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Abstract This paper describes a novel statistical approach to
derive ecologically relevant sediment quality guidelines (SQGs)
from field data using a nonparametric empirical Bayesian meth-
od (NEBM). We made use of the Norwegian Oil Industrial
Association database and extracted concurrently obtained data
on species density and contaminant levels in sediment samples
collected between 1996 and 2001. In brief, effect concentrations
(ECs) of each installation (i.e., oil platform) at a given reduction
in species density were firstly derived by fitting a logistic-type
regression function to the relationship between the species den-
sity and the corresponding concentration of a chemical of con-
cern. The estimated ECs were further improved by the NEBM
which incorporated information from other installations. The
distribution of these improved ECs from all installations was
determined nonparametrically by the kernel method, and then
used to determine the hazardous concentration (HC) which can
be directly linked to the species loss (or the species being
protected) in the sediment. This method also enables an accurate

estimation of the lower confidence limit of the HC, even when
the number of observations was small. To illustrate the effec-
tiveness of this novel technique, barium, cadmium, chromium,
copper, mercury, lead, tetrahydrocannabinol, and zinc were
chosen as example contaminants. This novel approach can
generate ecologically sound SQGs for environmental risk as-
sessment and cost-effectiveness analysis in sediment remedia-
tion or mud disposal projects, since sediment quality is closely
linked to species density.

Keywords Sediment quality guidelines . Species sensitivity
distribution . Ecological modeling . Empirical Bayesian
methods . Benthic biodiversity

Introduction

In general, ecological risks can be assessed by two key aspects:
(1) abundance reduction of sensitive species and (2) species
reduction (i.e., biodiversity loss). Hazardous concentrations
(HCs) are commonly derived from the species sensitivity distri-
bution (SSD), which is constructed using laboratory-derived
acute or chronic toxicity data (Wheeler et al. 2002). Such toxicity
data often reflect abundance reduction of each species. For
example, a median lethal concentration (LC50) refers to the
concentration that caused a drop of 50% abundance of a species.
If an SSD is constructed using acute LC50 data from various
species, an HC5 value derived from the SSD theoretically refers
to the concentration that would cause 5 % of species to suffer
from 50 % abundance reduction. Nonetheless, the ecological
relevancy of using such laboratory derived toxicity data to derive
HC values is highly questionable and has received a mount of
criticisms (Forbes and Forbes 1993; Forbes and Calow 2002).
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Biodiversity can be quantified by species richness and spe-
cies density (Simpson 1964).Measurements of species richness
have been discussed and clarified by various research papers,
for example, Gray (2000, 2002), Gotelli and Colwell (2001),
and Foggo et al. (2003). Indeed, species richness is the total
number of different species represented in a set or collection of
individuals, while species density is the total number of differ-
ent species measured over a unit area. Gray (2000) reviewed
various measures of species richness on the basis of scales,
habitat and assemblage, namely, point species richness, sample
species richness, large area species richness, biogeographical
province species richness, habitat species richness, and assem-
blage species richness. Gotelli and Colwell (2001) discussed
the pitfalls of various measurements of species richness and
made a clear difference between species richness and species
density. Gray (2002) adapted the concept of species density to
explain the biodiversity of marine soft sediments of Norwegian
continental shelf area. Foggo et al. (2003) compared six extrap-
olation techniques of estimating marine species richness.
Furthermore, mathematical modelling of species richness has
also been proposed by other researchers, for example, He and
Legendre (2002).

In this study, we propose a novel statistical approach to
derive ecologically relevant sediment quality guidelines
(SQGs) for the protection of marine benthic biodiversity in
the field. Basically, this approach consists of five key steps.
First, we extracted and used the concurrently obtained species
density (i.e., a measure of biodiversity by Gray (2002)) and
contaminant level data from the sediment database of the
Norwegian Oil Industrial Association. Throughout the study,
it was assumed that all installations (i.e., oil platforms) in the
Norwegian continental shelf were integrated as an ecosystem.
Second, the field sediment data of various installations were
utilized to construct the relationship between the species den-
sity and contaminant level. Third, in order to incorporate the
spatial information of various installations into the relation-
ship between the species density and contaminant level, a
nonparametric empirical Bayesian method (NEBM) was
employed to derive the community sensitivity distribution
(CSD) which showed how the biodiversity in the whole
ecosystem was protected at a certain level of a contaminant.
Fourth, the HC under which the whole ecosystem would be
protected can then be derived from the CSD. Finally, to obtain
the interval estimates of HCs, the confidence intervals were
estimated by the method of smoothed bootstrap which was
particularly suitable for the current situation when the number
of data points was small. As examples of chemicals with
various toxicities, barium, cadmium, chromium, copper, mer-
cury, lead, tetrahydrocannabinol, and zinc were selected to
illustrate this novel approach, and a set of ecologically sound
SQGs, based on the HCs and their lower confidence limits,
were derived for these chemicals with a view to protecting the
marine benthic ecosystem in the Norwegian continental shelf.

These newly SQGs were also compared with other existing
guidelines.

