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Abstract

Spatial-temporal distribution of marine fishes is strongly influenced by environmental factors. To obtain a more
continuous distribution of these variables usually measured by stationary sampling designs, spatial interpolation
methods (SIMs) is usually used. However, different SIMs may obtain varied estimation values with significant
differences, thus affecting the prediction of fish spatial distribution. In this study, different SIMs were used to
obtain continuous environmental variables (water depth, water temperature, salinity, dissolved oxygen (DO), pH,
chlorophyll a and chemical oxygen demand (COD)) in the Changjiang River Estuary (CRE), including inverse
distance weighted (IDW) interpolation, ordinary Kriging (OK) (semivariogram model: exponential (OKE),
Gaussian (OKG) and spherical (OKS)) and radial basis function (RBF) (regularized spline function (RS) and
tension spline function (TS)). The accuracy and effect of SIMs were cross-validated, and two-stage generalized
additive model (GAM) was used to predict the distribution of Coilia nasus from 2012 to 2014 in CRE. DO and COD
were removed before model prediction due to their autocorrelation coefficient based on variance inflation factors
analysis. Results showed that the estimated values of environmental variables obtained by the different SIMs
differed (i.e., mean values, range etc.). Cross-validation revealed that the most suitable SIMs of water depth and
chlorophyll a was IDW, water temperature and salinity was RS, and pH was OKG. Further, different interpolation
results affected the predicted spatial distribution of Coilia nasus in the CRE. The mean values of the predicted
abundance were similar, but the differences between and among the maximum value were large. Studies showed
that different SIMs can affect estimated values of the environmental variables in the CRE (especially salinity).
These variations further suggest that the most applicable SIMs to each variable will also differ. Thus, it is necessary
to take these potential impacts into consideration when studying the relationship between the spatial distribution
of fishes and environmental changes in the CRE.
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1 Introduction

Fish spatial distribution is important to understand for stock
assessment and management (Chang et al., 2010; Li et al., 2017b;
Wang et al., 2018). The aggregation and distribution of fishes are
determined by their complex responses to environmental and bi-
otic factors (Gibson et al., 1996; Zhao et al., 2014). Their prefer-
ence for various combinations of environmental variables factors
determine the changes in fish community structure and overall
abundance (Pessanha and Aradjo, 2003; Selleslagh and Amara,

2008; Ribeiro et al., 2006). The careful selection of these variables
is very important when species distribution model were used to
fit the relationship between abundance and environmental vari-
ables (Ma et al., 2020). Thus, it is necessary to obtain and process
the appropriate environmental information of fish habitat to ac-
curately predict its spatial distribution.

In conventional marine surveys, environment variables are
usually measured at stationary stations at discreet time points,
resulting in fragmented dataset or lack of continuous time-series
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information of certain environmental parameters. To augment
limited data associated with stationary sampling designs, Spatial
interpolation methods (SIMs) can use the values of known points
to estimate the values of unknown points (Mueller et al, 2004).
Generally, SIMs can be applied under the following circum-
stances: (1) the spatial resolution and pixel size of existing data
do not meet the requirements; (2) the existing data model of con-
tinuous surface is inconsistent with the required data for the
model; and (3) the existing data cannot completely cover the re-
quired survey area (Li and Heap, 2014; Rufino et al., 2019). SIMs
have apparent advantages and use in the analysis and character-
ization of large-scale environmental variables, and they are one
of the most effective methods to obtain a more holistic view of
the continuous distribution of environmental parameters
(Auchincloss et al., 2012; Rufo et al., 2018).

Different SIMs have been widely used in the analysis of the
spatial distribution of fishery resources, such as that of inverse
distance weight (IDW), ordinary Kriging (OK) and radial basis
function (RBF). For example, Rivoirard and Wieland (2001) com-
pared the effects of two Kriging in estimating the abundance es-
timation of juvenile haddock by directly interpolating the abund-
ance data from the North Sea. Their results pointed out that the
external drift Kriging (EDK) could well compensate for the effect
of the daylight effect in the abundance estimation of haddock,
and EDK is better than OK on the survey-based abundance index
calculation. Chen et al. (2016) on the other hand used IDW, glob-
al polynomial interpolation (GPI), local polynomial interpola-
tion (LPI) and OK to estimate the abundance and compared the
effects of these SIMs on determining the fishery resources dens-
ity in the Yellow Sea. Considering feasibility and accuracy, IDW
was suggested as an effective routine method. Diaconu et al.
(2019) compared the effects of SIMs in the analysis of bathymet-
ric measurements and found that the estimated results affected
the accuracy of the final bathymetric maps. Rufino et al. (2019)
studied the effects of SIMs in estimating species distribution, and
recommended that the hypotheses of methods must be declared
before interpolating indicators (i.e., index of aggregation, per-
centage of presence, center of gravity, inertia and isotropy), espe-
cially when the indicators are to be compared among different
studies. Thus, the optimal interpolation was needed depending
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on the need or application as reported in different studies, and
that various hypotheses of methods may affect the estimation
results of estimating spatial distribution of environmental and bi-
otic factors (Li and Heap, 2008, 2011; Li et al., 2011).

