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Summary. Oysters from the Pacific Northwest coast of British Columbia, Canada, contain high levels of cadmium, in some
cases exceeding some international food safety guidelines. A primary goal of this article is the investigation of the spatial
and temporal variation in cadmium concentrations for oysters sampled from coastal British Columbia. Such information is
important so that recommendations can be made as to where and when oysters can be cultured such that accumulation
of cadmium within these oysters is minimized. Some modern statistical methods are applied to achieve this goal, including
monotone spline smoothing, functional principal component analysis, and semi-parametric additive modeling. Oyster growth
rates are estimated as the first derivatives of the monotone smoothing growth curves. Some important patterns in cadmium
accumulation by oysters are observed. For example, most inland regions tend to have a higher level of cadmium concentration
than most coastal regions, so more caution needs to be taken for shellfish aquaculture practices occurring in the inland regions.
The semi-parametric additive modeling shows that oyster cadmium concentration decreases with oyster length, and oysters
sampled at 7 m have higher average cadmium concentration than those sampled at 1 m.

Key words: Cadmium concentration; Functional principal component analysis; Monotone smoothing; Semi-parametric
additive model.

1. Introduction
Pacific oysters (Crassostrea gigas) are cultivated along the
northwest coast of North America from Washington to Alaska
and accumulate levels of cadmium that exceed some interna-
tional tolerances. Health guidelines for the European Com-
munity set the tolerance of cadmium concentration at 6.3 μg
Cd/g dry weight basis, and Asian export markets set the tol-
erance at 13.5 μg Cd/g dry weight basis (Kruzynski, 2004).
In 1999, several shipments of oysters cultured in the province
of British Columbia (BC), Canada, were rejected by the Hong
Kong Food and Environmental Hygiene Department for ex-
ceeding the 13.5 μg Cd/g dry weight basis import limit. A
subsequent shellfish survey by the Canadian Food Inspection
Agency (CFIA) confirmed these shipments were not unusual
and reported a mean cadmium value of 17.7 μg Cd/g dry
weight basis for BC oysters cultured over the broad geographic
area (Schallie, 2001). In 2000, Fisheries and Oceans Canada
provided possible sources where cadmium might be originat-
ing. They concluded that the cadmium in BC oysters is mainly
due to the geology of the area (Kruzynski, 2000), but the
source of cadmium for these oysters is still uncertain. Conse-
quently, this issue has recently been studied extensively.

A primary interest of our analysis is to study how oyster
cadmium concentrations vary over space and time. A second
objective is to investigate how cadmium concentrations de-
pend on oyster growth over time. We illustrate how spline-
smoothing techniques can be employed to address both of
these concerns.

1.1 The Motivating Data Sets
In July 2000, in collaboration with the British Columbia Min-
istry of Agriculture Food and Fisheries (BCMAFF), Simon
Fraser University initiated a grow-out study whereby Pacific
oysters from the same seed source (Coast Seafoods, Wash-
ington State, USA) of the same age were deployed to exist-
ing oyster culture locations along the western coast of BC.
The deployment dates of all oysters were the same within
each site. Representative locations in both the east (main-
land) and outer west (oceanic) were included. Deployment
occurred along lines that were approximately 8 m long with
seeded shells inserted at 30 cm intervals from the surface. Oys-
ters were sampled approximately bimonthly between Decem-
ber 2002 (D2) to February 2004 (F4), from shallow (about
1 m depth) to deep (about 7 m depth) positions along the
long-line. Oyster shell length (at the maximum length), was
recorded in the field at time of sampling. Then, the sam-
pled oysters were transported on ice to the laboratory, where
they were killed and frozen whole until cadmium concentra-
tion analysis.

In this article, we consider thirteen sites identified in
Figure 1. In the remainder of the article, the location of each
site is denoted as the two-letter abbreviation of its name
with the number in brackets indicating which region the site
is from. The five southernmost sites located in the region of
Barkley Sound (BS) on the westmost side of Vancouver Island
are (1)Poett Nook (PN), (1)Useless Inlet-3 (BM), (1)Useless
Inlet-4 (JF), (1)Useless Inlet-5 (PC), and (1)Webster Island/
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Figure 1. The geographical range of samples of cultured Pacific oysters along the west coast of British Columbia analyzed
for oyster cadmium concentrations.