Materials and methods

Data selection

From the Norwegian Oil Industrial Association database, the
field sediment data collected during 1996 and 2001 were
extracted and utilized in this study. This database covered
the abundance data for 1,944 species and 182,201 individuals
in 1,902 stations, which were located in seven regions, name-
ly, Ekofisk, Sleipner, Oseberg, Statfjord, Finnmark, Trøndelag
and Nordland, of the Norwegian continental shelf. The 1,902
stations were located around 135 installations (i.e., oil plat-
forms) and each installation was divided into 10–40 stations
(i.e., for example, 10 sampling stations were selected around
an installation). Consequently, 2,015 sampling stations were
selected. The sampling methods of observations in this data-
base had been described in Leung et al. (2005). Each sediment
sample was grabbed over an area of 0.1 m2 by five times
around the same sampling station for analysis of marine
benthic fauna, species density was defined as the total number
of different species collected from these five replications over
a cumulative area of 0.5 m2. Since the abundance data of each
sampling station did not cover the same time points of sam-
pling period, species densities were averaged over time to
remove the possible time effects. Here, eight substances:
barium, cadmium, chromium, copper, mercury, lead, and tet-
rahydrocannabinol (THC), and zinc were selected to illustrate
and evaluate the proposed approach for deriving SQGs. The
summarized information of mean species densities and chem-
ical concentrations in each region is presented in Table 1.

When a regression model is fitted with a dataset of a small
number of observations, statistical inference on regression
parameters may be inaccurate due to sampling variation. In
order to obtain more reliable regression results, for each
chemical, installations with less than 10 observations (i.e.,
sampling stations) were not included in the dataset. The num-
ber of installations included in the samples of barium, cadmi-
um, chromium, copper, mercury, lead, THC, and zinc became
72, 71, 48, 72, 37, 72, 72 and 72, respectively and the total
sample sizes became 1,251, 1,234, 699, 1,230, 691, 1,251,
1,248 and 1,251, respectively.

For the same substance, measured data from all installa-
tions were firstly combined in the same diagram. The scatter
plots of species density per unit area versus chemical concen-
tration provide a preliminary view of the distributions of the
data (Fig. 1). For some chemicals (cadmium, copper, mercury,
THC, and zinc), there were discernible drops in species den-
sity with increased chemical concentration. However, for the
other cases (barium, chromium, and lead), this was not

Environ Sci Pollut Res



Table 1 Summary of species densities and mean chemical concentrations of installations across the regions

(a) (b) (c) (d) (e) (f) (g)

Barium Ekofisk-området 17 238 8 30 135.39 1,147.23

Finnmark-området 1 53 53 53 207.11 71.24

Nordland-området 2 33 16 17 203.55 98.50

Oseberg-området 26 218 1 33 189.76 787.37

Sleipner-området 19 365 6 66 211.42 282.39

Statfjord-området 30 329 2 26 219.54 1,136.99

Trondelag-området 22 242 3 28 159.67 939.21

Cadmium Ekofisk-området 17 234 8 30 135.28 0.04

Finnmark-området 1 53 53 53 207.11 0.08

Nordland-området 2 33 16 17 203.55 0.05

Oseberg-området 26 218 1 33 189.76 0.06

Sleipner-området 19 365 6 66 211.42 0.02

Statfjord-området 30 320 2 26 219.12 0.11

Trondelag-området 22 242 3 28 159.67 0.06

Chromium Ekofisk-området 14 126 1 16 141.75 7.34

Finnmark-området 1 53 53 53 207.11 21.70

Nordland-området 2 33 16 17 203.55 12.18

Oseberg-området 22 166 1 18 179.03 13.61

Sleipner-området 16 160 3 29 192.22 7.16

Statfjord-området 28 235 1 16 227.68 17.28

Trondelag-området 16 193 1 28 161.90 23.52

Copper Ekofisk-området 17 238 8 30 135.39 2.86

Finnmark-området 1 53 53 53 207.11 9.51

Nordland-området 2 33 16 17 203.55 11.07

Oseberg-området 26 218 1 33 189.76 7.52

Sleipner-området 19 352 6 53 211.81 1.84

Statfjord-området 30 321 2 26 218.45 7.45

Trondelag-område 22 242 3 28 159.67 8.84

Mercury Ekofisk-området 17 142 2 30 119.82 9.99

Finnmark-området 1 33 33 33 213.76 0.02

Nordland-området 2 19 3 16 136.58 0.03

Oseberg-området 23 193 1 30 189.82 0.03

Sleipner-området 19 258 1 33 209.60 0.06

Statfjord-området 29 149 1 22 198.06 0.05

Trondelag-område 21 118 1 19 141.05 0.04

Lead Ekofisk-området 17 238 8 30 135.39 11.48

Finnmark-området 1 53 53 53 207.11 15.93

Nordland-området 2 33 16 17 203.55 13.83

Oseberg-området 26 218 1 33 189.76 20.82

Sleipner-området 19 365 6 66 211.42 5.47

Statfjord-området 30 329 2 26 219.54 11.31

Trondelag-området 22 242 3 28 159.67 18.06

THC Ekofisk-området 17 236 8 30 135.02 51.46

Finnmark-området 1 53 53 53 207.11 3.50

Nordland-området 2 33 16 17 203.55 3.30

Oseberg-området 25 216 1 33 189.98 75.15

Sleipner-området 19 372 6 66 210.80 12.20

Statfjord-området 30 321 2 26 218.64 36.68

Trondelag-området 22 242 3 28 159.67 42.21
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obvious at all. This might be partly due to different back-
ground concentrations for different regions which blurred the
toxic effect of the chemical.