As the largest estuary in China, the Changjiang River Estuary
(CRE) is an important place for the growth, reproduction, and
breeding of many migratory fishes due to its complex and dy-
namic ecosystems (Shan et al., 2017). Coilia nasus is an import-
ant fish with high economic value in the CRE, and its spatial dis-
tribution is closely related to different environmental factors such
as water temperature, water depth, pH, chlorophyll a and salin-
ity (Tong et al., 2018; Ma et al., 2020). Here, this study compared
the effects of different SIMs on the estimation of environmental
variables and the effects of estimated values on the predicted
spatial distribution of Coilia nasus. The goal is to provide a case
study for determining the optimal SIMs of continuous environ-
mental factors of fish habitat in the CRE.

2 Materials and methods

2.1 Data collection

Data were collected during the routine monitoring of fishery
resources conducted by the Chinese sturgeon nature reserve in
the CRE from 2012 to 2014. Surveys were conducted in the spring
(May), summer (August), autumn (November) and winter (Feb-
ruary) throughout the survey period following a stationary
sampling design. Data used in this study were obtained from 18
stations in the CRE (Fig. 1). The bottom trawl used for sampling
had a net wideness of 6 m, cod end mesh size was 2 cm, height
was 2 m and width was 6 m. One tow was performed at each sta-
tion at a speed of 2 n mile/h for 15 min.

For all of the fish species harvested using the bottom trawl,
their length, weight, and capture time were recorded. Also, envir-
onmental variables such as water depth (Depth, m), bottom wa-
ter temperature (Temp, °C), bottom salinity (Salinity, 10-12), pH
and dissolved oxygen (DO, mg/L) were measured using a multi-
parameter water quality meter (WTW-3430). Variables such as
chlorophyll a (Chl g, pg/L) and chemical oxygen demand (COD,
mg/L) at each site were obtained by analyzing water samples in
the laboratory.

121°40’

122°10'E

121°50 122°00’

31°50'/1

3 /\,,_;r ’L‘L [ Y o
_,g_' Sf\ U V
e ' ; 31°40 A
~ . T
S

e
}7\3\\7\‘ 31°30" 4
1’“&\% i’x}
vy fi /‘_’ TasmChina Sea
k \*5\«; 2 31°20" A
¢ ¢ !

0

——

Jiangsu Province

Chongming Island

Shanghai

10 20 km Changjiang River Estuary

Fig. 1. Spatial distribution of survey stations in the Changjiang River Estuary.
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2.2 Variables selection

Predictive variables measured in this study were divided into
spatio-temporal and environmental factors. Spatio-temporal
factors included season, longitude and latitude, and environ-
mental factors included Depth, Temp, salinity, DO, pH, Chl a and
COD. Strong correlation between environmental variables will
result in multicollinearity, which often leads to the model overfit-
ting, low accuracy of prediction, and uncertainty of variable se-
lection in modeling (Zhao et al., 2014). Correlation analysis and
variance inflation factors (VIFs) were used to judge for multicol-
linearity of variables before spatial interpolation (Liu et al., 2019),
and those environmental variables with VIF>3 in the model were
removed (Thomson and Emery, 2014; Sagarese et al., 2014).

2.3 Spatial interpolation methods

In this study, IDW, OK and RBF were used to interpolate en-
vironmental variables. The OK approach included three
semivariogram models namely exponential (OKE), gaussian
(OKG) and spherical (OKS). The RBF model is comprised of the
regularized spline function (RS) and the tension spline function
(TS).

SIMs have different assumptions and potentially suitable data
sets. IDW assumes that the unknown points are more easily influ-
enced by the known points in the closer distance than those from
afar (Shepard, 1968). All estimated values of IDW fall between the
known maximum and minimum values, and the main factor in-
fluencing the accuracy of IDW is the exponential power value
(Foehn et al., 2018).

OK assumes that the variables involved are random but spa-
tially correlated to some extent (Coburn, 2000). OK focuses on
spatially related factors and directly interpolates them with the
fitted semi-variances which were calculated by semivariogram
models. During the calculation, not only the influence of the dis-
tance between interpolated points are considered, but also the
position and the overall spatial distribution of the known points.
The weight used in the OK related to the semi-variances between
the interpolation point to the known point and among the known
points (Vicente-Serrano et al., 2003). This makes the OK model
different from IDW.

RBF uses a basis function to determine the weight of the
known points and to create a surface with minimum total
curvature, which can also capture the overall trend and obtain
local changes (Johnston et al., 2001). The basis function determ-
ines the matching of the surface and interpolated points (Bhunia
et al., 2018). The RS (Mitasova and Mités, 1993) generates a
smooth and graded surface, but the interpolation results may be
out of the value range of the known points. The TS (Mitd$ and
Mitdsova, 1988) adjusts the hardness of the surface according to
the fitted surface, and the interpolated results then become
closer to the value range of the known points.

For more details on the algorithms for each interpolation
method, see the article of Shen et al. (2019). In this study, the
SIMs were carried out in ArcGIS 10.3 with a spatial resolution of
0.05°x0.05°.

2.4 Cross-validation

Cross-validation was used to compare the effectiveness of
SIMs. In the process of cross-validation, one of the known points
is removed from the data set, and then estimated the value of the
removed points by the other points. Meanwhile, the measured
value is compared with the estimated value and the error is cal-
culated (Shen et al., 2019). After completing the above steps for
each point, the mean error (ME) and root mean square error

(RMSE) were calculated as indices to evaluate the accuracy of the
SIMs. The ME and RMSE both quantify the difference between
the observed and predicted density (Stow et al., 2009). ME re-
flects the overall estimation bias of the SIMs (Isaaks and Srivast-
ava, 1988). If the ME is closer to 0, then the predicted value is
more unbiased. RMSE needs to be compared first because it re-
flects the error of estimated values and measured values. When
RMSE is close to 0, this indicates that the fitting is better (Ding et
al., 2018). Equations used for ME and RMSE are as follows:

1o .
ME = 21[in ~ 2z, 0]
-

RMSE = )

where zy;, and z;, are the observed value and predicted value of
point x; respectively, and rn is the number of samples.