Effingham Inlet (WI). Moving northward, the site
(2)Kendrick (KI) is in the region of Nootka Sound (NS)
located to the north of Barkley Sound. Six sites from the
region of Desolation Sound (DS), located on the west coast
of the British Columbia mainland and on the east side of
Vancouver Island include (3)Orchard Bay (OB), (3)Redonda
Bay (RB), (3)Teakerne Arm (TA), (3)Gorge Harbour (GH),
(3)Thors Cove (TC), and (3)Trevenen Bay (TB). The
northernmost site considered is (4)Hecate Cove (HC) located
in the region of Quatsino Sound (QS). Note that the region
of Nootka Sound (NS) or the region of Quatsino Sound (QS)
include only one site due to sampling difficulty in the specific
geographical location.

1.2 Statistical Methods
In this study, we seek to explain the variation in observed
cadmium concentrations and note that since measurements
are taken in this study at unequally spaced time points, tra-
ditional techniques from time series analysis are difficult to
implement. Bendell and Feng (2009) demonstrated the pres-
ence of certain temporal variation and clustering patterns for
oyster cadmium concentrations contained in BC oysters via
preliminary visual and simple statistical approaches. The av-
erage oyster cadmium concentrations and oyster length at
the same depth at each site are measured at some discrete
time points. Smoothing splines are used to estimate the aver-
age oyster cadmium concentration as a smooth nonparamet-
ric function at each site. The average oyster length will be
nondecreasing over time, so a monotone smoothing technique
(Ramsay, 1988) is used to estimate the average oyster length
as a monotone function of time.

In addition to identifying the temporal trends in cadmium
accumulation by oysters, we also sought to assess spatial in-

fluences on measured cadmium concentrations. Specifically,
we aim to detect those regions where the oyster cadmium
concentration over the entire deployment time is the high-
est, and hence provide advice to shellfish farmers to avoid
these areas as possible farming sites. Classical multivariate
principal components analysis (PCA) has often been adopted
to identify these features. Here we employ functional al-
ternatives, namely functional principal component analysis
(FPCA), which incorporate the smoothing techniques into
PCA (Deville, 1974; Besse and Ramsay, 1986; Hall, Muller,
and Wang, 2006). Ramsay and Silverman (2005) give a nice
introduction about FPCA.

Oyster cadmium concentration may also depend on the ex-
planatory variables over time (i.e., oyster length and growth
rate). Bendell and Feng (2009) showed that cadmium concen-
trations in oysters were linked to a number of factors, such as
region, depth, growth rate, and oyster length by using a stan-
dard multivariate linear regression model. All of these factors
played important roles in determining final tissue concentra-
tions and ultimately the amounts of cadmium transferred to
higher tropic levels. However, the linear relationship between
the cadmium concentration and these covariates may not be
a valid assumption. We relax this strict linear relationship
constraint by using a semi-parametric additive model, which
allows for flexible dependence structures (Ferraty and Vieu,
2000; Malfait and Ramsay, 2003; Chiou, Muller, and Wang,
2004; Antoniadis and Sapatinas, 2007; Crambes, Kneip, and
Sarda, 2009).

Oysters’ growth rate appears to be associated with tem-
perature and food availability, which in turn might be linked
to the amount of cadmium contained in oysters. Bendell and
Feng (2009) attempted to look at the role of growth in in-
fluencing oyster cadmium concentrations by calculating the
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growth rate as the change in oyster length divided by the total
Julian days (the time interval between time 0 when the oysters
were first deployed to the sampling date) to adjust for differ-
ent deployment times across the sites. The main drawback
of their method is that they considered global growth rates
by dividing the change in length by the length of the time-
period between deployment and sampling. Here, we present
an alternative way to consider local (instantaneous) growth
rates, which are calculated as the first derivatives of the mono-
tone smoothing curves for the oyster lengths, alleviating the
limitation of the previous approach.

The rest of the article is organized as follows. In Section 2,
we provide an overview of some smoothing techniques used
in this analysis, including penalized smoothing, monotone
smoothing, FPCA, and semi-parametric additive modeling.
These methods are then illustrated in Section 3 using our
motivating oyster data where the capacity of the smoothing
approaches to handle several features of this data set is
demonstrated. Important results on spatial and temporal vari-
ation of cadmium concentrations are discussed. Concluding
remarks are provided in Section 4.

2. Methodology
This section reviews the methods used in this application.
The average measurements of oysters sampled at the same
time points were modeled as a function of time at each site.
The growth rates of oysters at each site are estimated as the
first derivatives of the monotone smoothing spline estimator
for oyster lengths. We also use FPCA for detecting the spatial
variation of the average oyster cadmium concentrations. The
effects of a number of factors on the oyster cadmium concen-
tration functions are examined by semi-parametric additive
modeling.