Determination of effect concentration

Due to the chaotic feature of the observed data, following
Aldenberg and Slob (1993), a log-logistic function was con-
sidered to fit the observations for each installation. Suppose
that we consider a dataset of J installations for a chemical.
Then, for installation j, the relationship between species
density and chemical concentration is described by

ln
yij

1−yij
¼ bj þ c jxij þ uij; ð1Þ

for i=1,2,…,nj and j=1,2,....,J, where nj=number of sam-
pling stations around installation j, yij=standardized total
number of species per unit area around installation j in the
sense that the total number of species was computed over the
same size of area of 0.1 m2, xij=ln (natural logarithm of)
concentration of chemicals around installation i, and uij
represents the random disturbance with means zero and
variance σ2. Furthermore, the formulation of model (1) is
rather flexible to describe the s-shaped or strictly convex
relationship between the species density and concentration
of chemicals.

Given the large number of installations for each chemical,
only representative results of some installations for the eight
chemicals are presented in Fig. 2, while the summary of all
regression results is presented in Table 2. In general, among
various chemicals, the computed overall R2 for all installa-
tions ranged from 67 % to 77 %. When the data points were
categorized and visualized for each installation, certain
numbers of data points were found near to the vertical axis
(Fig. 2). This probably reflects the natural and undisturbed
environment. The advantage of using logistic-type regres-
sion functions is that they can capture both s-shaped and
convex relationships between the species density and

chemical concentration. In Fig. 2, even though these two
parameters in the regression function (Eq. 1) were generally
related to convex curves, they were occasionally related to s-
shaped curves, in particular, for barium and chromium data.

Due to the flexibility of the logistic function in Eq. (1),
one may consider that the effect concentration for a reduction
in species density by proportion γ, effect concentrations
(EC)(γ). Suppose that the estimated values of bj and cj are
denoted as bLS,j and cLS,j, respectively. Then, the natural
logarithm of EC(γ) can be derived from installation j using
the following formula (see Appendix):

ln EC γð ÞLS; j
� �

¼ 1

cLS; j
ln

aLS; j 1−γð Þ
1−aLS; j 1−γð Þ −bLS; j

� �
; ð2Þ

where

aLS; j ¼ 1

1þ exp −bLS; j−cLS; jxBG
� �

and xBG is the natural logarithm of background concentration
of a chemical. According to the above formula, the back-
ground concentration of a chemical is assumed to be close to
the no-effect concentration and the natural logarithm of
EC(γ)LS,j of installation j is obtained with a drop in species
density by proportion γ at background concentration of the
chemical.

Construction of CSD

The EC(γ) values derived from the above method can be
directly applied to construct a CSD which describes the effect
of a chemical on the species density over the Norwegian
continental shelf. However, information of the other installa-
tions may provide useful information to improve the estimates

Fig. 1 Scatter plots of species densities versus concentration of chem-
ical in sediments (milligrams/kilogram). The relationships of the two
parameters for a barium, b cadmium, c chromium, d copper, emercury,
f lead, g THC, and h zinc are shown, respectively

�

Table 1 (continued)

(a) (b) (c) (d) (e) (f) (g)

Zinc Ekofisk-området 17 238 8 30 135.39 22.90

Finnmark-området 1 53 53 53 207.11 43.65

Nordland-området 2 33 16 17 203.55 32.15

Oseberg-området 26 218 1 33 189.76 34.88

Sleipner-området 19 365 6 66 211.42 9.44

Statfjord-området 30 329 2 26 219.54 26.77

Trondelag-område 22 242 3 28 159.67 43.89

Columns (a), (b), (c), (d), (e), (f), and (g) represent the region name, total number of installations, total number of sampling stations, minimum
number of sampling stations, maximum number of sampling stations, mean species density and mean chemical concentration (milligrams/kilogram),
respectively
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Fig. 2 The relationships of
species density and chemical
concentration in sediment
samples collected from an
individually selected
installation for a barium, b
cadmium, c chromium, d
copper, e mercury, f lead, g
THC, and h zinc, respectively.
The data were fitted by a
logistic-type regression model
(red line)
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of EC(γ) values which are mainly individually derived using
information from each installation. As a result, a refined
procedure is proposed to summarize the EC(γ)LS,js and derive
the CSD. The basic procedures are outlined below.