2.5 Model development

A two-stage generalized additive model (GAM), which can re-
duce the effect of zero catches was used to establish the relation-
ship between environmental variables and the changes of Coilia
nasus resources in the CRE. The two-stage GAM assumes that the
zero records indicated absence of Coilia nasus in the surveyed
habitat rather than just low abundance. This approach had ad-
vantages in preserving the information of zero observations
(Chang et al., 2010; Li et al., 2015). The first stage of GAM model
estimated that the presence probability of Coilia nasus was a bi-
nomial error distribution, and the second stage of GAM model
used a function of Gaussian error distribution to estimate the log-
transformation abundance of Coilia nasus. Based on the value of
the smallest corrected Akaike information criterion (AICc), the
variables were selected via backward stepwise regression meth-
od (Beier, 2001). The two-stage GAM model formula is as follows:

GAM 1:

logit (p) =year + month + s (Lat) + s (Depth) +
s (Temp) + s (Salinity) + s (pH) + ¢, (3)

GAM 2:

In (d) =year + month + s(Lon) + s(Lat) + s(Depth)+
s(Temp) + s(pH) + s(Chl a) + ¢, 4)

where p is the presence probability of Coilia nasus, d is the
abundance of Coilia nasus (unit: ind./km?), s is the spline
smoothing function; Lon, Lat, Depth, Temp, Salinity, pH, Chl a
are longitude, latitude, water depth (unit: m), water temperature
(unit: °C), salinity (10-12), pH, chlorophyll a (unit: mg/L) respect-
ively, and ¢ is the random error term.

Combining the results of the two-stage GAM, the following
formula was used to estimate the total log-abundance of Coilia
nasus (D):

In(D) = p In(d). s)

The area under the receiver operating characteristic curve
(AUC) was used to verify the predictive ability of the first stage
GAM (Hanley and McNeil, 1982). AUC ranged from 0 to 1, where
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AUC equals 0.5 indicates that the prediction of the model is con-
sistent with the random prediction. When AUC is closer to 1, the
probability of correct prediction of the model is higher and when
AUC value is closer to 0, this indicates worse than the random
prediction (Zou et al., 2007). The RMSE and R? from the linear re-
gression model were used to judge the fitting degree of the
second stage GAM (Li et al., 2018).

3 Results

3.1 Selection of predictive variables

Based on VIFs analysis, the values of DO and salinity were lar-
ger than 3. However, salinity was reconsidered in subsequent
analysis since it is an important variable influencing changes in
the spatial distribution of fish communities in most estuaries.
Moreover, salinity had the highest correlation coefficient
between environmental variables, particularly with COD. Be-
cause of this, DO and COD were then removed from subsequent
analysis because of collinearity. The remaining variables used in
next steps were Lon, Lat, Depth, Temp, Salinity, pH and Chl a,
which had VIF values of 1.74, 2.38, 1.24, 1.21, 2.57, 1.31 and 1.26

respectively.

After implementing the AICc approach, the first stage GAM
retained five variables including Lat, Depth, Temp, Salinity and
pH. This model explained 30.1% of the deviance, and had an AUC
value of 0.85, which better predicted the probabilistic presence of
Coilia nasus. The second stage GAM retained six variables,
namely Lon, Lat, Depth, Temp, pH, and Chl a. Model deviation
accounted for 69.0% of the variance, with an R? of 0.58 and RMSE
of 324.50 (Table 1).

3.2 Analysis of the interpolation results of environment variables
The values of environmental variables estimated in CRE by
various SIMs varied significantly (Table 2). The mean value of
each variable was close to the measured data, while the mean
values of the interpolation results of Temp, Salinity and pH were
smaller than the measured data. Meanwhile, the mean values of
Temp and pH were not significantly smaller than that of the
measured data, and Salinity was a little higher. The standard de-
viation (SD) and the coefficient of variation (CV) of the interpola-
tion results of all environmental variables were smaller than the
measured data. Among them, the SD and CV of pH were the

Table 1. Summary and variables and performance of the GAM models

Model Deviance/% Sample size AUC Variables

GAM1 30.1 137 0.85 Lat, Depth, Temp, Salinity, pH
Model Deviance/% Sample size RMSE Variables

GAM2 69.0 48 324.50 Lon, Lat, Depth, Temp, pH, Chl a

Note: Lon: longitude; Lat: latitude; Depth: water depth; Temp: water temperature; Chl a: chlorophyll a.