2.1 Spline Smoothing
Let ysgi represent the measurement of cadmium concentration
on the ith oyster sampled at the gth time point from site s, s
= 1, . . . , N , g = 1, . . . , G, i = 1, . . . , nsg , where nsg denotes
the number of oysters sampled from site s at time g. Let xs(t)
denote the mean cadmium concentration curve for each site,
which is represented as a linear combination of basis functions

xs (t) =
b+d+1∑
k=1

csk φk (t) = φ(t)T cs , (1)

where cs is the vector of B-spline coefficients csk , k = 1, . . . ,
K , corresponding to the kth spline effect at site s, φ(t) is the
vector of cubic B-spline basis function φk (t), b is the number of
break-points or knots, and d is the degree of the polynomial
within each segment—cubic splines (d = 3) are often used.
There are many equivalent bases for the spline space but the
most popular is the so-called B-spline basis due to its numer-
ical stability and computational efficiency (de Boor, 1978).
To implement spline smoothing, the basis coefficient vector
cs needs to be estimated, for example, using least squares.
The fitted curve is determined by the number and location
of the knots. Ramsay (1988) and Zhou and Shen (2001) dis-
cuss how to choose the number and location of the knots. The
drawback of the dependence of splines on suitable knot place-
ment has been discussed in the literature (Hastie, Tibshirani,
and Friedman, 2001; Durban et al., 2005). Our study uses the

penalized fitting strategy to alleviate the importance of knot
locations (Wood, 2000) by putting one knot at each distinct
time point with measurements, and a roughness penalty term
is used to control the smoothness of the fitted function. This
eliminates the need to choose knot locations and makes esti-
mated curves more stable at the cost of some increase in bias.
The basis coefficient vector cs is estimated by minimizing the
penalized sum of squared error (PENSSE) loss function,

PENSSE(cs ) =
G∑

g =1

n s g∑
i=1

{ysgi − xs (tg )}2

+ λs

∫ tG

t1

{
d2

dt2 xs (t)

}2

dt, (2)

where tg represent the actual time at the gth time point. The
second term penalizes the roughness of the fitted function.
The smoothing parameter λs for site s determines the trade-
off between the fit of the data and the smoothness of the fit-
ted function. Ramsay and Dalzell (1991) suggest λs can often
be chosen by inspection of the curve smoothness or through
an automated procedure such as generalized cross-validation
(GCV; Craven and Wahba, 1979).

Taking the derivative of (2) with respect to the parameter
vector cs and solving for cs yields

ĉs =

[
G∑

g =1

nsg

{
φ(tg )φ(tg )T

}
+ λs

∫ tG

t1

d2

dt2 φ(t)
d2

dt2 φ(t)T dt

]−1

×
{

G∑
g =1

n s g∑
i=1

ysg iφ(tg )

}
.

The estimate for the smooth function is then

x̂s (t) = φ(t)T ĉs . (3)

2.2 Monotone Spline Smoothing
In principle, the average oyster length should not decrease
over time, even when the noise inherent to any data set may
suggest otherwise. To account for this, we employ a mono-
tone smoothing technique (Ramsay, 1988) to model oyster
length over time. A strictly monotone smooth function has a
strictly positive first derivative. Let ls(t) represent the aver-
age oyster length function at site s. The growth rate dls(t)/dt
must be positive, so it is expressed as the exponential of an
unconstrained function Ws(t): dls(t)/dt = exp [Ws(t)]. By in-
tegrating both sides of this equation, ls(t) can be written as

ls (t) = βs0 +
∫ t

t1

eW s (u )du .

By using this representation, Ws(u) can be flexibly esti-
mated as a linear combination of basis functions, Ws (u) =∑

k
csk φk (u), defined similarly to (1). Here, we need to esti-

mate βs0 and cs1, . . ., csK . We estimate these parameters by
minimizing,
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PENSSE(βs0, cs1, . . . , csK )

=
G∑

g =1

n s g∑
i=1

{
�sg i − βs0 −

∫ t i

t1

eW s (t)dt

}2

+ λs

∫ tG

t1

{
d2Ws (t)

dt2

}2

dt ,

where �sgi represent the length for the ith oyster sampled from
site s at the gth time point. In this situation, we cannot obtain
closed forms for the estimates of βs0 and the spline coefficients
cs1, . . ., csK . The Newton–Raphson iteration method is used
to obtain the coefficient estimates. It is easily implemented
and converges quickly. To avoid converging to local minima,
one can try different starting values for basis coefficients.

