
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these crucial factors, the results can be valuable for developing management strategies to improve water quality.

Wang et al., 2011a,b). However, the relation between water quality
variables and ﬂow rate with strong spatio-temporal variation remains
unexplored because of the complex hydrochemical mechanism in river
system.
Dynamic process-based models such as SWAT (Arnold et al., 2014),
HSPF (Xie and Lian, 2013), and the AnnAGNPS model (Que et al.,
2015) have been applied to explain the relationship between variation
of environmental variables (e.g. temperature and precipitation) and
water quality dynamics. However, they need complex user-supplied
parameters (usually > 50 parameters) to perform physicochemical simulations (Jackson-Blake et al., 2017). In addition, multivariate statistical analysis methods such as cluster analysis and factor analysis
(Momen et al., 1996; Lau and Lane, 2002; Arhonditsis et al., 2004)
mostly ignore the spatio-temporal variation of data instead of using the
average data of time or space (Yang et al., 2012). Therefore, a statistic
method considering the spatio-temporal variation may be an available
option for investigating the relationships among water quality variables.
Min/max autocorrelation factor analysis (MAFA) is used to extract
trends from multiple time series that represent the common behavior of
the original time series (Zuur et al., 2007). Dynamic factor analysis
(DFA), a dimension-reduction technique, is used to identify underlying
common trends among multivariate time series which also considers
the eﬀects of explanatory variables on response variables (Kuo and Lin,
2010; Zuur and Pierce, 2004). MAFA has been widely applied for
spatio-temporal analysis, including the evolution of ﬁsh stocks in time
(Woillez et al., 2009), the water quality variation of river estuary (Kuo
et al., 2013), and the temporal variability of environmental variables in
German Bight (Shojaei et al., 2016). DFA has been used for studies of
aquatic ecological monitoring (Kuo and Lin, 2010; Ligas et al., 2010),
groundwater levels and quality (Muñoz-Carpena et al., 2005; Kuo and
Chang, 2010), atmospheric environment and pollution (Kuo et al.,
2011; Kuo et al., 2013), and the interactions between environmental
variables and algal abundance (Kuo and Wu, 2016). The combination of
MAFA and DFA can eﬀectively deal with the regional water quality
characteristics and the relationship among the water quality variables
(Kuo et al., 2013).
The Han River basin where the population distributed unevenly has
more than 10 tributaries (Li et al., 2008). Several big cities located
along the mainstream of Han River with more than 1.5 million people
discharged in the range of 0.8–2.0 × 107 kg wastewaters into Han River
in 2010 (Zeng et al., 2014). Two seriously polluted feed-in tributaries
(Tangbai River and Hanbei River) discharged 2.1–3.8 × 106 kg/yr
phosphorus and 0.9–1.8 × 106 kg/yr ammonia nitrogen (NH4-N) into
Han River and ﬁnally deteriorated the water quality in the main stream
(Huang et al., 2009; Li et al., 2011). The Middle Route of China’s Southto-North Water Transfer (MSNW) project planned to transfer 95 billion m3 annually from Han River to north China and the Yangtze-Han
Water Diversion (YHWD) project diverted water from the middle
stream (Jingzhou City) of Yangtze River to the downstream of Han
River (from Zhongxiang City to Wuhan City) to mitigate the eﬀect of
the MSNW project on Han River since 2014 (Fig. 1). The operation of
the MSNW and YHWD projects may alter the ﬂow rate of Han River
(Yang et al., 2012). These hydrological variations may inﬂuence water
self-puriﬁcation and further inﬂuence the water quality of Han River
(Xie et al., 2004; Zhao et al., 2010).
This study statistically analyzes spatio-temporal variations of the
water quality variables in three typical zones (zones in the intersection
between the mainstream and two tributaries or an engineering project)
in Han River from June 2014 to April 2017. The objectives of the study
are to (i) determine the main concerned water quality variables in the
main stream of Han River of three zones, (ii) examine the environmental factors inﬂuencing the temporal variations of main concerned
water quality variables in three zones, (iii) identify the relationships
between ﬂow rate and environmental variables and provide useful
management to control water quality of Han River. With knowledge of