Table 2. Descriptive analysis of environment variables in different spatial interpolation methods

Methods Depth Temperature
mean (range)/m SD/m CV/% Sk Ku mean (range)/°C SD/°C  CV/% Sk Ku
True 6.25 (1.50-20.00) 3.12 49.92 1.84 5.18 18.16 (5.60-30.10) 8.04 44.25 0.06 -1.36
OKE 6.35 (2.66-15.40) 1.64 25.83 1.38 4.07 18.02 (6.13-29.93) 7.82 43.40 0.10 -1.37
OKG 6.39 (1.99-15.56) 1.95 30.56 1.37 4.06 18.02 (4.82-30.37) 7.86 43.62 0.11 -1.37
OKS 6.56 (2.34-15.70) 1.70 25.95 1.07 2.78 18.01 (6.13-29.95) 7.85 43.59 0.11 -1.37
IDW 6.13 (2.01-15.00) 1.58 25.77 2.15 7.69 18.05 (5.69-30.10) 7.87 43.60 0.09 -1.38
RS 6.43 (0.00-16.15) 2.11 32.81 0.76 3.50 18.01 (5.47-30.16) 7.82 43.42 0.10 -1.36
TS 6.57 (0.75-19.73) 2.06 31.40 1.80 6.40 17.99 (5.57-30.08) 7.86 43.69 0.09 -1.37
Methods Salinity pH
mean (range)/10-12 SD/10-12 CV/% Sk Ku mean (range) SD CV/% Sk Ku
True 9.18 (0.00-29.80) 10.14 111.31 0.53 -1.32 8.01 (6.62-9.03) 0.39 4.87 -1.35 3.10
OKE 8.09 (0.00-29.50) 7.23 89.48 0.85 -0.32 8.00 (7.25-8.55) 0.26 3.25 -0.95 0.76
OKG 8.42 (0.00-42.87) 8.49 101.07 0.91 -0.05 8.00 (7.14-8.55) 0.27 3.38 -1.03 0.95
OKS 8.11 (0.00-30.78) 7.80 96.30 0.81 -0.47 8.01 (7.22-8.55) 0.27 3.37 -1.07 0.82
IDW 7.71 (0.00-29.78) 8.56 111.17 0.86 -0.66 8.00 (6.92-8.55) 0.28 3.50 -0.94 0.95
RS 7.87 (0.00-34.27) 7.74 98.60 0.93 -0.12 8.00 (6.75-8.67) 0.28 3.50 -1.14 1.55
TS 7.69 (0.00-32.56) 7.57 98.57 0.94 -0.14 8.00 (6.90-8.58) 0.28 3.50 -1.08 1.12
Chlorophyll a
Methods
mean (range)/pg-L-!  SD/pg-L! CV/% Sk Ku
True 1.84(0.09-11.25) 2.10 117.32 2.38 5.95
OKE 1.87(0.12-10.95) 2.01 107.47 1.93 3.01
OKG 1.90 (0.12-11.63) 2.08 110.05 2.03 3.52
OKS 1.89(0.13-11.12) 2.05 108.47 1.95 3.09
IDW 1.88 (0.11-11.25) 2.08 111.23 2.06 3.57
RS 1.87(0.11-11.36) 2.03 109.14 2.05 3.65
TS 1.88(0.13-11.52) 2.08 110.64 2.14 4.13

Note: SD: standard deviation; CV: the coefficient of variation; Sk: skewness; Ku: kurtosis; True: measured values; OKE: Ordinary Kriging
based on exponential model; OKG: Ordinary Kriging based on gaussian model; OKS: Ordinary Kriging based on spherical model; IDW: inverse
distance weight; RS: Regularized Spline Function; TS; Tension Spline Function.
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least, indicating that the degree of dispersion was also the lowest.
Meanwhile, the CV of Chl a was the largest and the measures of
dispersion degree were the highest. By comparing the skewness
(Sk) and kurtosis (Ku), the distributions of the estimated value of
the variables were consistent with the measured data after inter-
polation. Except for pH, the Sk of the remaining variables were
larger than 0, indicating that the estimated values were positively
skewed to the right, while the value of pH was skewed to the left.
The Ku of Depth, pH, and Chl a were larger than 0, indicating
that the estimated value distribution was steeper than the nor-
mal distribution and presented a peak distribution. Ku of Temp
and Salinity were less than 0, showing a flat peak distribution.

The central tendency of interpolation results also varied (Fig. 2).
For example, although the estimated values of Temp, pH, and
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Chl a obtained by SIMs only slightly varied, they were significant
(p<0.01). The upper quartile values of these three variables were
all lower than the measured values, indicating that the spatial in-
terpolation method had an impact on the central tendency of the
data. As for Depth, the values varied the most when estimated
with IDW. Of all the environmental variables, salinity varied the
most when estimated with OKE. Different SIMs had different re-
sponses to each environmental variable, but there was no con-
sistent trend on the estimated values being larger or smaller than
the measured values.

3.3 Spatial distribution of environmental variables
Although the estimated values of environmental variables ob-
tained by various SIMs differed, SIMs generally still did not
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Fig. 2. Box plots of the values of interpolated environmental variables with different spatial interpolation methods. True: measured
values; OKE: Ordinary Kriging based on exponential model; OKG: ordinary Kriging based on Gaussian model; OKS: ordinary Kriging
based on spherical model; IDW: inverse distance weight; RS: regularized spline function; TS: tension spline function.
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change the overall distribution trend of environmental variables.
For example, the estimated values of Depth were higher, while
pH and Chl a were lower outside the estuary (Figs S1-S15). Tak-
ing the 2014 winter environmental data in the CRE as an ex-
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timated values obtained by each SIMs were very small. Among
them, spatial distribution of the values obtained by IDW and OK
were blocky, but the spatial continuity of IDW were lower than
OK. The values obtained by RBF on the other hand were gener-
ally high.

Spatial distribution of salinity significantly differed inside and
outside of the CRE (Fig. 5). The estimated values of salinity ob-
tained by OK were higher on the inside of the estuary and the
continuity was lower than other methods. The three semivari-

higher salinity. In contrast, salinity estimated by IDW were high-
er than those obtained by other methods on the north side of the
CRE, and the continuity was lower on the outside of the CRE. The
values of RBF were the smoothest in terms of spatial distribution,
while the values of the two RBF methods were very similar.