Firstly, the spatial information of various installations was
incorporated into the values of bLS,js and cLS,js by the non-
parametric empirical Bayesian method (NEBM). Secondly,
the effect concentrations were estimated with the nonpara-
metric empirical Bayesian estimates of bjs and cjs and the
adjustment of background concentrations of chemicals.
Thirdly, the density function of effect concentrations over
various installations for a chemical was estimated. Finally,
the median or mode concentration was computed from the
estimated density function and this concentration was con-
sidered as the hazardous concentration HC(γ) which indicat-
ed the drop in species density by proportion γ. The CSD was
then constructed by repeating the procedures at the level of γ
considered. From Figs. 5 and 6, the derived CSDs were
shown to be s-shaped as in the cases of SSDs. However, the
CSDs here cannot be interpreted as the cumulative
distribution function of chemical concentration because
each point along the CSD curve represents the one-to-
one correspondence of chemical concentration under
which (100−γ)% of species density is protected while
SSD indicates the one-to-one correspondence of chemi-
cal concentration under which (100−γ)% of species
abundance is protected.

Nonparametric empirical Bayesian method

Recalling that the direct estimation of effect concentra-
tion from individual installation could be obtained easily
through the above estimation procedure, some useful
information of the other installations was ignored. As
a result, the NEBM is suggested to introduce the infor-
mation from other installations into the current estimates
bLS,j and cLS,j for installation j. One of the advantages
of NBEM is that the estimates are in general asymptot-
ically optimal (Maritz and Lwin 1995, p.16–17) and

outperform those obtained by the maximum likelihood
method. Originally, the NBEM for regression model was
proposed by Clemmer and Krutchkoff (1968). The early
version of this method was developed for the case of
single regressor only. Then, this method was extended
to the multiple regressor case by Martz and Krutchkoff
(1969). The basic operation of NBEM in a regression
model involves two steps: (1) obtaining the least
squares estimates of parameters in the regression model
(2) updating the least squares estimates to obtain the
NBEM estimates by the joint density of least squares
estimates.

Under the conventional approach of the Bayesian method,
the form of prior density function of parameters should be
provided explicitly and the specification of the prior density
function could affect the results of Bayesian estimation dra-
matically. Practically, the prior density function is unknown.
In contrast, the nonparametric empirical Bayes approach can
be considered instead where the unknown prior density was
estimated by the kernel method. In this study, the estimates
bLS,js and cLS,js of all installations were considered as a
random sample and their joint density was regarded as the
unknown prior density which can be estimated empirically
by the bivariate kernel method (for example, see Wand and
Jones (1995)). In other words, the spatial information of
various installations was reflected in the estimated prior
density function. The density at the point (b,c), which could
be considered as particular parameter values of an installa-
tion, is estimated by the following estimator

bf b; cð Þ ¼ 1

Jhbhc

XJ

j¼1

K
b−bLS; j

hb
;
c−cLS; j
hc

� 	
;

where hb and hc are the bandwidth parameters which control
the smoothness of the surface of estimated density in the
directions of b and c, respectively. Indeed, the bivariate
kernel density function K(•,•) should satisfy the following
conditions (for example, see Wand and Jones (1995;
Chapter 4)): (1) K(•,•) is bounded over its support, (2)
∬K(u,v)dudv=1, (3) ∬uK(u,v)dudv=∬vK(u,v)dudv=0, (4)
∬u2K(u,v)dudv=∬v2K(u,v)dudv, ∬uvK(u,v)dvdu=0. For
simplicity, the bivariate Gaussian kernel, K(u,v)=(2π)−1

exp(−0.5(u2+v2)), was chosen in this study. Following the
suggestion of Bowman and Foster (1993), the bandwidths
were estimated by hb=sbJ

−1/6 and hc=scJ
−1/6, respectively

where sb and sc are the sample standard deviations of bLS,js
and cLS,js, respectively, and J is the number of installations
chosen in the density estimation. The estimated joint densi-
ties for various chemicals are presented in Fig. 3. Although
the surface of estimated density looks rather different, the
estimated joint density of bLS,js and cLS,js is unimodal for all
chemicals (Fig. 3). Under the empirical Bayes approach, the
empirically estimated joint density of bLS,js and cLS,js

Table 2 The goodness of fit of the logistic-type function of all instal-
lations for each chemical

Chemicals Overall R2 Min R2 Max R2

Barium 0.7042 0.0001 0.7384

Cadmium 0.7338 0.0000 0.8105

Chromium 0.6706 0.0000 0.7346

Copper 0.7298 0.0000 0.7008

Mercury 0.7716 0.0000 0.8791

Lead 0.7215 0.0001 0.8345

THC 0.7167 0.0000 0.7043

Zinc 0.7324 0.0001 0.7863
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was regarded as the prior density which updated the
estimates of bLS,js and cLS,js by the Bayes’ formula.