2. Study area and method
2.1. Study area
Han River located in the central China is the longest tributary of the
Yangtze River. The middle stream of Han River is deﬁned from
Danjiangkou Reservoir to Jingzhou City (270 km) and the downstream
is deﬁned from Jingzhou to Wuhan City (406 km) where it joins the
Yangtze River (Fig. 1). The total drainage area in the middle and down
streams is 64,000 km2, with an elevation from 500 m at Danjiangkou
Reservoir to 110 m at Wuhan City (Li et al., 2008). Annual precipitations range from 700 to 1300 mm from the middle stream to the
downstream of Han River (Jiang et al., 2004). 80% of precipitation
concentrates in the period from May to October (Fig. 2). Jianghan plain,
with total drainage area of 46,000 km2, where 70% of land use is
agricultural land, is located in the downstream, with an elevation from
110 to 200 m (Zhang and Dong, 2009). Agricultural activities (such as
irrigation and fertilization) in Jianghan plain may aﬀect the hydrological conditions and water quality (Zhou, 2009; Li et al., 2012).
Undergoing rapid social and economic development has gradually
deteriorated water environment of the middle and down streams of Han
River watershed in the past 20 years (Chou et al., 2007; Zhong et al.,
2012). The average annual concentrations of organic substances, nitrogen, and phosphorus were increased by more than 20% from 1998 to
2009 (Luo et al., 2011). Tangbai River and Hanbei River are two
heavily polluted tributaries, which both ﬂow through agricultural areas
and discharge nutrients (nitrogen and phosphorus) into the mainstream
of Han River (Liang et al., 2012). Xiangyang City and Zhongxiang City
(Fig. 1) located in the tributary-mainstream intersection zones with
more than 1 million population (Sun and Wu, 2012) discharged
2.1 × 107 kg/yr and 1.4 × 107 kg/yr domestic and municipal organic
pollutants into the mainstream respectively in 2007 (Wang et al.,
2011a,b). The high mass of organic pollutants and nutrients have resulted in several large scale algal blooms in the middle and down
streams of Han River in recent 15 years (Chou et al., 2007; Zhang et al.,
2012; Zhang et al., 2016).
After the operation of the MSNW project, the ﬂow rate discharged
from Danjiangkou Reservoir to Han River was decreased and the ﬂow
rate in Tangbai River contributed more than 30% of that in the mainstream of Han River (Liang et al., 2016). In addition, the YHWD project
diverts water from the middle stream (Jingzhou City) of Yangtze River
to Han River (Fig. 1) to mitigate the eﬀect of the MSNW project on Han
River. The YHWD project-Han River intersection zone is located in
Jianghan plain where the agricultural land is the main land use producing non-point pollutants (agricultural nitrogen and phosphorous)
into the mainstream (Zeng et al., 2014). Two tributaries (Tangbai and
Hanbei Rivers) and two engineering projects (MSNW and YHWD projects) play important roles for regulating water quality variation in the
mainstream of Han River. Therefore, the zones of tributary TangbaiHan River intersection, YHWD project-Han River intersection, and tributary Hanbei-Han River intersection are deﬁned as Zone 1, Zone 2,
and Zone 3 (Table 1 and Fig. 1), respectively, for further discussion in
the study.
The 9 water sampling sites were distributed from the middle and
down streams of Han River watershed. Among the 9 sampling sites,
sites Main1, Main2, and Main3 are located at the upstream from the
intersections of the tributary and the mainstream of Han River in Zones
1, 2, and 3, respectively, which represent the water quality in the
mainstream before the tributaries or YHWD project ﬂows into Han
River. On behalf of the water quality in tributaries or YHWD project,
sites Tri1, Tri2, and Tri3 are located at tributary Tangbai River (Zone
1), YHWD project (Zone 2), and tributary Hanbei River (Zone 3), respectively. Sites at the downstream from the intersections of the
219
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Fig. 1. Monitoring sites of water quality in the study area (1: the MSNW project; 2: the YHWD project). Sites Main1, Tri1, and Int1 are located in Zone 1, Sites Main2,
Tri2, and Int2 are located in Zone 2, and Sites Main3, Tri3, and Int3 are located in Zone 3.

Fig. 2. The precipitation of the three zones (Xiangyang City in Zone 1, Zhongxiang City in Zone 2, and Wuhan City in Zone3) during the monitoring period.

Table 1
The regional watershed characteristics of the three zones. Yangtze River: water body was transferred and inﬂuenced by Yangtze River. Sites Int1, Int2, and Int3 are
inﬂuenced by both the mainstream sites (Main1, Main2, and Main3) and the tributary sites (Tri1, Tri2, and Tri3).
Zones

Average Q (cms)

Annual precipitation (mm)

Sites

City or Tributary

Main land use

Main pollutants

Zone 1

588

702

Main1

Xiangyang City

Urban

892

Tri1
Int1
Main2

Tangbai River
None
Zhongxiang City

Agriculture
Agriculture
Urban + Agriculture

1245

Tri2
Int2
Main3

YHWD project
None
None

Yangtze River
Agriculture
Urban + Agriculture

Tri3
Int3

Hanbei River
None

Agriculture
Urban + Agriculture

Municipal
wastewaters
Nutrients
From Main1 + Tri1
Municipal wastewaters
+Nutrients
Nutrients
From Main2 + Tri2
Municipal
wastewaters
Nutrients
From Main3 + Tri3

Zone 2

Zone 3

795

1031
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tributary and the mainstream of Han River in Zones 1, 2, and 3, respectively (Int1, Int2, and Int3, respectively), represent the water
quality in the mainstream inﬂuenced by both upstream Han River and
tributaries or engineering project.

Rn (t ) =

m=1

αm (t ) = α (t − 1) + ηm (t )

2.2. Water quality analysis

K

∑ γm,n αm (t ) + μn + ∑ βk,n z k (t ) + εn (t )
k=1

(1)
(2)

where Rn (t ) is the value of the nth response variable (RV) at time t;
αm (t ) is the mth common trend at time t, and γm, n is the factor loading or
weighting coeﬃcient that indicates the importance of each αm (t ) trend
within the dynamic factor model. βk, n represents the regression coeﬃcient for the kth explanatory variable (EV) z k (t ) . The t-test is used to
assess whether the EV is signiﬁcantly related to the RV. γm, n and βk, n
allow for the identiﬁcation of the most relevant common trends and EVs
for each RV. μn refers to the nth constant level parameter (intercept
term), which increases or decreases the linear combination of common
trends. The terms εn (t ) and ηm (t ) are independent, Gaussian-distributed
noise with zero mean and an unknown diagonal or symmetric/non-diagonal
covariance
matrix.
The
Nash-Sutcliﬀe
Eﬃciency
(−∞ ≤ NSE ≤ 1; Nash and Sutcliﬀe 1970) and Akaike’s information
criterion (AIC; Akaike, 1974) were used to select the optimal-performing DFA model. NSE = 1 indicated that the pairs of predicted and
observed data were consistent. Once a set of common trends was
identiﬁed, diﬀerent combinations of common trends and explanatory
variables are incorporated in the analysis until the minimum AIC (best
DFA model) is identiﬁed without exceeding the variance inﬂation factor
(VIF) criterion (VIF = 5.0) (Zuur et al., 2007). DFA was performed by
using the Brodgar Version 2.6.6 statistical package (Highland Statistics
Ltd., Newburgh, UK), which uses the statistical software language “R”
version 2.9.1 (R Core Development Team, 2009). Further details regarding DFA are presented in Zuur et al. (2003a, 2007).