2.3 Functional Principal Component Analysis
Here we outline the statistical methodology of FPCA, which
we use in the following section to examine the oyster data set.
FPCA is a multivariate technique that can partition variabil-
ity among the measurements into components of decreasing
“importance.” In this application, we treat the distribution
of mean curves for the cadmium concentration, defined in
(3) as the “response.” We subtract the mean curve x̄(t) =∑N

s=1 x̂s (t)/N from each curve and use ẑs (t) = x̂s (t) − x̄(t),
to implement FPCA, as our interest is primarily in character-
izing the deviations of the x̂s (t) from the average curve. The
first functional principal component weight function ξ1(t) is
estimated by maximizing sum of squared functional principal
component (FPC) scores

∑
s
f 2

s1, where

fs1 =
∫ tG

t1

ξ1(t)ẑs (t) dt, s = 1, . . . , N ,

subject to

‖ξ1‖2 =
∫ tG

t1

ξ2
1(t) dt = 1. (4)

The second functional principal component weight function
ξ2(t) is estimated by maximizing sum squared FPC scores,
subject to the constraint ‖ξ2‖2 = 1 and the additional con-
straint ∫ tG

t1

ξ1(t)ξ2(t) dt = 0. (5)

Other functional principal component weight functions can
be estimated in the same way.

Searching for the mutually orthonormal and normalized
weight functions is equivalent to the problem of eigenanal-
ysis of the variance–covariance function or operator, defined
by

v(t, t′) = N−1
N∑

s=1

ẑs (t)ẑs (t′),

then any eigenfunction ξp(t), p = 1, . . ., P , satisfies the func-
tional eigenequation∫ tG

t1

v(t, t′)ξp (t′)dt′ = ρp ξp (t),

for an appropriate eigenvalue ρp . The proportion of each
eigenfunction ξp(t) taking account of total variation among
N curves is calculated as ρp /

∑P

p=1 ρp . In practice, the first

PL eigenfunctions are chosen such that
∑PL

p=1 ρp /
∑P

p=1 ρp is
greater than some threshold, because they account for most
of the total variation. The first two components in the oys-
ter data set accounted for much of the variation, providing
enough information regarding the principal sources of varia-
tion between mean concentration curves.

To control the smoothness of eigenfunctions, Ramsay and
Silverman (2005) introduce a smoothed PCA approach. The
first eigenfunction ξ1(t) is estimated by maximizing the pe-
nalized sample variance

PCAPSV(ξ(t)) =
var

∫ tG

t1
ξ(t)ẑs (t) dt

‖ξ1‖2 + λ
∫ tG

t1

{
d2ξ(t)
dt2

}2 dt,

subject to ‖ξ1‖2 = 1 . The smoothing parameter λ controls the
trade-off between the maximization of the sample variance
and the roughness of the first eigenfunction. Each subsequent
eigenfunction, ξj (t), j = 2, 3, . . . , is estimated by maximizing
the penalized variance PCAPSV (ξ(t)) subject to two con-
straints ‖ξj ‖2 = 1 and the modified form of orthogonality∫ tG

t1

ξj (t)ξk (t) dt +
∫ tG

t1

{
d2ξj (t)

dt2

}{
d2ξk (t)

dt2

}
dt = 0 for

k = 1, . . . , j − 1.

Ramsay and Silverman (2005) explain in detail how to find
these eigenfunctions by solving a single eigenvalue problem in
Section 9.4 of their book. Silverman (1996) shows the theo-
retical advantages of this approach.

2.4 Semi-Parametric Additive Model
Oyster cadmium concentration trends for the sampling sites
can be explained by variables such as the depth, region, oys-
ter length, and oyster growth rate. A semi-parametric addi-
tive model is proposed to investigate which regions tend to
have greater cadmium concentrations, and which sizes of oys-
ters tend to have high concentrations within any region, after
adjusting for depth and growth rate effects.

Let ysgi denote the measurement of cadmium concentration
on the ith oyster sampled at the gth time point from site s,
s = 1, . . . , N , g = 1, . . . , G, i = 1, . . . , nsg , where nsg de-
notes the number of oysters sampled from site s at time g. We
investigate the semi-parametric additive model:

M1 : log(ysg i ) = α + s0(tg ) + s1(lsi (tg )) + s2(rsi (tg ))

+ βd I(depthsi = 7m)

+
H∑

h=1

βh I(regionsi = h) + εsi (tg ),

where α represents the overall mean, tg is the actual time at
the gth time point, the nonparametric smooth function s0(·)
represents the overall mean trend. The growth rate rsi (t) is
estimated as the first derivative of the monotone smoothing
spline estimator of oyster lengths lsi (t), s1(·) and s2(·) are
nonparametric smooth functions of observed oyster length
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and estimated oyster growth rate, respectively. Here s0(·),
s1(·) and s2(·) are not constrained to be of any pre-specified
parametric form. Instead, we model these terms as linear com-
binations of cubic B-splines: sk (·) =

∑pk

j=1 ck j φk j (·), k = 0, 1
and 2, where ckj are coefficients of the smooth. The linear
coefficients, βd and βh , are discrete effects for the depth and
region in our study where the effects of being at the depth
1 m and region BS are set as baseline as these are set to be
the reference levels for these factor variables. We use εsi (t)
to denote independent errors with mean zero and common
variance.