Suppose that the empirical Bayes estimates of bLS,js
and cLS,js are denoted as bEB,js and cEB,js, respectively,
they can be obtained from Martz and Krutchkoff (1969;
Eqs. 4.3 and 4.4):

bEB; j ¼ bLS; j þ
s2
Xn j

i¼1
x2ij

nij
Xn j

i¼1
xij − x j

� �2

bf 0
b bLS; j; cLS; j
� �

bf bLS; j; cLS; j
� � −

s2x jXn j

i¼1
xij − x j

� �2

bf 0
c bLS; j; cLS; j
� �

bf bLS; j; cLS; j
� �

cEB; j ¼ cLS; j þ s2Xn j

i¼1
xij − x j

� �2

bf 0
c bLS; j; cLS; j
� �

bf bLS; j; cLS; j
� � −

s2x jXn j

i¼1
xij − x j

� �2

bf 0
b bLS; j; cLS; j
� �

bf bLS; j; cLS; j
� �

wh e r e x j ¼ n−1j ∑
n j

i¼1xij a n d bf 0
b bLS; j; cLS; j
� �

a n d bf 0
c

bLS; j; cLS; j
� �

represent the numerical derivatives of bf b; cð Þ
with respect to the first and second arguments evaluated at
(b,c)=(bLS,j,cLS,j), respectively.

As in the derivation of EC(γ)LS in Eq. (2), the natural
logarithm of EC(γ)EB of installation j was obtained by the
following formula.

ln EC γð ÞEB; j
� �

¼ 1

cEB; j
ln

aEB; j 1−γð Þ
1−aEB; j 1−γð Þ −bEB; j

� �
;

where

aEB; j ¼ 1

1þ exp −bEB; j − cEB; jxBG
� �

and the definitions of xBG and γ are the same as in Eq. (2).
In order to avoid the derivation of too small or too large

EC(γ) values which in turn leads to a less robust CSD, only
installations with more sensitive species were included in the
derivation of EC(γ)s. Mathematically, EC(γ) derived from
the installations with positive bEB,j and negative cEB,j were
considered. Then, the number of installations for the chem-
icals, barium, cadmium, chromium, copper, mercury, lead,
THC, and zinc became 20, 24, 33, 39, 8, 38, 40 and 37,
respectively. The number of observations for each chemical
became 417, 392, 500, 670, 144, 628, 706 and 679,
respectively.

One may think that when the values of EC(γ)EB for
each installation were obtained, the CSD could be con-
structed nonparametrically as in the estimation of SSD
(Hanson and Solomon 2002; Posthuma et al. 2002;
Wheeler et al. 2002). However, this method could com-
plicate the estimation problem of CSD because at
(100−γ)% protection level we might have multiple val-
ues of EC(γ)EBs from the installations. As a result, an
alternative method is proposed to summarize the com-
puted EC(γ)EBs for a chemical, by means of a central
tendency measure. A two-step procedure is then

proposed: (1) estimating the density of function of com-
puted EC(γ)EBs and (2) obtaining the median or mode
from the estimated density function. Specifically, the
density function of computed EC(γ)EBs is estimated by
the univariate kernel method:

bf xð Þ ¼ 1

nh

Xn
i¼1

K
x − X i

h

� 	

where Xi denotes the computed EC(γ)EBs for a chemical, n is
the number of installations which have positive bEB,j and neg-
ative cEB,j, K(•) is the kernel density function which satisfies
certain regularity conditions (for example, see Wand and Jones
(1995; Chapter 2)): (1) K(u)≥0 over the domain of K, (2)
∫K(u)du=1 and (3) ∫u2K(u)du is finite. In this paper, the
Gaussian kernel, i.e., K(u)=(2π)−1/2exp(−0.5u2), is used. The
parameter h is called the bandwidth which controls the smooth-
ness of the estimated density.When h is too small, the estimated
density becomes spiky. When h is too large, the estimated
density is over-smoothed. This raised the issue of the optimal
bandwidth. In the statistical literature, cross-validation ap-
proach is popular to estimate the optimal bandwidth, for exam-
ple, least squares cross-validation, biased cross-validation, and
generalized cross-validation. The details of these methods can
be found inWand and Jones (1995; Chapter 3). Nevertheless, a
simple rule of thumb bandwidth (Silverman 1986, p. 45–47)
was adopted in this study to estimate the bandwidth parameter
h, where h=1.0592s−1/5 and s is the sample standard deviation
of EC(γ)EB for a chemical. To visualize the estimated densities
of EC(γ)EB for each chemical, γ=0.05 is selected to illustrate
the graphical results since the shape of estimated density func-
tions did not vary with the value of γ significantly (Fig. 4). The
estimated densities were seen as skewed to the right and
exhibited bimodality property generally (Fig. 4). Typically, a
high peak of estimated density was followed by a small peak of
estimated density for high concentration of the chemical. This
probably indicated that some species were insensitive to the
high concentration of the chemical.

Fig. 3 Estimated joint densities of parameters b and c for all selected
installations using the kernel method for: a barium, b cadmium, c chro-
mium, d copper, e mercury, f lead, g THC, and h zinc, respectively

�
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Fig. 4 Estimated densities of ln(EC(0.05)EB) of installations for each chemical by the kernel method for: a barium, b cadmium, c chromium, d copper, e
mercury, f lead, g THC, and h zinc, respectively
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The estimation of density function by the kernel method
shared some favorable properties as the true density function

f(x): (1) ∫∞−∞bf xð Þdx ¼ 1, (2) bF xð Þ ¼ ∫x−∞bf uð Þdu, (3) bf xð Þ is
continuous and differentiable in x. In particular, the second
property is useful to estimate the distribution function in the
next section.