Water samples were collected monthly from June 2014 and April
2017 (9 sites with 306 water samples in total) from 50 cm below a
water table by using a Kemmerer Water Sampler (Wildco, Yulee, FL,
USA). In each sample, a total of 13 environmental variables including
air temperature (TEMP), ﬂow rate (Q), pH, chemical oxygen demand
(COD), dissolved oxygen (DO), electrical conductivity (EC), suspend
solid (SS), chlorophyll-a (Chl-a), NH4-N, nitrate-nitrogen (NO3-N), total
nitrogen (TN), total phosphorous (TP), and orthophosphate (PO43−)
were analyzed. TEMP, DO, EC, SS, and pH were measured immediately
in situ. All water samples were ﬁltered (0.45 μm Millipore nitrocellulose
ﬁlter) in the ﬁeld and the samples were acidiﬁed with ultra-pure HCl to
pH < 2 and stored at 4 °C in ice box for analyzing physiochemical
variables. TP was measured by a colorimetric method after digestion
(digested by the ammonium molybdenum blue method and analyzed by
the ascorbic acid method). NH4-N was measured by Nessler’s reagent
spectrophotometry
(752
ltraviolet-visible
spectrophotometer,
Biochrom, USA). NO3-N and TN were determined by the alkaline potassium per sulfate oxidation–UV spectrophotometric method. COD was
measured by microwave digestion method (Sarkar et al., 1986), and
Chl-a was analyzed by the acetone frozen extraction spectrophotometric method (Vollenweider, 1968).
2.3. Methods

2.3.3. Analytical procedure
In this study, MAFA was ﬁrst used to determine the main concerned
water quality variables in three zones and investigate the regional
watershed characteristics at the downstream sites from the intersections
of the tributary and the mainstream of Han River (i.e. sites Int1, Int2,
and Int3 shown as black points in Fig. 1). These main concerned water
quality variables were selected as RVs in DFA models. After that, DFA
was used to investigate the interactions among the water quality variables and what mechanisms of tributaries and engineering projects inﬂuence main concerned water quality variables in Han River. The water
quality variables at the upstream sites from the interaction between the
mainstream and tributaries (i.e. sites Main1, Main2, and Main3 shown
as red points in Fig. 1) and those in tributaries or in the YHWD project
(i.e. sites Tri1, Tri2, and Tri3 shown as red points in Fig. 1) were selected as EVs. The VIF was computed to detect the multicolinearity of
each set of explanatory variables (Zuur et al., 2007). The VIF of explanatory variables greater than ﬁve was removed in these analyses
(Ritter et al., 2009).

2.3.1. Min/max autocorrelation factor analysis
MAFA is used to extract trends from multiple time series, to estimate
index functions from time series that represent the common behavior of
the original time series, and for smoothing (Switzer and Green 1984;
Shapiro and Switzer 1989; Solow, 1994). MAFA estimates the axes that
have decreasing auto-correlation at time lag 1 (Zuur et al., 2007).
MAFA divides the set of initial variables into a series of axes. The
number of important MAF axes was determined by obtaining p-values
for MAF axes through a randomization process (p > 0.80, Solow,
1994). The axis represents the underlying pattern, or the trend in the
data. The ﬁrst MAFA axis (MAF1) is the main trend underlying the
entire time series that exhibits a maximal auto-correlation between
nearby observations, and the other axes represent less crucial trends.
Thus, the ﬁrst MAFA axis has the highest auto-correlation with time lag
1 and the second axis has the second highest auto-correlation with time
lag 1. A similar trend occurs for all axes. The canonical correlation
coeﬃcients (R) between the variables time series and the MAFA axes
were obtained to determine the relationship between each variable and
particular MAFA axes. The terms ‘high’, ‘moderate’, ‘weak’ and ‘minor’,
as applied to canonical correlation coeﬃcients, refer to absolute values
of > 0.75, 0.75–0.5, 0.5–0.25 and < 0.25, respectively. In this study,
MAFA axes represent the water quality variation and the canonical
correlation coeﬃcients were used to determine the signiﬁcance of the
water quality variables, which reﬂect the regional characteristics.
Further details on MAFA are presented in Zuur et al. (2007) and Erzini
(2005).

2.3.4. Model validation
The quality of the optimal DFA model was evaluated by the
FITEVAL code which uses a more general formulation of the coeﬃcient
of eﬃciency (Ritter and Muñoz-Carpena, 2013). A combination of
graphical results, absolute value error statistics (e.g., root-mean-square
error, RMSE), and normalized goodness-of-ﬁt statistics (e.g., NSE) was
used as quantitative statistics of the predictive accuracy of a model.
Hypothesis testing of the NSE exceeding threshold values is accomplished based on approximated probability distributions in the case of
time series data. In conjunction with graphs and indicator values, a
probability of the following model performance ratings was provided as
follows: “unsatisfactory” (NSE < 0.65), “acceptable” (0.65 ≤ NSE <
0.80), “good” (0.80 ≤ NSE < 0.90), and “very good” (NSE ≥ 0.90).
More details of application of FITEVAL code can be found in Wu et al.
(2014), Harmel et al. (2014), Hornero et al. (2016), and Mfumu
Kihumba et al. (2016).