To avoid overfitting, M 1 is estimated by penalized maxi-
mum likelihood estimation (Hastie and Tibshirani, 1990). The
semi-parametric additive model is estimated by minimizing
the PENSSE loss function:

PENSSE =
∑
s ,i ,g

[
log(ysg i ) −

{
α + s0(tg ) + s1(lsi (tg ))

+ s2(rsi (tg )) + βd I(depthsi = 7m)

+
H∑

h=1

βh I(regionsi = h)

}]2

+ λ0

∫ {
d2s0(t)

dt2

}2

dt + λ1

∫ {
d2s1(l)

dl2

}2

dl

+ λ2

∫ {
d2s2(r)

dr2

}2

dr ,

where the smoothing parameters λ0, λ1, λ2, determine the
amount of smoothing for each of the smooth terms. The
smoothing parameters are estimated with a computationally
efficient method by applying GCV in generalized ridge regres-
sion problems (Wood, 2004). The above model is fitted using
an R package mgcv (Wood, 2004).

Note that although oyster growth rate is estimated as the
first derivative of the monotone smoothing spline estimator
of the oyster length, it has little correlation with the oyster
length as correlation coefficient equals to −0.17 (scatter plot is
shown in Web Figure S4). It is not rare for the first derivative
of a variable to be independent from that variable itself. For
example, although the velocity of a moving car is the first
derivative of the position function, the velocity is independent
from the position of the car.

Bendell and Feng (2009) estimate linear effects of oyster
growth rate and oyster length and effects of depth and region
using a standard multiple linear regression model

M2 : log(ysg i ) = α + βl lsi (tg ) + βr rsi (tg ) + βd I(depthsi = 7m)

+
H∑

h=1

βh I(regionsi = h) + εsi (tg )

where β l and βr are linear coefficients for oyster length and
oyster growth rate, respectively.

To compare the two models, we employ the Akaike informa-
tion criterion (AIC; Akaike, 1974), which penalizes the com-
plexity of the model for using a large number of parameters.
The standard multiple linear regression model M 2 is less com-
plex than the semi-parametric additive model M 1 and easier

to interpret. However, M 1 is appealing in terms of flexibility
in the trends for the covariate effects and avoids restricting
the trend to a linear form.

3. Results
3.1 Data Representation
In this subsection, all plots are provided in the Web Appendix
to save space. Web Figure S1 displays smoothed functions
of average oyster cadmium concentrations over time by pe-
nalized spline smoothing at each of the experimental sites.
During the initial sampling time in winter 2002 and 2003,
the oysters appear to exhibit high cadmium concentrations,
which decrease over the summer of 2003, and subsequently
increase towards winter 2003, though the patterns vary from
site to site. Also, the oyster cadmium concentrations tend to
be higher for oysters sampled from 7 m depth than those sam-
pled at 1 m.

The curves for the average oyster length are estimated us-
ing monotone spline smoothing, as the average oyster length
should not decrease over time. As an illustration, Figure 2
displays the fitted curves of the lengths and growth rates for
oysters sampled from site WI at 1 m and 7 m, respectively.
The fitted curves for all the experimental sites are displayed
in Web Figures S2 and S3. Web Figure S2 shows that the oys-
ters sampled at 7 m tend to be smaller than those sampled
at 1 m possibly due to food availability at different depths.
Web Figure S3 shows that the trends and variations of the
growth rate are not aligned across the sites. Note that the es-
timated growth rate at the first measurement time from site
PN at 1 m is beyond 15, and it is much higher than the other
estimated growth rates, which are approximately less than 8.
This may be caused by the boundary effect of spline smooth-
ing, which often yields unreliable estimates at the boundaries.
Therefore, this extreme estimate is removed when exploring
the effect of growth rate on cadmium concentration in the
semi-parametric additive model M1 and the multiple linear
regression model M2.

3.2 Spatial Variability
To visualize FPCA results, we examine plots of the overall
mean function and the functions obtained by adding and sub-
tracting a suitable multiple of the eigenfunctions (Silverman,
1995). The multiple is κ

√
ρp , where κ represents a correcting

factor to adjust the magnitude of the effect of ξp(t) with re-
spect to the square root of the eigenvalue ρp . The correcting
factor κ can be set to be any value subjectively to adjust the
magnitude of the effect of the eigenfunction ξp(t) with respect
to the square root of the eigenvalue ρp . Here, we choose κ =
0.2 subjectively to produce a clear visual impression of the
effect of principal components on the overall mean function.