Estimation of hazardous concentrations from estimated
density

The median was considered as the HC of the computed
EC(γ)EBs. As it is well-known that the median is a more
robust estimate of central tendency than the sample average,
the median was computed from the estimated density.
Consequently, the median of EC(γ)EBs for a reduction in
species density by proportion γ is given by HC*(γ) which
satisfies the following condition:

bF HC� γð Þð Þ ¼ 1

2
:

Furthermore, the mode was also considered as a measure
of central tendency of computed EC(γ)EBs and in this case
the HC is obtained by

HCL γð Þ ¼ max
x

bf xð Þ:

According to the graphical results of Fig. 4, one can
expect that the measure of HC by the mode concentration
was more conservative than that by the median concentra-
tion. Both HC estimates are considered in later sections.

Confidence intervals by smoothed bootstrap method

As proposed in the previous section, the kernel method was an
appropriate candidate to estimate the density function of
EC(γ)EB nonparametrically and the only assumption of the
true density function is continuity. Statistical inference of the
estimated median and mode of EC(γ)EB values was drawn
from their asymptotic normality (Lehmann 1999). On the other
hand, the lower limits of confidence interval may be more
important than the estimated median and mode of EC(γ)EB
values in the policy decision process because they allow for
more conservative and hence more prudent protection to the
benthic ecosystem. As a result, a precise estimate of confidence
interval was essential for ecological risk assessment. The non-
parametric bootstrap methodwas a typical approach to obtain a
confidence interval of EC(γ)EB. However, there are two draw-
backs of this approach: (1) inaccurate coverage probability and
(2) small bootstrap sample size. Since the number of installa-
tions was too small to use the conventional bootstrap method,
the method of smoothed bootstrap is proposed to estimate the
sampling distribution of the median and the mode concentra-
tions and hence the confidence limits.

The proposed smoothed bootstrap method was considered
as a remedy of the nonparametric bootstrap. When the sample
size is relatively small, for example n=10, the performance of
the smoothed bootstrap method will be improved over the
nonparametric bootstrap in the sense that the variance of
estimate by the smoothed bootstrap method is smaller
(Fernholz 1997) and the coverage error is reduced (Polansky
2000). The smoothed bootstrap method was therefore adopted
in the present study as follows: (1) the distribution of obser-
vations was estimated by the kernel density function estimated
above; (2) a bootstrap sample was generated from this esti-
mated kernel density function rather than the empirical
distribution function in nonparametric bootstrap; (3) the
quantity of interest was constructed from the bootstrap
sample and (4) steps (2) and (3) were repeated for a suffi-
cient number of replications, i.e., B=5,000 and the sam-
pling distribution of quantity of interest was then con-
structed. In this study, the HC(γ) was the quantity of inter-
est while the confidence limits can be obtained easily from
the sampling distributions of the median and the mode of
EC(γ)EB.

Results and discussion

In the following, the estimated HC*(0.05) and the HC#(0.05)
values, the median and the mode concentrations derived
from the community sensitivity distributions (CSDs)
(Table 3) were considered. As expected, the mode concen-
tration HC#(0.05) gave more conservative results because
the positively skewed density of effect concentration in
Fig. 4 led to a smaller HC#(0.05) value than that of
HC*(0.05). Therefore, using the lower confidence limit of
HC#(0.05) can allow for more protection on the species
density. In general, our results were comparable to HC values
derived from field-based species sensitivity distribution (f-
SSD) approaches, which were based on the relationship
between abundance of sensitive species and concentration
of chemical contaminant in sediment (Leung et al. 2005;
Kwok et al. 2008). Comparing the results with Leung et al.
(2005) which used the same Norwegian dataset, our estimat-
ed HC*(0.05) values were generally greater than their results.
For example, the HC*(0.05) value of barium was 764.78-
mg/kg and the lower limit of its 95 % confidence interval
was 280.65 mg/kg. Interestingly, the lower limit still fell
within the confidence interval of HC5 reported in Leung
et al. (2005) in which the value of HC5 was 130.1 mg/kg
with a confidence interval between 63.37 and 350.4 mg/kg.
On the other hand, our results were comparable with those in
Kwok et al. (2008) in which the HC5 and HC10 were derived
using the f-SSD approach for protecting the marine benthic
ecosystem of Hong Kong. Specifically, the lower confidence
limits of chemicals in Table 3 had the similar magnitudes as
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the results in Kwok et al. (2008). For example, the current
results showed that the lower confidence limits of HC*(0.05)
and HC#(0.05) of cadmium were 0.09 and 0.05 mg/kg, re-
spectively. More importantly, under our approach, the de-
rived HC(0.05) values can be directly adopted as the thresh-
old effects level (TEL) and no further adjustment is neces-
sary in contrast to the f-SSD approaches where the computed
HC5 from the sensitive species should be further adjusted
linearly to the level for considering all species (including
both rare and tolerant ones) in the community (Leung et al.
2005; Kwok et al. 2008).