2.3.2. Dynamic factor analysis
As a parameter optimization and dimension-reduction technique,
DFA is useful for determining interactions between time-series response
and possible explanatory variables (Zuur et al., 2003a). In a DFA model,
N time series are expressed as a function of a linear combination of M
common trends, one or more explanatory variables, a constant level
parameter, and noise (Zuur et al., 2003b; Zuur and Pierce, 2004). The
mathematical formulation of the DFA model is as follows:
221
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Table 2
Water quality variables with mean value and coeﬃcient of variation (CV) in 9 diﬀerent sites of Han River. CV is shown in the parentheses. TEMP represents the air
temperature in each zone. –: no data observed.
Variables

TEMP (°C)
Chl-a (μg/L)
pH
EC (μs/cm)
DO (mg/L)
COD (mg/L)
SS (mg/L)
NH4-N (mg/L)
NO3-N (mg/L)
TP (mg/L)
TN (mg/L)
PO43− (mg/L)
Q (cms)

Zone1

Zone2

Zone3

Main1

Tri1

Int1

Main2

Tri2

Int2

Main3

Tri3

Int3

14.5 (0.78)
4.44
(0.40)
8.23
(0.09)
365
(0.09)
7.31
(0.16)
9.10
(0.50)
26.10
(0.23)
0.59
(0.33)
0.53
(0.41)
0.24
(0.19)
1.67
(0.32)
0.112
(0.43)
445
(0.59)

6.04
(0.47)
8.85
(0.13)
388
(0.20)
6.92
(0.15)
13.03
(0.62)
36.34
(0.41)
0.73
(0.31)
0.93
(0.37)
0.35
(0.25)
2.37
(0.32)
0.175
(0.56)
481
(1.02)

5.14
(0.38)
8.50
(0.10)
367
(0.19)
7.03
(0.20)
10.99
(0.53)
30.33
(0.25)
0.68
(0.29)
0.33
(0.33)
0.24
(0.29)
1.91
(0.24)
0.131
(0.47)
824
(0.58)

15.9 (0.72)
4.76
(0.34)
8.32
(0.09)
345
(0.15)
7.57
(0.18)
9.58
(0.48)
27.13
(0.24)
0.55
(0.41)
0.34
(0.45)
0.26
(0.26)
1.26
(0.20)
0.126
(0.47)
770
(0.58)

6.51
(0.62)
8.34
(0.08)
381
(0.13)
7.45
(0.13)
10.97
(0.54)
35.23
(0.27)
0.64
(0.36)
0.33
(0.37)
0.45
(0.41)
2.71
(0.42)
0.152
(0.55)
110
(1.81)

5.60
(0.43)
7.94
(0.09)
386
(0.16)
6.18
(0.18)
10.13
(0.44)
29.38
(0.17)
0.61
(0.40)
0.41
(0.33)
0.17
(0.23)
1.72
(0.19)
0.094
(0.42)
881
(0.61)

16.5 (0.69)
5.91
(0.30)
8.04
(0.10)
367
(0.12)
6.19
(0.15)
11.14
(0.44)
33.05
(0.23)
0.67
(0.39)
0.46
(0.36)
0.34
(0.25)
1.01
(0.28)
0.180
(0.52)
998
(0.69)

7.93
(0.50)
8.47
(0.29)
363
(0.19)
4.28
(0.11)
19.16
(0.70)
38.25
(0.22)
0.68
(0.43)
0.51
(0.41)
0.51
(0.43)
2.72
(0.28)
0.293
(0.52)
–
–

6.81
(0.35)
7.76
(0.16)
352
(0.16)
6.06
(0.19)
13.48
(0.44)
37.18
(0.18)
0.71
(0.34)
0.35
(0.28)
0.34
(0.28)
1.02
(0.22)
0.196
(0.47)
1102
(0.74)

3. Results and discussions

(p < 0.01) for Zone 1 and with that of 0.89 (p < 0.01) for Zone 3. Chla, COD, and PO43− showed high positive canonical correlation coeﬃcients with the MAF axis (R = 0.70, 0.84, and 0.88 for Chl-a, COD, and
PO43−, respectively), while SS moderately and negatively correlated
with the MAF axis (R = −0.71). Chl-a, which has been widely used as
an indicative indicator for estimating phytoplankton biomass (Felip and
Catalan, 2000), had the highest correlation coeﬃcient with the MAF
axis in both Zone 1 (R = 0.61) and Zone 3 (R = 0.58). COD represents
the content of organic matter in water bodies (Chen et al., 2010; Liu
et al., 2018). The reach of Han River in Xiangyang City (Site Main1)
was heavily contaminated by domestic and municipal organic pollutants (represented as COD) (Li et al., 2008). Tangbai River and Hanbei
River discharged more than 3.0 × 106 kg/yr of phosphorus to the
mainstream since 2009 (Li et al., 2011). The increases of COD and
PO43− concentrations can promote the growth of phytoplankton which
can increase Chl-a concentration and inﬂuence the trophic states
(Zheng et al., 2010). Large scale algal blooms have occurred ﬁve times
in the downstream Han River during 2002–2012, endangering the
safety of drinking and agricultural water (Luo et al., 2011; Zhang et al.,
2012). Therefore, the MAF axis can be interpreted as the trophic dynamics for water quality in these zones.
Two MAF axes were selected to represent the time series variation of
water quality in Zone 2 (Fig. 5 and Table 3), with an autocorrelation of
0.89 (p < 0.01) for the ﬁrst MAF axis (MAF1) and that of 0.81
(p < 0.01) for the second MAF axis (MAF2), respectively. TN showed
moderate and positive correlation with the MAF1 (R = 0.63). COD was
positively correlated with the MAF2 (R = 0.61), while NO3− and
PO43− were negatively related to the MAF2 (R = −0.59 for NO3− and
R = −0.81 for PO43−). TN, NO3−, and PO43− represent the variations
of inorganic nutrient variables in water body (Hakanson, 1980; Elser
et al., 2000). Because agricultural cultivation land accounts for 70% of
Jianghan plain, nutrients such as agricultural fertilizers (organic pollutants represented as COD) have been widely used and may ﬁnally
contaminate water quality. The organic agricultural fertilizers can be
oxidizing decomposed to inorganic nutrients (Dolman et al., 2012;
Paerl et al., 2011) and alter nutrient formations in water bodies.
Therefore, the MAF axis can be interpreted as the nutrient formation