Figure 3 displays the overall mean curve and the effect of
adding (+) and subtracting (−) a multiple of each of the first
two weighting functions for 1 m and 7 m, respectively. The
first FPC displayed in the upper left panel of Figure 3 ac-
counts for about 89% of the variation of the average cadmium
concentration for the oysters sampled at 1 m among the thir-
teen experimental sites. The effect of the first eigenfunction
is approximately to add or subtract a constant to cadmium
concentration throughout the time period. This indicates that
about 89% of variability between sites is accounted for by
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Figure 2. The left panel shows the monotone spline smoothing curves of oyster lengths for oysters sampled from site WI at
1 m (solid curves) and 7 m (dashed curves), respectively. The circles and triangles are the measured oyster lengths sampled at
1 m and 7 m depth, respectively. The right panel shows the estimated growth rates for the oysters sampled from site WI at 1
m (solid curves) and 7 m (dashed curves), respectively. The growth rates are estimated as the first derivatives of the monotone
smoothing functions of the oyster lengths. The labels above the x-axis represent the seasons, ranging from winter 2002 (W2)
to winter 2003 (W3). The labels below the x-axis represent the months, ranging from December 2002 (D2) to February 2004
(F4).

the average cadmium concentration differences. The second
eigenfunction explains about 10% of the variation after ac-
counting for the variability of the first eigenfunction, indicat-
ing that about 10% of the variation among sites is the change
of cadmium concentration from winter 2002 and winter 2003.
Similar patterns are observed for the variation of the cadmium
concentration for the oysters sampled at 7 m, except that the
second eigenfunction represents the change of cadmium con-
centration after August 2003.

One of the important features of FPCA is the ability to ex-
amine the scores of each curve on each eigenfunction (Ramsay
and Dalzell, 1996; Ramsay and Silverman, 2002). The bottom
two panels in Figure 4 displays the first FPC score against the
second FPC score for 1 m and 7 m, respectively. There ap-
pears to be some regional groupings, although there is some
overlap between Barkley Sound, Nootka Sound, and Quatsino
Sound. One referee suggests to use a hierarchical clustering
tree for group classification by considering the n × 2 matrix
with row entries taken as the principal component scores as-
sociated with eigenvalues ρ1 and ρ2. The top two panels in
Figure 4 show the clustering tree for the samples at 1 m and
7 m, respectively. For samples at 1 m, three groups are ob-
tained by cutting the tree at height 25: group 1=TB, OB,
GH and TC, which score highly on the first PC; group 2=
RB, TA, JF, BM and WI, which score moderately on the
first PC; group 3=PC, HC, PN and KI, which score low on
the first PC. For samples at 7 m, three groups are obtained
by cutting the tree at height 25: group 1=OB, WI, TA and
TC, which score highly on the first PC; group 2= GH, TB,
BM and JF, which score moderately on the first PC; group
3=PN, KI, PC, RB and HC, which score low on the first PC.
Therefore, cadmium concentrations for the oysters sampled
from those inland sites may have higher cadmium concentra-

tion on average than the coastal sites at 1 m depth. In fact,
the form of the groups is completely guided by the first prin-
cipal component coordinates because this first axis accounts
for about 90% of the entire variability. This axis can then
serve as a pollution index because it sorts the observations by
mean cadmium concentration. Similar grouping patterns are
also found for the oysters sampled at 7 m depth, except for
site WI, exhibiting high cadmium concentration on average.
It is interesting to note that the oysters sampled from WI are
more influenced by oceanic processes rather than direct an-
thropogenic influences. Possible sources at this one site could
also be related to forestry practices within this region, e.g.,
forest canopy removal with resulting erosion of soils naturally
high in cadmium. Cadmium contaminated fertilizer applied
during reforestation could also contribute to observed oyster
cadmium concentrations at this site.

3.3 The Semi-Parametric Additive Model
The semi-parametric additive model M 1 and the standard
multiple linear regression model M 2 are compared in terms of
AIC. The AIC is 856.68 for M 1 and 936.41 for M 2. A model
with a lower AIC score is preferred as it achieves a more opti-
mal combination of fit and parsimony. As a result, AIC favors
M 1 over M 2. In comparison to M 2, M 1 used nonparametric
functions of length and growth rate to explain the variation
left after accounting for the effects of depth and region.