The median-constructed f-CSDs of barium, cadmium,
chromium, copper, mercury, lead, THC, and zinc are dis-
played in Fig. 5a–h. Similar findings were obtained for the
mode-constructed f-CSDs in Fig. 6a–h. All these diagrams
share the same truncated s-curve feature and this feature can
be explained intuitively by the estimation of EC(γ)s based on
their background concentrations. When the concentrations of
chemicals fell below their background level, the benthic
organisms under this relatively undisturbed environment need
not be protected by the SQGs. Thus, the EC(γ)s and hence the
HC(γ)s of chemicals were derived above their background
levels. Furthermore, essential metals, such as copper and zinc,
are essential to aquatic organisms at low concentrations (Van
Straalen 2002). Under this setting, the estimated HC(γ)s need
to be adjusted accordingly and the estimated CSD does not
have an infinitely long tail on the left hand side. Otherwise, the
whole range of chemical concentrations for the derived CSD
should be adjusted accordingly. Among the eight chemicals,
the evidence of low toxicity of barium is shown in Fig. 5a. The
moderate toxicities of chromium, copper, lead, THC, and zinc
are illustrated in Fig. 5c, d, f, g, and h. The high toxicities of
cadmium and mercury are shown in Fig. 5b and e. Similar
observations were found in mode-constructed f-CSDs in
Fig. 6. The confidence intervals for HC*(γ) and HC#(γ) were
rather wide especially when γ is close to 1, i.e., the species
density is not protected completely. The main reason may be
explained by the inclusion of the species, which are insensitive
to high concentrations of chemicals. Surprisingly, the effect of
those insensitive species seems to be removed in the lower

confidence limits. This could partially explain the comparable
results with those generated from f-SSD methods.

In order to compare the results of HC by this novel
approach, the threshold concentration estimated by the
piecewise linear regression model was considered. Indeed,
an approach similar to Crane et al. (2007) was considered
here. Apart from the piecewise log-log model used in that
paper, the piecewise log-logistic model was used for the
compatibility of the regression function shown in Eq. (1).
Then, the threshold concentration was determined and con-
sidered to trigger the toxic effect of a substance (Table 4).
From our results, the estimated threshold concentrations
were more conservative as compared with those HC*(0.05)s
shown in Table 3 for most substances. For example, the
estimated threshold concentration of cadmiumwas 0.02mg/kg
(Table 4) which was much lower than 0.17 and 0.10 mg/kg
based on median and mode concentrations, respectively
(Table 3, columns a and e). Nevertheless, the results of the
lower confidence limits were comparable between Tables 3
and 4. For barium, its lower confidence limit was 116.50-
mg/kg (Table 4), while the confidence limits were 280.65 and
133.71 mg/kg based on the median and mode concentrations,
respectively (Table 3). Similar findings were also observed for
other chemicals.

Safeguarding benthic biodiversity is one of the prime
objectives for sediment quality management. Currently, most
of SQGs being used in risk assessment and management
were mainly derived from (1) laboratory sediment toxicity
tests or ex situ whole sediment toxicity tests with amphipods,
(2) empirical chemical–sediment partition coefficients, or (3)
field-based relationships between species abundance and
chemical concentrations in the sediment (Leung et al. 2005;
Kwok et al. 2008). SQGs derived from these conventional
methods provide benchmarks for indicating potential ad-
verse effects to the benthic ecosystem. For instance, the
chemical concentration below the threshold effects level
(TEL) generally indicates low risk, while the concentration
between TEL and probable effects level (PEL) represents
moderate risk, and the risk is high when concentration is
above PEL. However, such SQGs do not actually reflect how

Table 3 Estimates of HC*(γ)
and HC#(γ) for various chemi-
cals at γ=0.05 and γ=0.1

Columns (a), (c), (e), and (g)
represent the point estimates.
Columns (b), (d), (f), and (h)
represent the lower limits of
equal-tailed 95 % confidence
intervals

HC*(0.05) HC*(0.1) HC#(0.05) HC#(0.1)

Chemicals (a) (b) (c) (d) (e) (f) (g) (h)