3.1. Descriptive statistical analysis
Table 2 summarizes the mean and coeﬃcients of variation (CV) of
13 physicochemical parameters for the 9 sampling sites. High variations
(with CVs of > 50%) of environmental variables were observed for the
TEMP, Q, Chl-a, TP, PO43−, and COD variables at most sites, indicating
strong ﬂuctuations during the study period from June 2014 to April
2017. Water diversion of the MSNW and YHWD projects result that CVs
of Q at Sites Main1 and Tri2 were greater than 100%.
Fig. 3 illustrates the temporal variations of water quality variables
in three zones. All water quality variables were relatively stable ﬂoating
around mean value of each variable. The concentrations of Chl-a among
the 3 zones were varied seasonally, which show high values in early
spring (February-April) and low values in summer (July-August) corresponding well with low and high ﬂow rate conditions, respectively. In
addition, TN, TP, and PO43− concentrations showed similar trends
(Fig. 3). Q, Chl-a, TN, and TP concentrations decreased from June to
October and increased from January and April in all three zones. When
the abovementioned concentrations increased, Chl-a, TP and TN concentrations were in the range of 4.72–13.48 μg/L, 0.102–0.188 mg/L,
and 2.12–5.88 mg/L, respectively. The highest concentrations and error
estimates of water quality variables were distributed at Sites Tri1, Tri2,
and Tri3 among the three sites in each zone (Fig. 4). Therefore, concentrations of most water quality variables in the downstream section
were higher than those in the upstream section of Han River. In addition, mean values of most water quality variables in Zone 1 (except Site
Tri1) were lower than those in Zones 2 and 3 (Fig. 4), indicating that
water quality in middle stream was better than that in the downstream
Han River.
3.2. Min/max autocorrelation factor analysis (MAFA)
In both Zone 1 and Zone 3, only one MAF axis was selected for
representing the common behavior of the water quality time series in
these zones (Fig. 5 and Table 3) with an autocorrelation of 0.96
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Fig. 4. Temporal mean (during the study period) concentrations of water
quality variables at 9 sites in Zones 1, 2, and 3, respectively. Error estimates are
expressed as one standard deviation of the mean values. The horizontal axis
shows the relative distance among the three zones.

removed from candidate EVs for determining the optimal DFA model
and should be considered together with Q, once Q was a signiﬁcant EV
in the optimal model. The optimal DFA model (with the lowest AIC)
contained one common trend, various EVs, and a symmetric non-diagonal covariance matrix. In Zone 1, air temperature, COD at Site
Main1, and Chl-a, TP, TN, and Q at Site Tri1 were optimally ﬁtted to the
time series of RVs. In Zone 2, Q, COD, TP, and PO43− at Site Main2, and
DO and TN concentrations at Site Tri2 were signiﬁcant EVs in the optimal DFA model. Q, Chl-a, and TN at Site Main3, and COD, TP, and Q
at Site Tri3 were optimally ﬁtted to the time series of the main concerned water quality in Zone 3.
Table 4 shows the factor loadings (γ) of the optimal DFA models in
these three zones. The magnitude of factor loadings indicated the relation of the common trend to the time series of the response variable
within the optimal DFA models. For all three zones, the magnitudes of
factor loadings for the common trend were less than 0.31, indicating
that the common trend is not important for inﬂuencing the variability
of response variables. Therefore, the explanatory variables are more
eﬀective for the interpretation of what mechanisms of tributaries and
engineering projects inﬂuence water quality (response variables) in the
mainstream Han River.

Fig. 3. The averaged value of sampling sites at each zone for ﬂow rate, Chl-a,
COD, SS, TN, TP, and PO43− monitored from July 2014 to April 2017.

dynamics for water quality in Zone 2.

3.3. Dynamic factor analysis
3.3.1. The optimal DFA model
Because high and positive correlation (r = 0.775–0.857, p < 0.05)
was found between Q and precipitation in all sampling sites and precipitation had a high VIF value (VIF = 12.78), precipitation was
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(a)

(b) MAF1

(c) MAF2

(d)

Fig. 5. The MAFs and the canonical correlation coeﬃcients of water quality variables of the MAFs of (a) Zone 1, (b) + (c) Zone 2, and (d) Zone 3, respectively.