3.4 Cross-validation results
The cross-validation of the interpolations for each environ-
mental variables showed that the optimal SIMs applicable to

ogram models of OK also showed differences in the areas with  each variable differed (Table 3). IDW was the most suitable

121°30’ 121°45’ 122°00'E 121°30’ 121°45' 122°00'E 121°30" 121°45’ 122°00'E

31°40'
N
31°35'
31°30"
31°25" 1
31°20" A
31°40" 1
N
31°35" 1
31°30"
31°25" 1
31°20"

- 8.09

Fig. 6. Spatial distribution of interpolated pH with different spatial interpolation methods (SIMs) in the winter of 2014 of the
Changjiang River Estuary. The different SIMs are ordinary Kriging based on exponential model (OKE), ordinary Kriging based on
Gaussian model (OKG), ordinary Kriging based on spherical model (OKS), inverse distance weight (IDW), regularized spline function
(RS), tension spline function (TS).
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Fig. 7. Spatial distribution of interpolated chlorophyll a with different spatial interpolation methods (SIMs) in the winter of 2014 of
the Changjiang River Estuary. The different SIMs are ordinary Kriging based on exponential model (OKE), ordinary Kriging based on
Gaussian model (OKG), ordinary Kriging based on spherical model (OKS), inverse distance weight (IDW), regularized spline function
(RS), tension spline function (TS).

Table 3. Cross-validation error of the different spatial interpolation methods for environmental variables

Methods Depth/m Temperature/°C Salinity/10-12 pH Chlorophyll a/(pg-L1)
ME RMSE ME RMSE ME RMSE ME RMSE ME RMSE

OKE -0.460 3.251 0.074 1.262 0.192 6.245 0.000 0.200 -0.030 0.510
OKG -0.507 3.394 0.111 1.300 -0.140 6.458 0.001 0.194 -0.038 0.526
OKS —-0.485 3.320 0.085 1.282 0.016 6.128 0.000 0.196 -0.031 0.480
IDW -0.491 3.025 0.117 1.188 0.753 6.063 0.005 0.199 —0.069 0.462
RS -0.371 3.166 0.050 1.181 0.101 5.722 0.002 0.208 -0.033 0.476
TS -0.378 3.118 0.039 1.195 0.124 5.774 0.002 0.205 -0.010 0.479

Note: ME: mean error; RMSE: root mean square error. The most applicable SIMs to each variable was in bold print. OKE: ordinary Kriging
based on exponential model; OKG: ordinary Kriging based on Gaussian model; OKS: ordinary Kriging based on spherical model; IDW: inverse
distance weight; RS: regularized spline function; TS: tension spline function.
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method for Depth and Chl a in the CRE, which had RMSE values
of 3.03 and 0.46, respectively. Meanwhile, the method that well
suited Temp and Salinity was RS, with observed RMSE values of
1.18 and 5.72, respectively. The applicable method for pH was
OKG with observed RMSE value 0.19. Also, pH recorded the low-
est RMSE value along with the lowest measures of dispersion.
The maximum RMSE value of environmental variables was ob-
tained by OKG. The ME of different interpolation results of each
environmental variable was close to 0, indicating that the inter-
polation results were almost unbiased.

3.5 Predicted abundance of Coilia nasus using different spatial in-

terpolation methods

The interpolation results of environmental variables ob-
tained by different SIMs and the results obtained by the most
suitable SIMs (use Complex instead below) were used to predict
the abundance of Coilia nasus in the CRE from 2012 to 2014. The
mean value of the predicted abundance of Coilia nasus by each
method was similar (267-293 ind./km?), but the maximum value
varied significantly (1 791-2 355 ind./km?) (Table 4). Among
them, the predicted mean and maximum values of IDW were the
lowest, while highest mean and maximum values were obtained
by OKS and TS respectively. The values and distribution trends of
the predicted abundance values based on Complex were
between the maximum and minimum values of the other meth-
ods. The predicted values with the greatest degree of dispersion
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was TS, while the smallest was with OKS (Fig. 8). Sk and Ku of all
the predicted abundance values were larger than 0, indicating
that the data had a positively skewed peak distribution.

3.6 Coilia nasus spatial distribution

Different SIMs obtained different estimated values of the en-
vironmental variables, which in turn will affect the predicted val-
ues of the abundance of Coilia nasus. The abundance of Coilia
nasus in the winter of 2012-2014 and different seasons in 2014 of
the CRE were then used as examples (Figs 9 and 10). Results
showed that the spatial trend of the predicted abundance of Coil-
ia nasus based on the estimated environmental values obtained
by SIMs were similar, and the abundance on the inside of the es-
tuary was significantly larger than outside. The abundances in
autumn and winter were higher than in spring and summer, with
spring having the lowest abundance. However, there were differ-
ences in the spatial distribution and abundances trends, differ-
ence of which were associated with the color of the grid (Figs S16
and S17). The semivariogram models of OK also showed differ-
ences, while the abundances obtained using the two RBFs had
similar spatial distribution maps of predicted values. The differ-
ences of the predicted values between SIMs were significant
(p<0.01).