Barium 764.78 280.65 3,424.28 583.10 401.21 133.71 1,084.81 156.56

Cadmium 0.17 0.09 0.57 0.18 0.10 0.05 0.23 0.07

Chromium 23.17 12.16 36.61 11.27 20.80 8.18 30.17 5.61

Copper 10.83 4.88 24.48 5.70 8.29 3.10 15.07 2.47

Mercury 0.19 0.04 0.78 0.07 0.091 0.02 0.32 0.02

Lead 17.33 13.93 26.87 18.55 15.35 11.74 21.36 3.65

THC 130.39 14.31 2,335.64 42.06 58.60 3.05 473.61 2.42

Zinc 47.76 19.09 95.16 16.65 34.23 9.67 52.26 5.59

Environ Sci Pollut Res



Fig. 5 Estimated community sensitivity distributions constructed based on the median concentrations of a barium, b cadmium, c chromium, d copper, e
mercury, f lead, g THC, and h zinc, respectively
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Fig. 6 Estimated community sensitivity distributions constructed based on the mode concentrations of a barium, b cadmium and c chromium, d
copper, e mercury, f lead, g THC, and h zinc, respectively
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many species are protected or lost at a given chemical con-
centration. The f-SSD approaches have been suggested to
tackle this inadequacy, since any HC value (or species pro-
tection level) can be readily derived from the f-SSD (Leung
et al. 2005). Nonetheless, the f-SSD approach only consid-
ered the sensitive species during the SQG derivation and
ignored the information on how tolerant or rare species
respond to chemical exposure, leading to a large margin of
uncertainty in their effects threshold derivation. At an SSD or
f-SSD driven HC5, 95 % of the species in the sediment might
not be protected (Hopkin 1993; Kefford et al. 2005). To
resolve this fundamental problem, the current novel species
density-based approach, integrated with advanced empirical
Bayesian methods, not only utilizes all available species data
(i.e., including sensitive, rare, and insensitive ones) but also
generates a CSD that gauges the level of species protection
(or loss) directly in relation to the increase or decrease of
chemical concentration. Theoretically, it is defensible
that an HC5 derived from the CSD will enable protec-
tion for 95 % of species in the benthic ecosystem of
concern. In other words, an environmental authority or
risk manager can readily adopt and apply the CSD,
associated threshold effect values, and corresponding
species density (loss or protected) for better informed
decision making in ecological assessment and/or sedi-
ment remediation project.

Conclusion

In this paper, we proposed a novel nonparametric approach
to study the toxicity effect of chemical on species density.
Each point along the community sensitivity distribution
(CSD) represented the hazardous concentration HC(γ) for a
drop in species density by proportion γ. Therefore, the per-
centage (100−γ)% of species density was protected under
this concentration. To obtain each point along the CSD, a
novel data-driven approach is proposed. Indeed, this

approach shared some advantages. The data points around
each installation were fitted by a logistic-type regression
function, which can capture both s-shaped and convex rela-
tionships, and the parameter estimates were improved by the
nonparametric empirical Bayes method which required the
estimation of joint density of parameter estimates for all
installations. As a result, the improved parameter estimates
for one installation incorporated information of other instal-
lations. The effect concentration for a given reduction in
species density based on the improved estimates was then
derived. To summarize the effect concentrations for a chem-
ical, a nonparametric method was suggested. The estimated
density of the effect concentration showed a bimodal feature
and it could be explained by the presence of insensitive
species. Then, the mode or median concentration can be
considered as HC(γ). In order to obtain a more accurate
estimate of the lower confidence limits of HC(γ) with a small
number of data points, the method of smoothed bootstrap
was suggested to obtain the confidence interval for HC(γ).

Concerning the empirical results, we investigated al-
most all installations in the Norwegian continental shelf
that the values of HC(0.05) and HC(0.1) obtained from
CSD were higher than expected. This was because the
insensitive species were also included during computa-
tion of EC(γ). This result was reconciled with the
bimodal density of effect concentration, as shown in
Fig. 4. Nevertheless, their estimated lower confidence
limit by smoothed bootstrap did not seem to be affected
by these species and they were comparable with the
results of piecewise log-logistic regression here and
those of Crane et al. (2007) and Kwok et al. (2008).
Therefore, the lower confidence limits of HC(γ), espe-
cially HC(0.05), could be regarded as the safety levels
to protect the benthic ecosystem of the Norwegian con-
tinental shelf. In contrast to the hazard concentrations
derived by f-SSD approaches, no linear adjustment was
made to the estimated HC(γ) here since all species in
the community were required to compute the species
density. We demonstrated the robustness of this method
to the estimation of TEL in the presence of insensitive
species. This method seemed to be applicable to various
chemical contaminants, e.g., from the low-toxicity
chemical like barium to the high-toxicity chemical like
cadmium. Our TEL estimates can be directly linked to
species loss (or species protection) in relation to sedi-
ment quality, and thus provide additional invaluable
information for ecological risk assessment and environ-
mental remediation.
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Chemicals Threshold concentrations Lower confidence limits
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The columns represent the results of point estimates and lower limits of
95 % confidence interval of threshold concentrations, respectively

Environ Sci Pollut Res



excellent input and intellectual exchange in the early stage of this
project. The authors also thank the Norwegian Oil Industry Association
(OLF) for allowing us to use their sediment database.

Appendix: Derivation of Eq. (2)

At x=xBG, the species density at installation j, aLS,j, satisfies
the following expression

ln
aLS; j

1−aLS; j
¼ bLS; j þ cLS; jxBG;

which implies

aLS; j ¼ 1

1þ exp −bLS; j − cLS; jxBG
� � :

Then, the natural logarithm of EC(γ)LS,j can be obtained
by

ln
aLS; j 1−γð Þ

1−aLS; j 1−γð Þ ¼ bLS; j þ cLS; jln EC γð ÞLS; j
� �

:

Hence, we can have the following result

ln EC γð ÞLS; j
� �

¼ 1

cLS; j
ln

aLS; j 1−γð Þ
1−aLS; j 1−γð Þ −bLS; j

� �
:
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