oxidizing decomposed to inorganic nutrients (e.g., PO43− and NO3−)
by chemoautotrophic bacteria (e.g., Nitrosomonas, Nitrobacter, etc.) in
organic pollution states (high COD and low DO values) (McCauley
et al., 1989). Thus, a negative correlation between COD and NO3−
(r = −0.51) and that between COD and PO43− (r = −0.46) were
found, and consequently COD and nutrients showed the opposite relationship in all three zones (Table 4). Precipitation can increase runoﬀ
volume carrying with sediment into a river, which increases SS in a
river (Qian et al., 2018). High and positive relationships between Q and
SS were found (r = 0.65, p < 0.05 for Zone 1 and r = 0.69, p < 0.05
for Zone 3). In addition, increasing ﬂow rate can dilute the concentrations of Chl-a, COD, and nutrients (TN and TP) (Yu et al., 2016).
Therefore, Q and SS concentrations were negatively related to Chl-a,
nutrients, and COD concentrations (Table 4).
Chl-a concentrations at Sites Int1 and Int3 were positively related to
both TP and COD in the tributaries in Zones 1 and 3 (Table 4). Some
organic matters and high phosphorus concentration can promote the
activity of enzymes in the hydrophytes (Leboulanger et al., 2001),
which can be assimilated by aquatic plants, algae, and bacteria (Zheng
et al., 2010). In addition, Chl-a concentrations at Sites Int1 and Int3
were positively related with those at Sites Tri1 (Tangbai River) and
Main3 (upstream of zone 3 in the downstream Han River), respectively.
In Zone 3, concentrations of nutrients and organic pollutants were
much higher than those in Zones 1 and 2 (Fig. 4), especially during
early spring from February to April. During this period, the ﬂow rate in
zone 3 is the lowest (Fig. 3) aﬀected by the high backwater discharged
from Yangtze River into Han River (Dong et al., 2010). Algae prefer to

Table 3
Main concerned water quality variables in each MAF axis at each zone.
Zone

MAF axis

Main concerned water quality
variables

Water quality dynamics

1
2

MAF1
MAF1
MAF2
MAF1

Chl-a, COD, SS, PO43−
TN
NO3−, COD, PO43−
Chl-a, COD, SS, PO43−

Trophic dynamics
Nutrient formations

3

Trophic dynamics

3.3.2. Interactions among the water quality variables
Table 4 illustrates the regression parameters (βk,n) which quantify
the relative contribution of each EV on each response time series with a
bold number indicating signiﬁcant parameters by t test (t value > 2). A
total of nine water quality variables including Q, TEMP, COD, DO, TP,
PO43−, TN, NO3−, and Chl-a were included in the optimal DFA models.
Inﬂuencing mechanism among the water quality variables and the
source identiﬁcation of pollutants are discussed in this section, and the
relationship between ﬂow rate and water quality variables is discussed
in Section 3.4.
In all three zones, PO43− (inorganic phosphorus) concentration
occupied more than 50% of TP (54%, 61%, and 59% in Zones 1, 2, and
3, respectively), and the sum of NH4− and NO3− (inorganic nitrogen)
concentration occupied more than 69% of TN (77%, 75%, and 69% in
Zones 1, 2, and 3, respectively) during the study period except July and
August in both 2015 and 2016 years. Therefore, most of TN and TP acts
as inorganic compounds. The organic compounds in TN and TP can be
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Table 4
Common trends and regression coeﬃcients of the explanatory variables for the optimal DFA models in Zones 1, 2, and 3. TEMP-Zone1 represents the variation of air
temperature in Zone 1, and COD-Main1 represents the COD concentration at Site Main1. The bold number of the explanatory variable is statistically signiﬁcant (t
value > 2).
Zone

1

Common trend No. (CT)

1

CT
2

1

CT
3

1

Response variables (RV)

Factor loadings (γ)

Chl-a
COD
SS
PO43−
RV

−0.212
0.019
0.115
0.283
γ

NO3-N
COD
TN
PO43−
RV

0.273
−0.164
0.107
0.233
γ

Chl-a
COD
SS
PO43−

−0.175
0.244
0.252
0.034

Explanatory variables (EV)

NSE

TEMP
-Zone1

COD
-Main1

Q
-Tri1

Chl-a
-Tri1

TN
-Tri1

TP
-Tri1

−0.178
−0.250
−0.201
−0.076
Q
-Main2
0.076
−0.042
−0.279
−0.449
Q
-Main3
−0.211
−0.116
0.129
−0.081

0.182
0.364
−0.973
−0.057
COD
-Main2
−1.201
1.212
−0.324
−0.161
Chl-a
-Main3
0.596
0.917
−0.196
0.892

−0.126
−0.515
0.305
0.169
PO43−
-Main2
0.918
−0.173
0.079
0.534
TN
-Main3
−0.092
−0.173
−0.013
−0.041

0.605
0.111
−0.408
−0.021
DO
-Tri2
−0.013
0.116
0.574
−0.308
COD
-Main3
0.430
0.323
−1.182
0.076

0.395
−0.308
−0.831
0.407
TN
-Tri2
0.270
−0.015
0.324
0.166
SS
-Tri3
0.103
−0.410
0.312
−0.051

0.248
−0.306
−0.828
0.555

TP
-Tri3
0.316
−0.122
−0.049
0.851

0.81
0.85
0.83
0.89
NSE
0.87
0.84
0.74
0.86
NSE
0.90
0.81
0.84
0.89

model. The calibration process was repeated in an attempt to improve
the ﬁt. Fig. 6 illustrates the main results of the evaluation. Data of RVs
in Zones 1 and 3 show “very good” ﬁts (average NSE = 0.958, ranged
from 0.915 to 0.991 in Zone 1, and average NSE = 0.995, ranged from
0.991 to 0.998 in Zone 3; Fig. 6), and data of RVs in Zone 2 show a
“good” to “very good” ﬁt (average NSE = 0.958, ranged from 0.862 to
0.989; Fig. 6). Among all the RVs, TN variable in Zone 2 (with the
lowest NSE, Table 4) ﬁtted as “good” while the other variables were
ﬁtted as “very good”, which resulted in the worse model ﬁt in Zone 2
comparing with those in Zones 1 and 3. The spatio-temporal variability
of fertilizer application and the precipitation in the watershed lead to
the uncertainly of nitrogen ﬁtting in Zone 2. In addition, the nitrogen
goodness-of-ﬁt was diﬃcult to evaluate because of the complex nitrogen cycles among various nitrogen formations (e.g., ammonium nitrogen, nitrate nitrogen, organic nitrogen) (Harmel and Smith, 2007;
Amiri, 2016).