Figure 5 displays the estimated model terms with 95% con-
fidence intervals. The top left panel shows that the oyster
cadmium concentration averaged over thirteen sites has the
lowest value in summer 2003 and relatively higher values in
winter 2002 and 2003. A longer series of data would be needed
to test if this pattern is consistent over years. The other two
top panels show that the oyster length and growth rate tend to
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Figure 3. The top two panels and the bottom two panels display the mean oyster cadmium concentration curve and the
effects of adding (+) and subtracting (−) a small multiple of each eigenfunctions for oysters sampled at 1 m and 7 m depth,
respectively. The percentages indicate the amount of total spatial variation accounted by functional principal components.
The labels of the x-axis represent the months, ranging from December 2002 (D2) to February 2004 (F4).

have nonlinear relationships with oyster cadmium concentra-
tion. The average cadmium concentration decreases with the
oyster length, indicating that smaller oysters have higher cad-
mium concentration than their longer counterparts. The third
panel shows that the partial growth rate effect appears to de-
crease with the growth rate up to about 2.5 mm per month
and then becomes statistically nonsignificant. Note that the
confidence interval for the partial effect of growth rate gets
wider as growth rate gets larger, as there are fewer oysters
with higher values of growth rate.

Figure 5 also displays the comparison for oyster cadmium
concentrations between 1 m and 7 m and among all the regions
after adjusting for the smooth terms of length and growth rate
effects in model M 1. On average, oyster cadmium concentra-
tions are higher for the oysters sampled at 7 m than those
from 1 m and higher for those from region DS than those
from the other regions with regions BS and QS having signif-
icantly lower oyster cadmium concentrations than the other
locations, confirming the results of functional PCA.

The results in Table 1 for model M 1 indicate that the func-
tional effects of oyster length and growth rate on the cadmium
concentration are significant and the average oyster cadmium
concentration at a lower depth of 7 m is significantly higher
than that at depth of 1 m by about 0.23 μg Cd/g. Also, the
average oyster cadmium concentration in oysters from region
DS is significantly higher than the other regions by about 0.47
μg Cd/g. It is worthwhile noting that the model terms that
are common to both models have remarkably similar coeffi-
cients, since depth and region are independent from oyster
length and oyster growth rate. To be more precise, the non-
parametric functions of length and growth rate explain the
remaining variation of cadmium concentration conditional on
the depth and region variables.

4. Concluding Remarks
In this article, we investigate the nature of the spatial
and temporal distributions of oyster cadmium concentra-
tion within the regions of our study. We illustrate some
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Figure 4. The upper two panels show the hierarchical clustering trees for the n × 2 matrix with row entries taken as the
principal component scores associated to eigenvalues ρ1 and ρ2 for 1 m and 7 m depth, respectively. The bottom two panels
show the first two functional principal component scores at 1 m and 7 m depth, respectively. The location of each site is
shown by the two-letter abbreviation of its name with the number in the bracket indicating which region the site is from. The
sites from Barkley Sound are symbolized as the solid squares; the site from Nootka Sound is symbolized as the solid triangle;
the sites from Desolation Sound are symbolized as the solid circles; and the site from Quatsino Sound is symbolized as the
square with triangle inside. The convex hulls are added to the clusters with the cluster centroid symbolized as the open circle
for each of the clusters, provided the trees are cut at height 25.

statistical methodologies to provide a route for statisti-
cal analysis directed at enhancing biological insight. Those
methodologies can readily be applied to a wide variety of ma-
rine ecological data characterized by being irregularly spaced
and noisy, while allowing spatial clustering and potentially
interesting and important factors to be identified.

To handle missing and irregularly spaced temporal mea-
surements, we have investigated the use of penalized spline
smoothing technique to estimate the mean curve of oyster
cadmium concentration. We also adopt the monotone spline
smoothing method to impose nondecreasing constraints on
oyster length curve estimation. Oyster growth rate is charac-
terized as the first derivative of the estimated curve for oys-
ter length. To the best of our knowledge, few attempts have
been made so far in the marine ecological literature to impose
shape restrictions on the growth curve. The prime advantage
of using these spline techniques is to relax the parametric as-
sumption on the curve shapes commonly seen in ecological
and biological literature.