4 Discussion
Spatio-temporal changes in environmental variables in the

Table 4. Descriptive analysis of the prediction abundance of Coilia nasus in different spatial interpolation methods

Methods Mean (Range)/(ind.-km2) SD CV/% Sk Ku
OKE 280 (0-2 227) 328.18 117.21 2.01 5.61
OKG 277 (0-2 257) 327.29 118.16 2.10 6.31
OKS 293 (0-2 277) 336.09 114.71 1.84 4.72
IDW 267 (0-1791) 320.39 120.00 1.78 3.31

RS 278 (0-2 203) 338.23 121.67 2.02 5.38
TS 272 (0-2 355) 346.36 127.34 2.27 7.13
Complex 268 (0-1933) 332.86 124.20 1.87 4.03

Note: OKE: ordinary Kriging based on exponential model; OKG: ordinary Kriging based on Gaussian model; OKS: ordinary Kriging based
on spherical model; IDW: inverse distance weight; RS: regularized spline function; TS: tension spline function; Complex: the results obtained

by the most suitable SIMs of environmental variables.
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Fig. 8. Box plot of the Coilia nasus abundance values predicted by environmental data from different spatial interpolation methods.
OKE: ordinary Kriging based on exponential model; OKG: ordinary Kriging based on Gaussian model; OKS: ordinary Kriging based on
spherical model; IDW: inverse distance weight; RS: regularized spline function; TS: tension spline function; Complex: the results

obtained by the most suitable SIMs of environmental variables.
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Fig. 9. Spatial distribution of Coilia nasus predicted with interpolated environmental variables from different spatial interpolation
methods in the winter from 2012-2014 in the Changjiang River Estuary. The different SIMs are ordinary Kriging based on exponential
model (OKE), ordinary Kriging based on Gaussian model (OKG), ordinary Kriging based on spherical model (OKS), inverse distance
weight (IDW), regularized spline function (RS), tension spline function(TS) and the results obtained by the most suitable SIMs of
environmental variables (Complex).

marine ecosystems mainly influence the variability in the com-  different environmental estimated values, the SIMs affected the
munity patterns of organisms. This study estimated the environ-  estimated values and eventually led to differences in the predic-
mental variables in the CRE using various SIMs methods, and  tion of the spatial distribution of Coilia nasus in CRE. The signi-
predicted the spatial distribution of Coilia nasus using these es-  ficant differences in the interpolated results had impacts on the
timates. Comparing the effect of predicted abundance with the  prediction of Coilia nasus, especially on their spatial distribu-
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Fig. 10. Spatial distribution of Coilia nasus predicted with interpolated environmental variables from different spatial interpolation
methods in 2014 in the Changjiang River Estuary. The different SIMs are ordinary Kriging based on exponential model (OKE), ordinary
Kriging based on Gaussian model (OKG), ordinary Kriging based on spherical model (OKS), inverse distance weight (IDW),
regularized spline function (RS), tension spline function(TS) and the results obtained by the most suitable SIMs of environmental

variables (Complex).

tions and the maximum values of the predicted abundance. The
mean values of the predicted abundances however remained
similar.

SIMs can be used to evaluate spatial autocorrelation and spa-
tial dependence by measuring the relationship between distant
and close known points (Childs, 2004). However, SIMs should
not be used directly on abundance data because the spatial dis-
tribution of fish is discreet and non-continuous (Yu et al., 2013).
For example, Yu et al. (2012) estimated the density of yellow
perch in the Lake Erie by applied the estimated value obtained by
OK as the “true” density to the sampling design in the simulation
study. However, in the study of Yu et al. (2013), the performances
of Generalized Linear Models (GLMs), GAMs and OK were com-
pared through a simulation study based on fishery-independent
surveys of yellow perch in the Lake Erie. They found that directly
interpolated the relative abundance index did not reflect the ob-

served abundance in fisheries based on ground observations, es-
pecially when sampling designs have deviation or sampling sites
did not covered population distribution range. Thus, it is neces-
sary to predict the spatial distribution of fishery resources by in-
terpolating environment variables and combining biological re-
sponses with observed environmental changes. Li et al. (2018)
has taken this into account, allowing them to calculate the aver-
age grain size of sediments using the Kriging when they pre-
dicted the distribution of American lobsters. Combined with en-
vironmental variables such as bottom water temperature, bot-
tom water salinity, depth, latitude, longitude and distance off-
shore, they used geographically weighted regression models to
predict the distribution pattern of American lobsters, instead of
directly interpolating for the abundance of lobsters.

SIMs had been shown to have different applicability during
this study. Cross-validation showed that the most suitable SIMs
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for water depth and chlorophyll a were IDW, Temp and Salinity
were RS, and pH was OKG. IDW was not able to handle regularly
distributed data like water depth and chlorophyll a. The spatial
distributed of the values obtained however by IDW were blocky,
because it was too sensitive to extreme values that could affect
the overall trend (Isaaks and Srivastava, 1988). In this study, OK
was the most suitable SIMs for pH, but the differences between
the six SIMs was also small. Most studies used the OK as the only
interpolation method in fisheries at present. The Kriging
provided the best linear unbiased estimation and fully con-
sidered the spatial relationship and correlation between meas-
ured points, but would be inaccurate if the sample size was too
small (Nalder and Wein, 1998). RBF was especially suitable for
sampling points with the irregular spatial distribution and low
spatial uniformity (Hutchinson, 1995), such as temperature and
salinity. RBF reflected well the overall variation trend, but the es-
timated values were generally high. When making an appropri-
ate choice, all influencing factors such as sample size and ex-
treme values should be considered. Through comparison, the
most suitable SIMs for a specific study can then be determined.