grow abundantly in an approximate lentic environment with high organic pollutants and nutrients (Yang et al., 2016; Isabwe et al., 2018).
Therefore, large scale algal blooms have occurred ﬁve times in early
spring in the downstream Han River (Zone 3) rather than in Zones 1 and
2 during 2002–2012 (Chou et al., 2007; Zhang et al., 2012). More relationships between various ﬂow rate conditions and water quality
variables are further discussed in Section 3.4.
Organic pollutants and nutrients in the downstream of Han River
are inﬂuenced by multiple sources (i.e. tributaries and upstreams of
mainstream Han River) which exists high spatio-temporal variation. In
Zones 1 and 3, COD concentrations at Sites Main1 and Main3 signiﬁcantly inﬂuenced COD concentrations at Sites Int1 and Int3, respectively, and TP concentrations at Sites Tri1 and Tri3 positively related to PO43− concentrations at Sites Int1 and Int3, respectively
(Table 4). In Zone 1, auto manufacturing is the pillar industry in
Xiangyang City which is also an important organic pollution source of
Han River (Sun et al., 2017). Based on our observations, Xiangyang City
(located near Site Main1) discharged 2.7 × 107 kg/yr domestic and
municipal organic pollutants in 2016 into the mainstream of Han River
and therefore inﬂuence the organic concentrations and nutrient cycles.
In Zone 3, high COD concentration in the mainstream may be derived
from the accumulation of pollutant emissions in Zones 1 and 2. The
tributaries Tangbai River and Hanbei River ﬂowing through agricultural regions discharged large amounts of nutrients into Han River
(Liang et al., 2012). Li et al. (2011) and Liang et al. (2012) reported that
the Tangbai River and Hanbei River discharged 6.2 × 106 kg/yr and
3.8 × 106 kg/yr phosphorus to the mainstream Han River, which occupied 32% and 15% of total amount of phosphorus discharged from
Han River to Yangtze River (at Wuhan City) in 2009, respectively.
In Zone 2, COD concentration and TP concentration at Site Main2
signiﬁcantly inﬂuence the organic pollutants and nutrient concentrations at Site Int2. Zhongxiang City, located at the upstream from the
intersection of YHWD project and the mainstream, discharged
1.7 × 107 kg/yr domestic and municipal organic pollutants in 2016
into Han River (Sun et al., 2017). The organic pollutants and phosphorus at Site Main2 may be also derived from the municipal pollutants
(discharged from Xiangyang City) and nutrients (discharged from
Tangbai River) in Zone 1.

3.4. Relationship between ﬂow rate and environmental factors
In the optimal DFA model, the ﬂow rates in Sites Tri1, Main2, and
Main3 are negatively correlated with most RVs (main concerned water
quality variables), indicating that increase in ﬂow rate can eﬀectively
improve the water quality. The ﬂow rate can be regarded as an indicative variable representing the regional characteristics. The levels of
ﬂow rate were trisected as low, middle, and high ﬂow rates conditions
of each zone to further discuss the relationships between ﬂow rates and
the environmental variables (Fig. 7).
Low ﬂow rate condition (deﬁned Q less than 500, 700, and 800 cms
in Zones 1, 2, and 3, respectively) mostly occurred from November to
December and from January to March. In this condition, concentrations
of Chl-a, COD, and nutrient variables were high and varied strongly
(Table 5). In this period with low precipitation and low runoﬀ volume
(Figs. 2 and 3), the self-puriﬁcation ability of water quality variable in
low ﬂow rate conditions can obviously alter water quality (You et al.,
2009). The low ﬂow rate accompanied with low self-puriﬁcation may
deteriorate water quality and increase concentrations of pollutants.
Therefore, the higher ﬂow rate in Zone 3 possesses higher self-puriﬁcation resulting in the lower CVs of Chl-a and COD compared with the
lower ﬂow rate in Zones 1 and 2 (Fig. 7).
Middle ﬂow rate conditions (deﬁned Q between 500 and 1400,
700–1600, and 800–1800 cms in Zones 1, 2, and 3, respectively) mostly
occurred from April to May and from September to October (Figs. 2 and