The functional PCA technique is investigated to identify
the spatial variation of the average oyster cadmium concen-
tration over the experimental sites, which provides a good
indication of which sites are similar and might assist fu-

ture allocation of sampling efforts. There appears to be some
regional grouping, although there is some overlap between
Barkley Sound, Nootka Sound, and Quatsino Sound. Pos-
sible cadmium sources (Kruzynski, 2000, 2004) from differ-
ent regions are quite different, though. For the oysters sam-
pled from sites located in Desolation Sound, given their close
proximity to terrestrial influences, possible cadmium sources
could include cadmium contaminated phosphate fertilizers
and local septic tanks. Therefore, the spatial clustering pat-
tern suggests an upland continental source versus a marine
source in the coastal area. The oysters sampled from Web-
ster Island, however, are more influenced by oceanic pro-
cesses rather than direct anthropogenic influences. Possible
cadmium sources at this site may also be related to forestry
practices within this region, e.g., forest canopy removal with
resulting erosion of soils naturally high in cadmium. Cadmium
contaminated fertilizer applied during reforestation may also
contribute to observed oyster cadmium concentrations at
this site. Further investigation with more sampling sites and
longer time duration of experiments are needed to test our
hypothesis.

In this study, we have seen that the semi-parametric ad-
ditive model ensures a better fit than the standard multiple
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Figure 5. The estimated partial effects of covariates on cadmium concentration in oysters in model M 1. The top left panel
displays the estimated partial effect over months s0(t); the top middle panel displays the estimated partial effect of oyster
length s1(lsi (t)); and the top right panel displays the estimated partial effect of oyster growth rate s2(rsi (t)). The x-axis tick
labels in the top left panel represent the months ranging from December 2002 (D2) to February 2004 (F4). The growth rate
is calculated as the first derivative of the monotone smoothing curve for the oyster length. The bottom two panels show the
estimated partial effects for each level of depth and region, respectively. The effects of being at the depth 1 m and region
BS are set as baseline due to the default contrasts having been used. In all the panels, the dashed lines indicate the 95%
confidence intervals for the partial effects.

linear regression model. More importantly, it has the ability
to examine the nonlinear relationships between the cadmium
concentration and a set of covariates when there is no prior
knowledge that these relationships should be linear. The non-
parametric term of the overall mean trend for oyster cad-
mium concentrations in the model implies that oysters may
have greater cadmium concentration during the colder winter
months than the warmer summer months. This may be due to
phytoplankton blooms in early spring. However, a longer time
series of data is needed to verify this hypothesis properly.

Our model also reveals that oyster cadmium concentrations
are significantly different at two depths on average, being no-
tably higher at a depth of 7 m. This is possibly due to the
dilution with oysters at 1 meter being heavier than those at
7 m, therefore, the amount of metal to tissue is greater at
7 m than at 1 m, even though the amount of metal is the same.

Therefore, it may be advisable for shellfish farmers to avoid
harvesting oysters at lower depths. The model also shows that
oyster cadmium concentration decreases as oyster length in-
creases, which may be attributed to the fact that oyster has
grown more tissue relative to the amount of metal accumu-
lated.

If the interest is to investigate the influence of environmen-
tal factors (i.e., temperature, salinity, turbidity, chlorophyll)
to rates at which organisms assimilate and utilize energy
for maintenance, growth, and reproduction, we may consider
models that describe processes involved in the oyster growth
such as those constructed with the dynamic budget energy
theory (Bourles, Alunno-Bruscia, and Pouvreau, 2009). Such
models are based on ecophysiological modeling that details
the physiological processes and energetics of an organism in
response to environmental fluctuations.
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Table 1
Results for the semi-parametric additive model (M1) and

standard linear regression model (M2). The effects of being at
the depth 1 m and region BS are set as baseline due to the

default contrasts having been used. Note “edf” represents the
effective degrees of freedom of the functional parameters.

Semi-parametric additive model (M 1)

Estimate SE p-value

Parametric coefficients:
(Intercept) 2.01 0.03 <0.001
Depth 7 m 0.23 0.03 <0.001
Region DS 0.48 0.03 <0.001
Region NS 0.24 0.06 <0.001
Region QS −0.16 0.06 0.01
Approximate significance of smooth terms:

edf p-value

s0(t) 3.59 <0.001
s1(Length) 1.56 <0.001
s2(Growth rate) 3.36 0.008

Standard linear regression model (M 2)

Estimate SE p-value

(Intercept) 2.37 0.07 <0.001
Length −0.003 0.01 <0.001
Growth rate −0.017 0.001 0.10
Depth 7 m 0.25 0.03 <0.001
Region DS 0.47 0.03 <0.001
Region NS 0.23 0.06 <0.001
Region QS −0.17 0.06 0.01

5. Supplementary Materials
Web Appendices and Figures referenced in Sections 2.4 and
3.1 are available under the Paper Information link at the Bio-
metrics website http://www.biometrics.tibs.org. The sta-
tistical methods used in this article are implemented using
the fda package and mgcv package in R (R Development Core
Team, 2010). The R code is provided in the supplementary
file.
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