When small amounts of variation were observed in the raw
data of the environmental variables, such as Depth, Temp, pH,
and Chl g, the interpolated values from different SIMs were simil-
ar. The spatial distribution of such marine environmental vari-
ables was very continuous. For the estimated values of salinity in
CRE, the spatial interpolation methods showed significant differ-
ences, in terms of the characteristics of high homogeneity and
the distribution of specific sampling sites. The spatial distribu-
tion of salinity in the CRE was influenced by tides and runoff.
Due to saltwater intrusion, the salinity of the north branch is al-
ways higher than that of the south, with the former also experien-
cing greater variation (Shen et al., 2003). This leads to the salinity
having uneven spatial distribution relative to the other paramet-
ers. Results of salinity interpolation mainly suggest that: (1) IDW
was affected by the extreme value on the outside of the estuary,
and the obtained spatial distribution continuity was lowest; (2)
the spatial distribution obtained by OK on the inside of the estu-
ary was less continuous and (3) RBF had the best smoothing ef-
fect during estimation.

The estuarine ecosystem is one of the most important ecolo-
gical transition area in the marine and coastal environments. Nu-
trients resources and food organisms of the estuarine area
provide enough materials for the productivity of the estuarine
fish populations (Simier et al., 2006). The CRE is the largest estu-
ary in the western Pacific and China. With the deterioration of the
marine environment and the increased fishing pressure, the
biodiversity and ecosystem stability of the CRE become seriously
affected and threatened. At present, most studies on environ-
ment and fish community structure in the CRE were done in sur-
vey stations, without the continuous analysis of the whole CRE
area (Tang et al., 2017). On the other hand, when continuous en-
vironmental variables were needed, the processing method of the
estimated values was not explained (Tong et al., 2018), or a single
interpolation method was used to obtain the values of all envir-
onmental variables (Wu et al., 2019). It is worth mentioning that
Meul and van Meirvenne (2003) suggested that combining the
results of different methods to produce estimates might be more
accurate than using a single method.

In addition to the spatial interpolation methods, oceanic
models are also some of the other alternative ways to obtain con-
tinuous marine environmental data. For example, the Finite-
Volume Community Ocean Model (FVCOM) is an advanced
coastal circulation model widely utilized for its ability to simu-

late spatially and temporally evolving three-dimensional geo-
physical conditions of complex and dynamic coastal regions (Li
et al., 2017a). This model has been applied worldwide to predict
some marine environmental variables, such as water temperat-
ure and salinity. Results from FVCOM and SIMs need to be com-
pared in the future. Meanwhile, different spatial resolution and
the unavoidable errors of interpolated environmental variables
may have impacts on the effects of SIMs (Li and Heap, 2008,
2011; Li et al., 2011). The influences of these factors should also
be considered.

This study only evaluated the impact of different SIMs on the
prediction of the abundance of Coilia nasus validated by actual
data collected for three years, but it remains difficult to reflect its
long-term trajectory in CRE, such as their very low abundance in
2014. Stock assessment showed that Coilia nasus is overfished in
some lakes (Gao et al., 2014; Zhang et al., 2005). Similarly, the in-
creased fishing activity in CRE could also be the reason for the
observed abundance (Ma et al., 2020). However, longer time data
is needed to determine the factors underlying abundance vari-
ation.

Taking Coilia nasus as a case study, the effects of different
SIMs on the spatio-temporal variation of its abundance were
evaluated. It should be noted however that different species may
also have different habitat preferences; thus, applicability might
not be universal. Future studies should also look at the potential
impact on the estimated environmental variables and the pre-
dicted abundance by different spatial interpolation methods, es-
pecially when studying the relationship between fish spatial dis-
tribution and environmental change in the CRE or another wa-
tershed. It is also necessary to reduce the uncertainty of the pre-
dicted spatio-temporal distribution for fish resources when de-
termining the best combination of spatial interpolation method.
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Supplementary information:

Fig. S1. Spatial distribution of interpolated water depth with different spatial interpolation methods (SIMs) in 2012 of the
Changjiang River Estuary. The different SIMs are ordinary Kriging based on exponential model (OKE), ordinary Kriging based on
Gaussian model (OKG), ordinary Kriging based on spherical model (OKS), inverse distance weight (IDW), regularized spline function
(RS), tension spline function (TS).

Fig. S2. Spatial distribution of interpolated water depth with different spatial interpolation methods (SIMs) in 2013 of the
Changjiang River Estuary. The different SIMs are ordinary Kriging based on exponential model (OKE), ordinary Kriging based on
Gaussian model (OKG), ordinary Kriging based on spherical model (OKS), inverse distance weight (IDW), regularized spline function
(RS), tension spline function (TS).

Fig. S3. Spatial distribution of interpolated water depth with different spatial interpolation methods (SIMs) in 2014 of the
Changjiang River Estuary. The different SIMs are ordinary Kriging based on exponential model (OKE), ordinary Kriging based on
Gaussian model (OKG), ordinary Kriging based on spherical model (OKS), inverse distance weight (IDW), regularized spline function
(RS), tension spline function (TS).

Fig. S4. Spatial distribution of interpolated water temperature with different spatial interpolation methods (SIMs) in 2012 of the
Changjiang River Estuary. The different SIMs are ordinary Kriging based on exponential model (OKE), ordinary Kriging based on
Gaussian model (OKG), ordinary Kriging based on spherical model (OKS), inverse distance weight (IDW), regularized spline function
(RS), tension spline function (TS).