3.3.3. Goodness-of-ﬁt evaluation of the response variables
In each zone, time series data of the RVs in the optimal DFA model
were combined together and then were evaluated by the FITEVAL
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Fig. 6. Goodness-of-ﬁt evaluation of the response variables at (a) Zone 1, (b) Zone 2, and (c) Zone 3, respectively.
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3). During this period with high precipitation (Fig. 3), increasing runoﬀ
volume carries high amounts of organic fertilizers, pesticides, and nutrients into Han River, and consequently triggers the algal growth.
Therefore, the ﬂow rate positively relates to the nutrients, COD and Chla concentrations in middle ﬂow rates (Fig. 7). The ﬂow rate at Site Tri2
is negatively correlated with COD (r = −0.65) and Chl-a (r = −0.59)
at Site Main2, indicating that increase in the ﬂow rate at the YHWD
project may be an eﬀective way for improving the water quality in the
mainstream.
High ﬂow rate conditions (more than 1400, 1600, and 1800 cms in
Zones 1, 2, and 3, respectively) have high self-puriﬁcation ability and
high self-rehabilitation capacity (Vagnetti et al., 2003; Vandermarken
et al., 2018). Therefore, the correlations between ﬂow rate and the
environmental factors including nutrients, organic matters, and suspend solids are not obviously. The CVs of these environmental factors
are also the lowest among all ﬂow rate conditions (Table 5). Because
the concentrations of the water quality variables are low and stable, the
variations of these variables are not drastic in high ﬂow rate conditions.
Flow rate, as a key variable, can be regulated by the MNSW and
YHWD projects for controlling water quality in the middle and down
streams of Han River. During low ﬂow rate conditions, the ﬂow rate
discharged from the MNSW project should be reduced and that from the
YHWD project to Han River should be increased. The ﬂow rate should
be controlled to more than 700 cm in the middle stream and to more
than 800 cm in the downstream of Han River for preventing water
quality deterioration from high loadings of organic pollutants and nutrients. In middle ﬂow rate conditions, decreasing the ﬂow rate transferred from the MNSW project and increasing the ﬂow rate discharged
from the YHWD project may be eﬀective ways for improving the water
quality in the mainstream. The relationship between water quality and
ﬂow rate can provide useful site-speciﬁc management to control water
quality in various ﬂow rate conditions.

4. Conclusion
Fig. 7. The nutrients, organic pollutants, and Chl-a concentrations in various
ﬂow rate conditions in three zones. The rectangle, triangle, and roundness represent Zones 1, 2, and 3, respectively, and the low, middle, and high ﬂow rate
conditions in these zones are shown in red, black, and blue, respectively. The
liner regression represents relation between middle ﬂow rates and water quality
variables of three zones. (For interpretation of the references to colour in this
ﬁgure legend, the reader is referred to the web version of this article.)

The MSNW and YHWD projects have been operated since 2014,
which may inﬂuence the hydrologic conditions and deteriorate water
quality in Han River. MAFA was used to statistically analyze regional
characteristics of water quality in three tributary-mainstream intersection zones of Han River. In densely populated zones (Zones 1 and 3),
Chl-a, COD, SS and PO43− (represented as trophic dynamics) represent
the main variations of water quality variables. In the agricultural cultivation zone (Zone 2), TN, NO3−, COD, and PO43− (regarded as nutrient formations) are main concerned water quality variables. From
DFA results, we identiﬁed pollutants source and infer possible mechanisms of tributaries and engineering projects inﬂuence main concerned water quality in the mainstream Han River. Domestic and municipal organic pollutants are mainly discharged from Xiangyang City
and Zhongxiang City into Han River, which inﬂuence the concentrations of organic pollutants and nutrients in Zones 1 and 2. The nonpoint source nitrogen and phosphorus containing high fraction of organic compounds emitted from the tributaries Tangbai and Hanbei
Rivers elevate the nutrient concentrations and increase Chl-a concentration (i.e. promote the algal growth) in densely populated zones.
In low ﬂow rate conditions, the ﬂow rate should be elevated to more
than 700 cm in the middle stream of Han River and to more than
800 cm in the downstream of Han River. Controlling the ﬂow rate in the
MSNW and YHWD projects can avoid degrading water quality in low
ﬂow rate conditions. The study can establish an eﬃcient analysis distinguishing spatio-temporal variation of water quality variables and
provide useful site-speciﬁc management to control water quality in
various ﬂow conditions. With knowledge of relationships between the
ﬂow rate and the water quality variables, we can eﬀectively improve
water quality of Han River.

Table 5
Water quality variables with mean value and coeﬃcient of variation (CV) in
various ﬂow rates in three zones of Han River. CV is shown in the parentheses.
Zone

Flow
conditions

Q
(cms)

Chl-a
(μg/L)

COD
(mg/L)

SS
(mg/L)

TP
(mg/L)

TN
(mg/L)

PO43−
(mg/L)

1

Low

466
(0.65)
978
(0.45)
1390
(0.12)
463
(0.54)
1023
(0.37)
1596
(0.08)
715
(0.81)
1262
(0.42)
1727
(0.09)

4.99
(0.65)
4.87
(0.41)
4.55
(0.33)
4.99
(0.40)
6.49
(0.39)
3.86
(0.21)
7.4
(0.39)
6.14
(0.38)
3.97
(0.21)

13.45
(0.56)
16.28
(0.33)
14.8
(0.31)
18.16
(0.39)
15.25
(0.35)
7.72
(0.22)
25.47
(0.47)
18.14
(0.34)
10.44
(0.24)

33.23
(0.63)
24.57
(0.25)
25.47
(0.31)
32.45
(0.37)
30.33
(0.33)
18.2
(0.19)
39.84
(0.60)
42.21
(0.33)
20.06
(0.19)

0.30
(0.69)
0.26
(0.52)
0.19
(0.45)
0.25
(0.33)
0.16
(0.45)
0.11
(0.22)
0.46
(0.46)
0.36
(0.46)
0.19
(0.32)

1.29
(0.41)
1.21
(0.58)
1.01
(0.37)
1.42
(0.29)
1.70
(0.43)
0.65
(0.29)
1.66
(0.48)
1.56
(0.44)
0.61
(0.31)

0.112
(0.63)
0.125
(0.43)
0.106
(0.36)
0.115
(0.45)
0.109
(0.49)
0.081
(0.26)
0.151
(0.56)
0.103
(0.54)
0.071
(0.31)

Middle
High
2

Low
Middle
High

3

Low
Middle
High
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