Fig. S5. Spatial distribution of interpolated water temperature with different spatial interpolation methods (SIMs) in 2013 of the
Changjiang River Estuary. The different SIMs are ordinary Kriging based on exponential model (OKE), ordinary Kriging based on
Gaussian model (OKG), ordinary Kriging based on spherical model (OKS), inverse distance weight (IDW), regularized spline function
(RS), tension spline function (TS).

Fig. S6. Spatial distribution of interpolated water temperature with different spatial interpolation methods (SIMs) in 2014 of the
Changjiang River Estuary. The different SIMs are ordinary Kriging based on exponential model (OKE), ordinary Kriging based on
Gaussian model (OKG), ordinary Kriging based on spherical model (OKS), inverse distance weight (IDW), regularized spline function
(RS), tension spline function (TS).

Fig. S7. Spatial distribution of interpolated salinity with different spatial interpolation methods (SIMs) in 2012 of the Changjiang
River Estuary. The different SIMs are ordinary Kriging based on exponential model (OKE), ordinary Kriging based on Gaussian model
(OKG), ordinary Kriging based on spherical model (OKS), inverse distance weight (IDW), regularized spline function (RS), tension
spline function (TS).

Fig. $8. Spatial distribution of interpolated salinity with different spatial interpolation methods (SIMs) in 2013 of the Changjiang
River Estuary. The different SIMs are ordinary Kriging based on exponential model (OKE), ordinary Kriging based on Gaussian model
(OKG), ordinary Kriging based on spherical model (OKS), inverse distance weight (IDW), regularized spline function (RS), tension
spline function (TS).

Fig. $9. Spatial distribution of interpolated salinity with different spatial interpolation methods (SIMs) in 2014 of the Changjiang
River Estuary. The different SIMs are ordinary Kriging based on exponential model (OKE), ordinary Kriging based on Gaussian model
(OKG), ordinary Kriging based on spherical model (OKS), inverse distance weight (IDW), regularized spline function (RS), tension
spline function (TS).

Fig. S10. Spatial distribution of interpolated pH with different spatial interpolation methods (SIMs) in 2012 of the Changjiang River
Estuary. The different SIMs are ordinary Kriging based on exponential model (OKE), ordinary Kriging based on Gaussian model
(OKG), ordinary Kriging based on spherical model (OKS), inverse distance weight (IDW), regularized spline function (RS), tension
spline function (TS).
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Fig. S11. Spatial distribution of interpolated pH with different spatial interpolation methods (SIMs) in 2013 of the Changjiang River
Estuary. The different SIMs are ordinary Kriging based on exponential model (OKE), ordinary Kriging based on Gaussian model
(OKG), ordinary Kriging based on spherical model (OKS), inverse distance weight (IDW), regularized spline function (RS), tension
spline function (TS).

Fig. S12. Spatial distribution of interpolated pH with different spatial interpolation methods (SIMs) in 2014 of the Changjiang River
Estuary. The different SIMs are ordinary Kriging based on exponential model (OKE), ordinary Kriging based on Gaussian model
(OKG), ordinary Kriging based on spherical model (OKS), inverse distance weight (IDW), regularized spline function (RS), tension
spline function (TS).

Fig. S13. Spatial distribution of interpolated chlorophyll a with different spatial interpolation methods (SIMs) in 2012 of the
Changjiang River Estuary. The different SIMs are ordinary Kriging based on exponential model (OKE), ordinary Kriging based on
Gaussian model (OKG), ordinary Kriging based on spherical model (OKS), inverse distance weight (IDW), regularized spline function
(RS), tension spline function (TS).

Fig. S14. Spatial distribution of interpolated chlorophyll a with different spatial interpolation methods (SIMs) in 2013 of the
Changjiang River Estuary. The different SIMs are ordinary Kriging based on exponential model (OKE), ordinary Kriging based on
Gaussian model (OKG), ordinary Kriging based on spherical model (OKS), inverse distance weight (IDW), regularized spline function
(RS), tension spline function (TS).

Fig. S15. Spatial distribution of interpolated chlorophyll a with different spatial interpolation methods (SIMs) in 2014 of the
Changjiang River Estuary. The different SIMs are ordinary Kriging based on exponential model (OKE), ordinary Kriging based on
Gaussian model (OKG), ordinary Kriging based on spherical model (OKS), inverse distance weight (IDW), regularized spline function
(RS), tension spline function (TS).

Fig. S16. Spatial distribution of Coilia nasus predicted with interpolated environmental variables from different spatial interpolation
methods in 2012 in the Changjiang River Estuary. The different SIMs are ordinary Kriging based on exponential model (OKE), ordinary
Kriging based on Gaussian model (OKG), ordinary Kriging based on spherical model (OKS), inverse distance weight (IDW),
regularized spline function (RS), tension spline function (TS) and the results obtained by the most suitable SIMs of environmental
variables (Complex).

Fig. S17. Spatial distribution of Coilia nasus predicted with interpolated environmental variables from different spatial interpolation
methods in 2013 in the Changjiang River Estuary. The different SIMs are ordinary Kriging based on exponential model (OKE), ordinary
Kriging based on Gaussian model (OKG), ordinary Kriging based on spherical model (OKS), inverse distance weight (IDW),
regularized spline function (RS), tension spline function (TS) and the results obtained by the most suitable SIMs of environmental
variables (Complex).
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